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Abstract: The soil microbiome determines the fate of plant-fixed carbon. The shifts in
soil properties caused by land use change leads to modifications in microbiome
function, resulting in either loss or gain of soil organic carbon (SOC). Soil pH is the
primary factor regulating microbiome characteristics leading to distinct pathways of
microbial carbon cycling, but the underlying mechanisms remain understudied. Here,
the taxa-trait relationships behind the variable fate of SOC were investigated using
metaproteomics, metabarcoding and a **C labelled litter decomposition experiment
across two temperate sites with differing soil pH each with a paired land use intensity
contrast. '3C incorporation into microbial biomass increased with land use
intensification in low pH soil but decreased in high pH soil, with potential impact on
carbon use efficiency (CUE) in opposing directions. Reduction in biosynthesis traits
was due to increased abundance of proteins linked to resource acquisition and stress
tolerance. These trait trade-offs were underpinned by land use intensification-induced
changes in dominant taxa with distinct traits. We observed divergent pH-controlled
pathways of SOC cycling. In low-pH soil, land use intensification alleviates microbial
abiotic stress resulting in increased biomass production but promotes decomposition
and SOC loss. In contrast, in high-pH soil, land use intensification increases microbial
physiological constraints and decreases biomass production, leading to reduced
necromass build-up and SOC stabilisation. We demonstrate how microbial biomass
production and respiration dynamics and therefore CUE can be decoupled from SOC
highlighting the need for its careful consideration in managing SOC storage for soil
health and climate change mitigation.

Keywords: soil microbiome; carbon™ cycling; land use intensity; soil pH;
metaproteomics; metabarcoding;<soil organic carbon; 13C labelling; carbon use
efficiency; soil health
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Introduction:

Soils are under pressure to deliver multiple ecosystem services, especially food
production. This has led to the expansion of agriculture into pristine environments and
increased land use intensification. There is a growing recognition that the intensive
use of soils is detrimental to soil health, changing soils' inherent biodiversity and
risking the services that they provide [1, 2]. The world’s soils have historically lost 133
Pg of carbon due to land use intensification [3]. However, degraded soils low in organic
matter also represent an opportunity to adopt regenerative management promoting
soil carbon storage that may help mitigate this issue [1, 4, 5]. To better achieve this
aim, it is vital to understand the role of soil microbes in carbon cycling, as the
microbiome plays an important role in soil-atmosphere carbon exchange by
determining the fate of carbon in soils [6].

A new paradigm recognises the direct, significant contribution ~of”microbes in
transforming photosynthetically derived carbon into soil organic”carbon [7], by
stabilising dead microbial biomass (necromass) onto mineral“surfaces to enable
persistent, long-term carbon storage [8]. Microbial CUE-is a vital ecosystem trait that
determines soils’ ability to accumulate carbon [9] and.is measured as the incorporation
of organic carbon from the environment into migrobial biomass through growth [10,
11]. A higher microbial CUE implies more efficient biomass production and a lower
respiratory loss [12]. Increased growth and turnover of microbes results in a bigger
necromass pool. Biomass turnover can be,caused by a variety of process such as
microbivory, predation, natural cell death and viral lysis. Necromass that is stabilised
on association with mineral surfaces can.form persistent SOC thereby promoting soil
carbon storage [13]. As microbes become more efficient in using carbon, higher
carbon storage is observed in soils, a pattern that has been demonstrated at the global
scale using meta-analysis and modelling approaches [14]. Increased microbial CUE
therefore offers the petential to increase the necromass pool for stabilisation in the
mineral-associated organic’ matter resulting in potential long term SOC storage.

Microbiome diversity and function are responsive to environmental gradients [15-17]
and microbial biomass is generally greatest under lower intensity land use [18, 19].
Given the degraded state of many of the world’s agricultural soils that have lost SOC,
croplands represent a habitat where carbon storage could be promoted through
microbiome-mediated processes [20]. Therefore, it is crucial to understand how land
use intensification impacts key microbial traits such as CUE [21-23]. This knowledge
would enable us to better manage degraded grassland soils to enhance microbial CUE
and promote SOC stabilisation, providing many benefits for soil health, soll
biodiversity, and climate change mitigation [4, 24, 25].

A positive relationship between microbial biomass and SOC concentration has been
observed across 21 paired land use contrasts in the UK [26]. However, land use
intensification effects on community-level CUE were complex and were Dbetter
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explained through interactions of multiple soil properties. Of these, soil pH was
identified as the dominant factor, as converting grasslands to cropland tends to
increase soil pH and microbes are sensitive to pH [26]. Soil pH has been previously
found to be the main factor influencing soil microbial diversity [27, 28]. The UK-wide
study suggested two distinct, pH-dependent mechanisms of soil carbon accumulation
[26]. Acid, wet and anoxic conditions limit microbial growth and decomposition [26],
accumulating part-decomposed plant material at the soil surface resulting in high SOC
in upper soil horizons [29]. In contrast, well-drained neutral to alkaline pH soils provide
conditions more conducive to microbial growth, promoting necromass generation‘for
stabilisation as SOC [26]. Thus, soil pH can be used as a proxy to study the divergent
effect of land use intensification on soil microbiomes and carbon cycling.

The trait-based life history strategies of the resident microbiome ean, explain the
divergent mechanisms of microbial SOC accumulation. A life history-framework has
been proposed for microbes classifying them into three main strategies:*high yield (Y),
resource acquisition (A) and stress tolerance (S) with multiple underlying traits [30].
These traits correlate due to physiological or evolutionary trade-offs, influenced by the
environmental conditions such as resource availabilitytand abiotic stress [26, 30]. In
low resource environments, typical of high land use intensity-soils (e.g. arable systems
where plant biomass inputs to soil tend to be low), traits that enable microbial survival
and activity include investment into the production of extracellular enzymes for
resource acquisition pathways [30, 31]. In temperate soils under conversion from
grassland to cropland, microbes are exposed to'increased frequency of drought stress
as tillage leads to soil aggregate disruption and lower water holding capacity [32].
Investment in stress tolerance in high land use intensity soils can often be observed
with chaperone proteins such™as Chaperonin GroEl, that prevent stress-induced
misfolding of proteins [26]. These increased cellular investments into stress alleviation
and resource acquisition trade off with microbial growth yield due to the diversion of
resources from growth and biosynthesis. The reduced biomass (and subsequent
necromass pool) and the increased respiratory loss reflect lower potential SOC
accumulation rates. [26, 30]. Furthermore, under intense abiotic stress, such as
drought, microbes might also shift to a dormancy state, reducing microbial CUE [33,
34].

While.-microbial community-level traits such as CUE have been linked to ecosystem
measures such as changes in SOC, identifying taxonomic groups contributing to
higher CUE is challenging. Previous studies have aimed to do this, by assigning
microbial taxa to trophic groups or life history strategies such as the copiotroph-
oligotroph dichotomy [35, 36]. It was observed that copiotrophs invest in a competitive
strategy and have a high maintenance respiration, which reduces their CUE. In
contrast, oligotrophs maintain growth over respiration in low quality resource
environments, thereby increasing their CUE [36, 37]. However, the copiotroph-
oligotroph dichotomy does not exist at broader levels of taxonomic linages [38].
Therefore, linking a comprehensive set of traits (such as those for Y-A-S life history
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strategies) to taxonomic identity is essential to better understand how organismal
physiology influences ecosystem-level processes.

This study investigated the microbial community response to land use intensification
by comparing local over-the-fence land use contrasts in two temperate sites of low
and high soil pH. Comparing adjacent land use intensity treatments allowed us to study
the effect of land use intensification while the climate and parent material remained
constant. The aim was to understand how taxonomic and trait shifts with land use
intensification impact soil carbon cycling. Our current understanding of the microbial
traits underpinning SOC stabilisation processes is mainly obtained through analysing
a community response, often using an emergent trait such as CUE. In addition to this
approach, we aimed to identify how changes in the abundance of dominant microbial
taxa caused by land use intensification led to shifts in key microbial traits, emergent
ecosystem CUE [9], and SOC decomposition and stabilisationrates [26]. We
hypothesise that increased land use intensification impacts soil properties, with a shift
in the microbial community from high growth yield taxa toresource acquiring and
stress tolerant taxa, resulting in lower CUE and “SOC*stabilisation. Using
metaproteomics and metabarcoding, we identified thesdominant taxonomic groups
with different Y-A-S traits and related them to ecosystem CUE estimates. Therefore,
this study demonstrates how land use intensification ‘selects microbial communities
with variable organismal traits impacting soil carbon cycling.

Materials and Methods:
Site description

To understand how microbial taxonomy and traits influence soil carbon dynamics in
soils of differing land-use intensity, we chose two sites with contrasting pH that were
previously studied as'part-of a landscape scale survey [26]. Each site had two locally
adjacent over-the-fence land use contrasts of low and high land use intensity. Low pH
site in Kirkton,wPerthshire, UK: At this site, the low land use intensity treatment
consisted of historically undisturbed soils (pH 5.2) representative of wet acid upland
podzols with high SOC in the upper horizons. It was a poor semi-improved grassland
with no history of cultivation and was grazed. The contrasting high land use intensity
treatment consisted of soils improved to support agricultural activities by drainage and
liming, this raised soil pH to 6.4. It was fertilised and supported a re-seeded grassland
and winter wheat rotation. High pH site in Parsonage Down, Wiltshire, UK: At this site,
the low land use intensity treatment consisted of undisturbed soils that have not been
ploughed in the last 100 years (pH 7.7) and supported an herb-rich plant community
that was grazed. The contrasting high land use intensity treatment was cultivated as
an arable cropland for cereal production, with a soil pH of 8 (Table 1). Pairwise t-tests
were performed to ascertain the effect on land use intensity on soil properties.
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Experimental design

Each site consisted of two land use intensity treatments resulting in four site-land use
combinations. For each of these, three spatially dispersed soil cores (5 cm diameter,
15 cm deep) were sampled along a transect with 25 m between each core. Sampling
was performed in February-March 2016. Soil samples were preserved at 4°C following
removal of vegetation and homogenisation by sieving (< 4mm). Mesocosms were
established in Petri dish plates containing 10 g (dry weight equivalent) soil, maintained
at field moisture gravimetrically and incubated at 21°C for 7 days. After this time, 3'mg
13C-labeled Chenopodium sp. leaf litter was mixed thoroughly with the soil in each
mesocosm (n=3). As the amount of carbon in the added litter was very low (<1%)
relative to the existing soil carbon, the influence of litter addition ©On microbial
community taxonomy and function is considered negligible. The 3C-labeled leaf litter
was produced by growing Chenopodium sp. in a closed chamber, containing
~1 atom% 3C-CO:2 at a concentration of 400 ppm, followed by<drying ‘of leaves and
homogenisation by grinding. Mesocosms were destructively harvested on day O (just
before litter addition) and days 2, 8 and 36 following litter addition. 13C-labelling of the
litter enabled 3C to be traced into separate pools as mierobial biomass and respired
COz2. The labelled substrate was added at a single time, allowing the monitoring of the
microbial channelling of C into biomass productien.and respiration over the incubation
period, and inferring of ecosystem CUE estimates.

Biomass production and respiration

An aliquot (1 g) of the soil collected,at each sampling point was placed in a sealed 10-
ml glass vial with rubber septa-and incubated overnight (for ~16 h) at 21 °C in the dark
to collect respired CO: in the headspace. Concentrations of CO2z and its *3C content
was analysed by gas chromatography isotope ratio mass spectrometer (GC-IRMS,
Delta + XL, Thermo Fisher 'Scientific, Germany) coupled to a PAL autosampler (CTC
Analytics) with general purpose (GP) interface (Thermo Fisher Scientific, Germany).
DNA was extracted.from 0.25 g soil at each sampling point using the PowerSoil-htp
96-well soil DNA iselation kit per manufacturer's instructions (MO BIO Laboratories,
UK) and.its quality was checked by Nanodrop. Total extractable DNA concentration
was also measured using a Qubit fluorometer, providing a proxy for microbial biomass
[26]. $3Ccontent of DNA extracts was analysed by liquid chromatography isotope ratio
mass spectrometer LC-IRMS (HPLC system coupled to a Delta + XP IRMS through
an L€ IsoLink interface; Thermo Fisher Scientific, Germany). This approach enabled
guantification of the proportion of *3C labelled plant litter in total microbial DNA and
respired CO2 during the incubation. While 13C incorporation into DNA was a cumulative
measure over the duration of experimental incubation, our respiration measurements
were only performed for a duration of 16 h at each sampling point. This meant that we
could not calculate ecosystem CUE, therefore we used the ratio of 13C incorporation
into biomass and respiration to infer microbial ecosystem-level CUE. The distribution
of residuals was checked for normality before performing statistical tests. Statistical
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analyses and visualisations in ggplot2 [39] were performed using R software 2023.3.0
[40]. Multi-factorial ANOVA was performed to ascertain the effect of site, land use
intensity and sampling time on *3C in DNA, respired CO:2 and its ratio.

Metabarcoding

DNA was extracted as described above. Amplicon libraries were constructed
according to a dual indexing strategy [41] with each primer consisting of the
appropriate lllumina adapter, 8-nt index sequence, a 10-nt pad sequence, a 2-nt linker
and the amplicon specific primer. For prokaryotes, the V3-V4 16S rRNA" gene
amplicon primers from Kozich et al. [41] were used (5-CCTACGGGAGGCAGCAG-3’
and 5-GCTATTGGAGCTGGAATTAC-3’), for eukaryotes the 18S /TRNA\ gene
amplicon  primers  from Baldwin et al. [42] were~ “used (5-
AACCTGGTTGATCCTGCCAGT-3* and 5-GCTATTGGAGCTGGAATTAC-3).
Amplicons were generated using a high-fidelity DNA polymerase (Q5 Taqg, New
England Biolabs). After an initial denaturation at 95 °C for 2 minutes’'PCR conditions
were: denaturation at 95 °C for 15 seconds; annealing at temperatures 55 °C or 57 °C
(for 16S and 18S reactions respectively); annealing ‘times were 30 seconds with
extension at 72 °C for 30 seconds; cycle numbers were 25 for 16S, and 30 for 18S;
final extensions of 10 minutes at 72 °C were included. Amplicon sizes were determined
using an Agilent 2200 TapeStation system and libraries normalized using SequalPrep
Normalization Plate Kit (Thermo Fisher Scientific) and quantified using Qubit dsDNA
HS kit (Thermo Fisher Scientific). Each amplicon library was sequenced separately on
lllumina MiSeq using V3 600 cycle reagents at concentrations of 8 pM with a 5% PhiX
lllumina control library.

Sequenced paired-end reads were)joined using PEAR [43] as per PIPITS [44], quality
filtered using FASTX tools»(hannonlab.cshl.edu), length filtered with the minimum
length of 300 bp, presence of PhiX and adaptors were checked and removed with
BBTools (jgi.doe.govidata-and- tools/bbtools/), and chimeras were identified and
removed with ¥SEARCH [45] using Greengenes 13 5 [46] and SILVA 132 [47]
databases for 16S ‘and 18S respectively (at 97%). Singletons were removed and the
resulting_sequences were clustered into operational taxonomic units (OTUSs) with
VSEARCH at 97% sequence identity. Representative sequences for each OTU were
taxonomically assigned by RDP Classifier [48] with the bootstrap threshold of 0.8 or
greaterusing the Greengenes 13 5 and SILVA 132 databases (16S and 18S
respectively) as the reference (OTU tables in Supplementary data). Unless stated
otherwise, default parameters were used for the steps listed. Taxonomic groupings of
prokaryotes were presented using the older taxonomic classification to compare with
proteomics-derived taxonomy. Only three major groups of eukaryotes: fungi,
Ciliophora and Cercozoa were analysed. a- diversity (Shannon Weiner diversity index)
and B-diversity indices were calculated on rarefied data (to 14746 reads for 16S, and
12049 reads for 18 S) using the vegan package in R [49] and visualisations were
performed using ggplot2 [39]. B-diversity was assessed by in non-metric
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multidimensional scaling ordinations and running Permutational Multivariate Analysis
of Variance (PERMANOVA) using vegan’s adonis2 function. Multi-factorial ANOVA
was performed to ascertain the effect of site and land use intensity on diversity indices
and the abundance of taxonomic groups of interest.

Metaproteomics

Metaproteomic analysis was performed on soil microbial communities for day 0 and
day 8 samples. Proteins were extracted from 5 g of soil taken from each mesocesm
(with two technical replicates) using the SDS buffer—phenol extraction method,
followed by purification with 1D SDS-PAGE. The resultant product was subjected to
tryptic digestion. Proteolytically cleaved peptides were separated prior towmass
spectrometric analyses by reverse-phase nano HPLC on a nanoe-HPLC system
(Ultimate 3000 RSLC nano system, Thermo Fisher Scientific, San“Jose, CA, USA)
coupled online for analysis with a Q Exactive HF mass spectrometer.(Thermo Fisher
Scientific, San Jose, CA, USA) equipped with a nano electrospray‘ion source (Advion
Triversa Nanomate, Ithaca, NY, USA). Raw data were“searched using Proteome
Discoverer v1.4.1.14 (Thermo Fisher Scientific) againsta.FASTA-formatted database
(Uniprot 05/2016) using the SEQUEST HT algorithm. ‘Additional details on quality
control, database searches, and filtering are described elsewhere [26]. Functional
annotation was performed using KEGG classifier and GhostKoala. Taxonomic origin
was assigned to proteins using Unipept v3:2, enabling us to make function-taxonomy
linkages. Data was normalised relative.to‘total protein abundance and checked for
normalised distribution. Two-factorialFANOVA was performed to ascertain the effect of
site and land use intensity on proteomics<derived functional diversity index. Pairwise
Indicator Species Analysis was performed to identify the protein functions that were
significantly enriched in low- ‘and high-intensity land use treatments at each location
[26]. The abundance of different protein functions that were identified was then
investigated in each taxonomic group of interest and this was plotted using ggplot2 by
combining the geom_tilesand geom_point functions. Pairwise t-test was performed to
ascertain the influence of distinct soil types and land use intensity on the abundance
of protein functiensiassociated with each taxonomic group.

Resultstand discussion
Land-use intensification alters soil physicochemical properties

We compared local over-the-fence land use contrasts in two temperate sites of low
and high soil pH to isolate the effect of land use intensification on soil properties while
the climate and soil parent material remained constant. Land use intensification had
profound effects on soil properties, significantly increasing soil pH at both sites (Table
1). At the low pH Kirkton site, pH increased from 5.2 to 6.4 through liming that is
performed to achieve the optimum soil pH range for crop plant nutrient availability [50].

8

$20Z 1890190 S| uo Jasn ABojoipAH g ABoj0oT Jo) anuad MN Aq G805 18/2/91 L8eA/008WSI/EE0 0 L /I0P/8]01B-0UBAPE/UNWIWOI8WSI/WOo9 dno olwapese//:sdiy Woll papeojumo(]



Improved drainage and crop cultivation reduced the soil moisture that could reduce
anoxia, further alleviating physiological constraints on the soil microbiome. Thus, the
wider assumption that land use intensification causes aridity and drought stress [51]in
soil microbiomes does not apply to poorly drained acidic soils [26]. Land use
intensification at the tested low pH site resulted in over 80% of the SOC being lost
relative to the unimproved soil (Table 1). Increased decomposition in organic soils
under land use intensification is a key mechanism for SOC loss, as the carbon at these
sites is particularly vulnerable to loss due to a lower proportion of mineral-associated
organic matter or MAOM [4, 34, 52].

Land use intensification only marginally increased soil pH at the high pH Parsonage
Down site — a shift of 0.3 units. These soils are inherently alkaline, and do not require
pH adjustment through liming to support agriculture. Increased land use intensification
at this site reduced soil moisture, possibly increasing the risk of drought'stress in these
well drained sites [53]. The effect of a single ploughing event and ‘conversion to
cropland on previously uncultivated remnant prairie soil [54], comparable to the
calcareous soil in our study, revealed little change in soil"pH; but soil moisture was
negatively impacted due to reduced water infiltration and_sorptivity rates. Therefore,
land use intensification likely creates drought like conditions at our high pH site. Land
use intensification at our high pH site led to a marked SOC decline from 10.4% to 3.8%
(Table 1), confirming that cultivated soils are prone to SOC loss [55]. This suggests
that the observed increased soil pH under1and,use intensification led to reduced soll
moisture availability and SOC loss at both sites’but being most pronounced in low pH
solls.

Land use intensification influences,microbial growth but not respiration

Microbial growth measured. as '3C substrate incorporation into DNA (Fig. 1a),
increased with land use intensification at the low pH site (54% more in the high than
in the low land use intensity soil) and decreased at the high pH site (35% less in the
high than in thedew land use intensity soil). This contrasting effect of land use intensity
at the two siteS'is corroborated by the significant interactive effect of site and land use
intensity _(ANOVA, p<0.001). This result supports our hypothesis that land use
intensification reduces carbon incorporation into microbial biomass, but only at the
high" pHusite where land use intensification reduced soil resource availability and
maoisture. In contrast, land use intensification at low pH alleviated physiological
constraints of acidity, wetness, and anoxia, enabling increased growth. We
hypothesised that land use intensification results in an increase in the decomposition
rate of an added complex resource, measured by an increased *CO2 production.
However, there was no difference in respiratory rate of the 13C labelled substrates in
soils across the land use intensity treatments at both sites (Fig. 1b).

The ratio of 3C in microbial DNA and respired CO2 as an estimate of microbial
ecosystem-level CUE was not statistically significant across land use intensity
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treatments, but the interaction of site and land use intensity treatment was significant
(ANOVA, p<0.001). This pattern suggests that there was a reduction in the inferred
CUE with land use intensification at the high pH site and the opposite at the low pH
site (Fig. 1c). The increased biomass production values over time following labelled
litter addition highlights the long-term persistence of carbon in the microbial biomass
due to substrate recycling in the microbial food web. Such measurements are key to
studying the longer-term effects of microbial processes on soil carbon cycling;
measurements over a longer incubation period (several weeks) enables inferring the
complex interactions within the microbial community and between the microbial
community and its abiotic environment [9]. The reduction in biomass production with
land use intensification at the high pH site translates into lower biomass and
necromass production with a lower SOC stabilisation potential [13, 56], Conversely,
land use intensification alleviated environmental stressors on the soil. microbiome in
low pH soil, promoting microbial growth. Here SOC change .is “decoupled from
microbial production, and other biogeochemical mechanisms might be more important
in controlling the rate of SOC loss or accumulation. It also highlights that current
microbial CUE measurements do not always link to historical“seil carbon changes.
Therefore, future research must consider the balancebetween the biogeochemical
processes of decomposition and stabilisation, including abiotic factors such as organic
matter access, chemistry, and mineral stabilisation, when studying the impact of long-
term land use change on changes in soil carbon storage.

Land use intensification changes mierobial diversity

The functional (inferred from metaproteomics) and taxonomic (inferred from
metabarcoding) composition of‘microbial communities appeared distinct for land use
intensity treatments in the two sites based on the separation of samples in an
ordination (Fig. 2a-c) hut »was only significant for bacterial taxonomic diversity
(PERMANOVA p= 0.04). Functional and eukaryotic taxonomic alpha diversity was not
different across the land use intensity treatments at both sites (Fig. 2d, ANOVA p >
0.05), but bacterial'taxonomic alpha diversity was higher at higher land use intensity
treatment (ANOVA,p < 0.001). The community shifts over time were insignificant,
suggesting'that the small amount of plant litter that was added caused only minor
changes in microbial taxonomy and function; all sampling points were therefore
considered-replicates to study the effect of land use intensification.

Higher bacterial alpha diversity with land use intensification (Fig. 2e) corroborates
previously observed high bacterial diversity in agricultural soils [29, 56], contradicting
the notion that disturbance decreases biodiversity [57]. Several explanations for this
apparent paradox have been proposed, such as agricultural rotations increasing
resource heterogeneity [58] and tillage redistributing plant litter to depth facilitating
access to resources and growth of a diverse range of bacteria [59]. The high diversity
of microbial taxa in agricultural soils could also represent relic DNA from dead
microbes that sticks to soil minerals [60]. In contrast, eukaryotic alpha diversity (Fig.

10

$20Z 1890190 S| uo Jasn ABojoipAH g ABoj0oT Jo) anuad MN Aq G805 18/2/91 L8eA/008WSI/EE0 0 L /I0P/8]01B-0UBAPE/UNWIWOI8WSI/WOo9 dno olwapese//:sdiy Woll papeojumo(]



2f) and the abundance of OTUs representing fungal taxa (Fig. 3j) were unaffected by
land use intensification.

The relative abundance of the 12 most abundant taxa (bacteria, fungi and
microeukaryotes) were differentially affected by the sites and land use intensity. At the
high pH site, low land use intensity soil bacteria were dominated by Actinobacteria,
Alphaproteobacteria, and Verrucomicrobia (Fig. 3a,b,g). Land use intensification in
high pH soil reduced the relative abundance of Actinobacteria, but increased that of
Gammaproteobacteria, Deltaproteobacteria and Ciliophora (Fig. 3h,i,l). The decline.of
Actinobacteria under high land use intensity accords with Griffiths et al. [27] who neted
that Actinobacteria are common in higher pH soils, but being filamentous, are‘sensitive
to disturbances from agricultural management [61, 62]. Acidobacteria was one.of the
most dominant bacterial groups in low intensity soils at the low pH site (Fig. 3e). Land
use intensification at this site increased the relative abundance of Betaproteobacteria
(from 9% to 26%, Fig. 3d) which has been observed in previous studies [63]. Land use
intensification at the low pH site also significantly increased the.relative abundance of
predatory Cercozoa (from 15% to 23%, Fig. 3k). While-directly: comparing relative
abundances of different taxa across treatments can sometimes be misleading, here
we compared metabarcoding-derived relative abundance with abundance of protein
functions across taxonomic groups. We believe that such cross comparison validates
our results obtained from the two complementary tools.

Taxa-trait changes due to land use intensification in the low pH site

‘RNA degradation’ proteins were the most abundant protein indicators at the low pH
site in both low and high land use-intensity treatments but with higher relative
abundances in the low intensity land use treatment (Fig. 4). RNA degradation proteins
such as Chaperonin GroEL and molecular chaperone DnaK prevent protein
aggregation by either-re-folding or degrading stress-induced misfolded proteins [30].
Chaperone production/in*high land use intensity soils indicates microbial investment
into stress tolerance. This is likely a physiological response to the acidic and wet
conditions inthe low-land use intensity soils [26]. They were differentially abundant in
the phylum'Acidobacteria in the low land use intensity relative to high land use intensity
soils (Acidobacteria was one of the most dominant taxonomic groups in low land use
intensityssoils at the low pH site). There were other taxa that also had higher
expression of this trait in the low land use intensity soils.

Land use intensification at the low pH site increased the abundance of
Betaproteobacteria which showed differentially abundant stress proteins (‘RNA
degradation’) in high land use intensity soils. However, they also showed increased
abundance of ‘ABC transporters’ (Fig. 4) associated with a transporter-mediated
resource acquisition strategy that is likely more efficient in resource use [26]. These
communities with an uptake-optimised resource acquisition strategy reflect the
increased abundance of resources under high land use intensity treatment. This is a
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result of alleviation of constraints on microbial organic matter decomposition due to
increase in pH and decrease in wetness and anoxia. Betaproteobacteria also had
increased expression of proteins linked to ‘carbon metabolism’, ‘ribosome’, and
‘oxidative phosphorylation’ pathways; a land use intensification response very similar
to that of Gammaproteobacteria in high pH soils. ‘Oxidative phosphorylation’ proteins
represent energy generating pathways using ATPase to fuel growth or non-growth
maintenance activities, and ‘carbon metabolism’ proteins represent central carbon
metabolism pathways such glycolysis and TCA cycle [26]. This response hy
Betaproteobacteria likely represents a shift towards increased growth and turnoverin
a stressed and disturbed environment. Land use intensification also significantly
increased the relative abundance of predatory Cercozoa (from 15% to 23%, Fig. 3K)
at low pH, that may be responding to increased prey availability under high intensity
land use, such as the increase in fast-growing Betaproteobacteria. The, increase of
Cercozoa under high land use intensity at the low pH site mirrors=the\increase of
Ciliophora under high land use intensity at the high pH site, which suggests that the
dominance of distinct bacterial groups might be associated with.distinct predatory
protozoan groups driving turnover of carbon to a variable degree:

Taxa-trait changes due to land use intensification in‘the high pH site

‘ABC transporters’ were the most abundant protein.indicators of low intensity land use
at the high pH site reflecting abundant high-quality resource availability most likely as
root exudates and microbial-derived metabelites. The taxonomic assignment of these
transporters suggested that they were mostly associated with Alphaproteobacteria
(Fig. 4). Although Alphaproteobacteria were not differentially abundant in low land use
intensity soils compared to the highyland use contrast at this site, in terms of the
taxonomic distribution of this trait, Alphaproteobacteria were the dominant class
differentially expressing thisfunction in low land use soils. This implies that members
of this class have a resource-uptake optimised strategy in low land use intensity soils
that could contribute te inereased community-level CUE, that could therefore promote
SOC stabilisation [30].

We observed that land use intensification in high pH soils increased the expression of
proteins linked to ‘RNA degradation’, indicating stress tolerance. This trait was
differentially” expressed in the taxa Alphaproteobacteria and Gammaproteobacteria
(Figr4)."Members of these taxa in high land use intensity soils likely excel in a stress
tolerance strategy to tide over the dry and disturbed soil conditions.

In addition to the increased expression of stress tolerance traits in
Gammaproteobacteria in high land use intensity, proteins linked to ‘oxidative
phosphorylation’ and ‘carbon metabolism’ were abundant in high land use intensity
soils but were not detected in low land use intensity (Fig. 4). This most likely represents
increased energy needs for fast growing taxa with a wasteful metabolism; a life history
strategy often associated with copiotrophs such as Gammaproteobacteria that are
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differentially abundant in high land use intensity soils at this site [26]. We also
observed concomitant increased abundance of predatory Ciliophora in high land use
intensity soils, these likely increase in response to the increased abundance of their
bacterial prey — a hypothesis that needs testing [64]. These microbivorous protists
could contribute to SOC stabilisation directly through increased necromass
contributions, but also through their influence on the assemblage and function of the
microbiome [64].

Taxa-trait changes related to mechanisms of soil carbon cycling

The observed shifts in trait-taxa linkages are in line with our hypothesis that'land use
intensification leads to shifts in microbiome composition and its associated traits that
has consequences for soil carbon cycling. In our high pH site, low intensity land use
with no resource limitation and minimum stress resulted in a microbialFeommunity that
is dominated by taxonomic sub-groups within Alphaproteobacteria ‘that have an
efficient transporter-mediated resource-uptake optimised life. history strategy with
limited investment in stress tolerance traits. This likely“increased the microbial
biomass (and therefore necromass production) premoting SOC stabilisation
pathways. However, increased land use intensification in high pH soils caused
resource limitation and stress in microbes which.dead to proliferation of microbial sub-
groups within Alphaproteobacteria and Gammapreteobacteria that likely excel in an
inefficient stress-tolerance life history strategy diverting resources away from
biosynthesis and necromass formation.and resulted in increased carbon loss and
reduced SOC stabilisation. The taxa-trait linkages were vastly different in low pH soils.
Here, soils under low intensity land use were dominated by Acidobacteria excelling in
stress tolerance traits highlighting a life history strategy that is adapted to the acidic,
wet, and anoxic soil conditions. The low growth rates observed in these soils suggest
lower rates of decompesition and accumulation of undecomposed plant organic
matter. Increased land,use,intensification in these low pH soils reduced soil acidity,
wetness and anoxia which-led to increased microbial growth likely due to alleviation of
microbial physielogical constraints. This results in a shift towards Betaproteobacteria
excelling in stress tolerance and resource acquisition strategies that fuel their higher
growth rates which could be linked to increased decomposition and loss of the
historically accumulated SOC.

Our research reveals that land use intensification induced shifts in the microbial taxa
and their life history strategies were pH dependant, and changes in soil characteristics
selects for a new community with different traits (environmental filtering) rather than
the community shifting its physiology (phenotypic modification) [4, 33]. Our study
accords with previous trait-based approaches that have demonstrated that microbial
efficiency declines along gradients of environmental stress, as increased stress
through altitude [35] and salinity [37] results in increased stress tolerance and resource
acquisition life history strategies that reduce microbial CUE and negatively influence
the microbially-derived SOC formation. Further, our findings of increased abundance
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of predatory protozoa in response to increased land use intensification, could be
crucial for carbon turnover and food web connectivity. This is especially pertinent, as
protists are known to be key for promoting the formation of necromass and
consequently more persistent mineral-associated organic matter [62].

Here we successfully used a trait-based framework to link taxonomic information to
traits and rates of carbon cycling in soils. In this sense, this approach encompasses
many of the concepts required to envisage soil health [65] by focussing on the function
of the active microbiome and its emergent traits but also on other biogeochemical
factors that are key to determining the balance of SOC decomposition and stabilisation
pathways. We also demonstrate how CUE-SOC relationship can be decoupled and
how variable pathways of decomposition and stabilisation of particulate and mineral
associated organic matter can influence SOC loss or gain in response to land use
change. This holistic understanding will be fundamental to predict soil’s ability to
recover from the combined stressors of intensification along with environmental
change, to ensure that our soils and their resident microbiomes remain resilient and
productive under global change [66].

Acknowledgements: This work was funded by a NERC sponsored Daphne Jackson
Trust Fellowship awarded to LC, the European Union’s Horizon 2020 research and
innovation program under the Marie Sktodowska—Curie grant no. 655240 awarded to
AAM and the UK Natural Environment Research Council under a Soil Security
Programme grant (NE/M017125/1) to, RIG, We also wish to thank Kate Buckeridge
and Kelly Mason for soil sampling,@and Lara Oudot and Emily MacDonald for technical
support.

Author contributions: AAM-.conceived, designed, and carried out the experiment and
laboratory analysesiys, TG, “performed amplicon sequencing; NJ performed
metaproteomic analysiS;"GG and RIG contributed new reagents and analytical tools;
AAM and LC“performed statistical analyses; LC drafted the manuscript with
supervision from AAM and all authors were involved in critical revision and approval
of the final version.

Dataavailability: The metabarcoding datasets generated during the current study are
available in NCBI SRA repository [https://www.ncbi.nlm.nih.gov/sra/PRINA1088078].
Annotated OTU data are included in this published article [supplementary information
files S1, S2]. The proteomics mass spectrometry data generated during the current
study are available in the ProteomeXchange Consortium via the PRIDE partner
repository [https://www.ebi.ac.uk/pride/archive/projects/PXD010526].

14

$20Z 1890190 S| uo Jasn ABojoipAH g ABoj0oT Jo) anuad MN Aq G805 18/2/91 L8eA/008WSI/EE0 0 L /I0P/8]01B-0UBAPE/UNWIWOI8WSI/WOo9 dno olwapese//:sdiy Woll papeojumo(]



References:

10.

11.

12.

13.

14.

15.

Lal R. Soil Carbon Sequestration Impacts on Global Climate Change and Food
Security. Science 2004; 304: 1623-1627.

Vazquez C, de Goede RGM, Rutgers M, de Koeijer TJ, Creamer RE. Assessing
multifunctionality of agricultural soils: Reducing the biodiversity trade-off. Eur J
Soil Sci 2021; 72: 1624-1639.

Sanderman J, Hengl T, Fiske GJ. Soil carbon debt of 12,000 years of human land
use. PNAS 2017; 114: 9575-9580.

Kallenbach CM, Wallenstein MD, Schipanksi ME, Grandy AS. Managing
Agroecosystems for Soil Microbial Carbon Use Efficiency: Ecological Unknowns,
Potential Outcomes, and a Path Forward. Front Microbiol 2019; 10.

Jordon MW, Smith P, Long PR, Burkner P-C, Petrokofsky G,~Willis KJ. Can
Regenerative Agriculture increase national soil carbon stoeks? Simulated
country-scale adoption of reduced tillage, cover cropping, and ley-arable
integration using RothC. Science of The Total Environment 2022; 825: 153955.
Schimel J, Schaeffer S. Microbial control over carbon—eycling in soil. Front
Microbiol 2012; 3.

Kallenbach CM, Frey SD, Grandy AS. Direct evidence for microbial-derived soil
organic matter formation and its ecophysiolagical eontrols. Nat Commun 2016; 7:
13630.

Miltner A, Bombach P, Schmidt-Bricken B, Kastner M. SOM genesis: microbial
biomass as a significant source. Biogeechemistry 2012; 111: 41-55.

Geyer KM, Kyker-Snowman E;,Grandy AS, Frey SD. Microbial carbon use
efficiency: accounting for population,"community, and ecosystem-scale controls
over the fate of metabolized organic matter. Biogeochemistry 2016; 127: 173—
188.

Allison SD. Modeling. adaptation of carbon use efficiency in microbial
communities. Front Microbiol 2014; 5.

Geyer KM, Dijkstra“P; Sinsabaugh R, Frey SD. Clarifying the interpretation of
carbon useefficiency in soil through methods comparison. Soil Biol Biochem
2019; 128::79-88.

Frey. SD, Lee J, Melillo JM, Six J. The temperature response of soil microbial
efficiency and its feedback to climate. Nature Climate Change 2013; 3: 395-398.
Domeignoz-Horta LA, Pold G, Liu X-JA, Frey SD, Melillo JM, DeAngelis KM.
Microbial diversity drives carbon use efficiency in a model soil. Nat Commun
2020; 11: 3684.

Tao F, Huang Y, Hungate BA, Manzoni S, Frey SD, Schmidt MWI, et al. Microbial
carbon use efficiency promotes global soil carbon storage. Nature 2023; 618:
981-985.

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: 1072-1083.

15

$20Z 1890190 S| uo Jasn ABojoipAH g ABoj0oT Jo) anuad MN Aq G805 18/2/91 L8eA/008WSI/EE0 0 L /I0P/8]01B-0UBAPE/UNWIWOI8WSI/WOo9 dno olwapese//:sdiy Woll papeojumo(]



16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

Nottingham AT, Fierer N, Turner BL, Whitaker J, Ostle NJ, McNamara NP, et al.
Microbes follow Humboldt: temperature drives plant and soil microbial diversity
patterns from the Amazon to the Andes. Ecology 2018; 99: 2455-2466.

Looby CI, Martin PH. Diversity and function of soil microbes on montane
gradients: the state of knowledge in a changing world. FEMS Microbiol Ecol 2020;
96: 2455-2466.

Wan X, Chen X, Huang Z, Chen HYH. Global soil microbial biomass decreases
with aridity and land-use intensification. Glob Ecol Biogeogr 2021; 30: 1056—
1069.

Sunnemann M, Alt C, Kostin JE, Lochner A, Reitz T, Siebert J, et al. Low-intensity
land-use enhances soil microbial activity, biomass and fungal-to-bacterial ratio in
current and future climates. J Appl Ecol 2021; 58: 2614-2625.

Fierer N, Walsh CM. Can we manipulate the soil microbiome topromote’ carbon
sequestration in croplands? PL0oS Biol 2023; 21.

Buckeridge KM, Mason KE, McNamara NP, Ostle N, Puissant J,.Goodall T, et al.
Environmental and microbial controls on microbial necromass recycling, an
important precursor for soil carbon stabilization. Commun-Earth Environ 2020; 1:
1-9.

Kastner M, Miltner A, Thiele-Bruhn S, Liang C:{ Microbial Necromass in Soils—
Linking Microbes to Soil Processes and Carbon, Turnover. Front Environ Sci
2021; 9: 756378.

Buckeridge KM, Mason KE, Ostle N; MeNamara NP, Grant HK, Whitaker J.
Microbial necromass carbon and nitrogen persistence are decoupled in
agricultural grassland soils. Commun Earth Environ 2022; 3: 1-10.

Baveye PC, Schnee LS, Boivin P,'Lkaba M, Radulovich R. Soil Organic Matter
Research and Climate Change: Merely Re-storing Carbon Versus Restoring Soil
Functions. Front Environ Sci 2020; 8.

Garcia-Palacios P, Chen J."Emerging relationships among soil microbes, carbon
dynamics and climate'change. Functional Ecology 2022; 36: 1332-1337.

Malik AA, Puissant Jy"Buckeridge KM, Goodall T, Jehmlich N, Chowdhury S, et
al. Land use driven change in soil pH affects microbial carbon cycling processes.
Nat Commun 2018; 9: 3591.

Griffiths RI, Thomson BC, James P, Bell T, Bailey M, Whiteley AS. The bacterial
biogeography of British soils: Mapping soil bacteria. Environmental Microbiology
2011;.13: 1642-1654.

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: 3072.

Hollis, John, Lilly, Allan. The Fragile Skin: Soil Landscapes of the UK. 2022.
British Society of Soil Science.

Malik AA, Martiny JBH, Brodie EL, Martiny AC, Treseder KK, Allison SD. Defining
trait-based microbial strategies with consequences for soil carbon cycling under
climate change. ISME J 2020; 14: 1-9.

16

$20Z 1890190 S| uo Jasn ABojoipAH g ABoj0oT Jo) anuad MN Aq G805 18/2/91 L8eA/008WSI/EE0 0 L /I0P/8]01B-0UBAPE/UNWIWOI8WSI/WOo9 dno olwapese//:sdiy Woll papeojumo(]



31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

Malik AA, Puissant J, Goodall T, Allison SD, Griffiths RI. Soil microbial
communities with greater investment in resource acquisition have lower growth
yield. Soil Biol Biochem 2019; 132: 36—39.

Brangari AC, Lyonnard B, Rousk J. Soil depth and tillage can characterize the
soil microbial responses to drying-rewetting. Soil Biol Biochem 2022; 173:
108806.

Malik AA, Bouskill NJ. Drought impacts on microbial trait distribution and
feedback to soil carbon cycling. Funct Ecol 2022; 36: 1442—1456.

Sokol NW, Slessarev E, Marschmann GL, Nicolas A, Blazewicz SJ, Brodie EL} et
al. Life and death in the soil microbiome: how ecological processes influence
biogeochemistry. Nat Rev Microbiol 2022; 20: 415-430.

Feng J, Zeng X-M, Zhang Q, Zhou X-Q, Liu Y-R, Huang Q. Soil microbial trait-
based strategies drive metabolic efficiency along an altitude -gradient. ISME
COMMUN 2021; 1: 1-9.

Ma S, Zhu W, Wang W, Li X, Sheng Z. Microbial assemblies with distinct trophic
strategies drive changes in soil microbial carbon use efficieney.along vegetation
primary succession in a glacier retreat area of the southeastern Tibetan Plateau.
Sci Total Environ 2023; 867: 161587.

Ning Q, Chen L, Li F, Zhou G, Zhang C, Ma D, et al. Tradeoffs of microbial life
history strategies drive the turnover of microbial-derived organic carbon in coastal
saline soils. Front Microbiol 2023; 14: 1141436.

Stone BWG, Dijkstra P, Finley BK, Fitzpatrick R, Foley MM, Hayer M, et al. Life
history strategies among soil bacteria-dichotomy for few, continuum for many.
ISME J 2023; 17: 611-619.

Wickham H. ggplot2: Elegant‘Graphics for Data Analysis. 2016. Springer-Verlag
New York.

R Core team. R: A Language Jand Environmental Statistical Computing, Vienna,
Austria. 2016.

Kozich JJ, Westeeott Sk, Baxter NT, Highlander SK, Schloss PD. Development of
a dual-index sequeneing strategy and curation pipeline for analyzing amplicon
sequence -data_on the MiSeq lllumina sequencing platform. Appl Environ
Microbiol 2013;-79: 5112-5120.

Baldwin A, Moss J, Pakulski J, Joux F, Jeffrey W. Microbial diversity in a Pacific
Ocean transect from the Arctic to Antarctic circles. Aquat Microb Ecol 2005; 41.:
91-102.

Zhang J, Kobert K, Flouri T, Stamatakis A. PEAR: a fast and accurate Illumina
Paired-End reAd mergeR. Bioinformatics 2014; 30: 614-620.

Gweon HS, Oliver A, Taylor J, Booth T, Gibbs M, Read DS, et al. PIPITS: an
automated pipeline for analyses of fungal internal transcribed spacer sequences
from the lllumina sequencing platform. Methods Ecol Evol 2015; 6: 973—-980.
Rognes T, Flouri T, Nichols B, Quince C, Mahé F. VSEARCH: a versatile open
source tool for metagenomics. PeerJ 2016; 4: e2584.

17

$20Z 1890190 S| uo Jasn ABojoipAH g ABoj0oT Jo) anuad MN Aq G805 18/2/91 L8eA/008WSI/EE0 0 L /I0P/8]01B-0UBAPE/UNWIWOI8WSI/WOo9 dno olwapese//:sdiy Woll papeojumo(]



46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

S7.

58.

59.

60.

61.

DeSantis TZ, Hugenholtz P, Larsen N, Rojas M, Brodie EL, Keller K, et al.
Greengenes, a Chimera-Checked 16S rRNA Gene Database and Workbench
Compatible with ARB. J Appl Environ Microbiol 2006; 72: 5069-5072.

Yilmaz P, Parfrey LW, Yarza P, Gerken J, Pruesse E, Quast C, et al. The SILVA
and “All-species Living Tree Project (LTP)” taxonomic frameworks. Nucleic Acids
Res 2014; 42: D643-D648.

Wang Q, Garrity GM, Tiedje JM, Cole JR. Naive Bayesian classifier for rapid
assignment of rRNA sequences into the new bacterial taxonomy. Appl Environ
Microbiol 2007; 73: 5261-5267.

Oksanen, J., Blanchet, F. G., Kindt, R., Legendre, P., O’hara, R., Simpson, G. L.,
et al. (2017). vegan: Community Ecology Package. R pac. vegan: Community
Ecology Package. R package Version 2.3-5. 2016.

Dolan S, McDonald C, Crooks, Bill. A Report on Soil and Organic Materials
Analysis from the Soil and Nutrient Network Farms 2016 —2018.'2019. Scotland’s
Farm Advisory Service.

Liu Y, Pan Z, Zhuang Q, Miralles DG, Teuling AJ, Zhang T,.et al. Agriculture
intensifies soil moisture decline in Northern China. Sci'Rep2015; 5: 11261.

Six J, Frey SD, Thiet RK, Batten KM. Bacterialtand Fungal Contributions to
Carbon Sequestration in Agroecosystems. SoilSci Soc’Am J 2006; 70: 555-569.
Schimel JP. Life in Dry Soils: Effects of Dreught en” Soil Microbial Communities
and Processes. Annu Rev Ecol Evol Syst 2018; 49: 409-432.

Strock JS, Johnson JMF, Tollefson“D, Ranaivoson A. Rapid change in soll
properties after converting grasslands to’ crop production. Agronomy Journal
2022; 114: 1642-1654.

Haddaway NR, Hedlund K, Jackson,LE, Katterer T, Lugato E, Thomsen IK, et al.
How does tillage intensity affect soil organic carbon? A systematic review.
Environmental Evidence 2017 6: 30.

Sinsabaugh RL, Manzoni S, Moorhead DL, Richter A. Carbon use efficiency of
microbial communities: stoichiometry, methodology and modelling. Ecol Lett
2013; 16: 930-939.

Labouyrie ‘M, Ballabio C, Romero F, Panagos P, Jones A, Schmid MW, et al.
Patterns inisoil,microbial diversity across Europe. Nat Commun 2023; 14: 3311.
Tiemann LK, Grandy AS, Atkinson EE, Marin-Spiotta E, McDaniel MD. Crop
rotational diversity enhances belowground communities and functions in an
agroecosystem. Ecol Lett 2015; 18: 761-771.

Szoboszlay M, Dohrmann AB, Poeplau C, Don A, Tebbe CC. Impact of land-use
change and soil organic carbon quality on microbial diversity in soils across
Europe. FEMS Microbiol Ecol 2017; 93.

Carini P, Marsden PJ, Leff JW, Morgan EE, Strickland MS, Fierer N. Relic DNA
is abundant in soil and obscures estimates of soil microbial diversity. Nat
Microbiol 2016; 2: 16242.

Lienhard P, Terrat S, Prévost-Bouré NC, Nowak V, Régnier T, Sayphoummie S,
et al. Pyrosequencing evidences the impact of cropping on soil bacterial and
fungal diversity in Laos tropical grassland. Agron Sustain Dev 2014; 34: 525-533.

18

$20Z 1890190 S| uo Jasn ABojoipAH g ABoj0oT Jo) anuad MN Aq G805 18/2/91 L8eA/008WSI/EE0 0 L /I0P/8]01B-0UBAPE/UNWIWOI8WSI/WOo9 dno olwapese//:sdiy Woll papeojumo(]



62.

63.

64.

65.

66.

Romdhane S, Spor A, Banerjee S, Breuil M-C, Bru D, Chabbi A, et al. Land-use
intensification differentially affects bacterial, fungal and protist communities and
decreases microbiome network complexity. Environmental Microbiome 2022; 17.
Babin D, Deubel A, Jacquiod S, Sgrensen SJ, Geistlinger J, Grosch R, et al.
Impact of long-term agricultural management practices on soil prokaryotic
communities. Soil Biol Biochem 2019; 129: 17-28.

Geisen S, Mitchell EAD, Adl S, Bonkowski M, Dunthorn M, Ekelund F, et al. Soill
protists: a fertile frontier in soil biology research. FEMS Microbiol Rev 2018; 42:
293-323.

Harris JA, Evans DL, Mooney SJ. A new theory for soil health. European Journal
of Soil Science 2022; 73: e13292.

Moinet GYK, Hijbeek R, van Vuuren DP, Giller KE. Carbon for soils; not seils for
carbon. Glob Chang Biol 2023; 29: 2384-2398.

19

$20Z 1890190 S| uo Jasn ABojoipAH g ABoj0oT Jo) anuad MN Aq G805 18/2/91 L8eA/008WSI/EE0 0 L /I0P/8]01B-0UBAPE/UNWIWOI8WSI/WOo9 dno olwapese//:sdiy Woll papeojumo(]



Figure legends:

e
=2

a

13C in DNA (ngClg/h)
=

'3C in respired CO, (ngClg/h)
>

0
2 4 8 16 32 2 4 8 16 32
Time after litter addition (days)

o

n

4 8 16 32 2 4 8 16 32
Time after litter addition (days)

8
~ S °

Ratio DNA:respiration

=)
n

4 8 16 32 2 4 8
Time after litter addition (days)

Land use intensity
High

Low

16 32

Fig. 1 Microbial process rates across the paired land use intensity, contrasts:
Isotopic incorporation from labelled litter into DNA as a measure. of microbial biomass
production (a) and into respired CO2 (b). Ratio of biomass production and respiration
(c) provides an indication of ecosystem CUE. Low land use‘intensity treatment: green,
high land use intensity treatment: orange. Points indicate.individual samples, and the
lines connect the mean values at each sampling time. ANOVA p values for (a) *3C in
DNA - site: 0.37, treatment: 0.92, sitextreatment0.006;(b) *3C in respired CO: - site:
<0.001, treatment: 0.95, sitextreatment: 0.64; (c) Ratio of biomass production and
respiration - site: <0.001, treatment: 0.6, sitextreatment: <0.001.

a) Functional diversity
04 High pH
site
o
0
Q o0
3 Low pH
site
0.4
1 4 1
NMDS1

d) s* e)
=72 s
2 B
2 2
2 2
o o
= o
£ 2
569 =
a K]
S 3
15 S
g =
& LN

>

A

Low pH site High pH site

o’

Low pH site High pH site

Bacterial taxonomic diversity

High pH

Low pH
site

0.0
NMDS1

S
L

o
2 12}
site o
=

=

=

w
b

@
o

1

Low pH site

Eukaryotic alpha diversity
»

Eukaryotic taxonomic

diversity

|

High pH site

Land use intensity
High

Low

Litter addition
M Dayo

+ Day 2
A Day 8
X Day36

Fig. 2 Microbial functional and taxonomic diversity across the paired land use
intensity contrasts: Ordination using nonmetric multidimensional scaling (NMDS)

20

$20Z 1890190 G| U0 Jasn ABojoipAH ¢ AB0j0oT Jo) anuad) MN Aq G805 18//91 | 8B2A/008WSI/SE0 L 0 L /I0P/3]d1lIB-00UBAPE/UNWIWOI8WS]/WOoo dno olwapese//:sdiy Woil papeojumo(]



based on Bray-Curtis dissimilarity of (a) metaproteomics-derived functions, stress =
0.06, PERMANOVA results - Site: p =0.12; Land use intensity: p = 0.64, (b) 16S rRNA
gene-derived bacterial taxonomy, stress = 0.30, PERMANOVA results - Site: p= 0.20;
Land use intensity: p= 0.04, and (c) 18S rRNA gene-derived eukaryotic taxonomy,
stress = 0.03, PERMANOVA results - Site F= 1.35, p= 0.17; Land use intensity: p=
0.07. Similarly, Shannon's diversity index was used to visualise functional alpha
diversity (d), bacterial alpha diversity (e) and eukaryotic alpha diversity (f) under high
(orange) and low (green) land use intensity at the two sites under study. In d-f, the
presence of an asterisk between low and high land use intensity violins suggests
statistically significant pairwise differences from Tukey’'s HSD test. Also displayed
within d-f are statistically significant ANOVA results of the influencing facters of site
(S), land use intensity (L) and their interaction (SxL); *** p < 0.001, ** p/< 0.01;,* p <
0.05 (non-significant results are not displayed). Note that metaproteomics was
performed only at day O and day 8 after litter addition.

Land use intensity E‘ Low IZ‘ High S: site effect, L: land use intensity effect, SxL: interactive effect of site and land use intensity
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Fig. 3 Microbial compositional differences in low and high land use intensity
treatments: Relative abundance of dominant bacterial and eukaryotic phyla/class:
Actinobacteria (a), Alphaproteobacteria (b), Firmicutes (c), Betaproteobacteria (d),
Acidobacteria (e), Bacteroidetes (f), Verrucomicrobia (g), Gammaproteobacteria (h),
Deltaproteobacteria (i), Fungi (j), Cercozoa (k) and Ciliophora (l). Abundances are
displayed across land use intensity treatments: high (orange) and low (green) and the
presence of an asterisk between the violins suggests statistically significant pairwise
differences at the site from Tukey’'s HSD test. Also displayed within each plot are
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statistically significant ANOVA results of the influencing factors of site (S), land use
intensity (L) and their interaction (SxL); *** p < 0.001, ** p < 0.01, * p < 0.05.
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Fig. 4 Trade-offs in traits across taxonomic groups in land use intensity
treatments: Metaproteomics-derived abundances of functions and their taxonomic
lineages were used to link physiological traits to microbial taxa at high (orange) and
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low (green) land use intensity at the two sites (low and high pH). Pairs of circles

representing peptide abundances linked by a vertical line within each site are
significantly different (p < 0.05).

Tables:

Table 1: Site characteristics given as mean values (+ standard error) with statistical
comparison of land use intensity contrasts within sites given by p values of t-test.

Low pH site: High pH site:

Kirkton, Perthshire, UK Parsonage Down, Wiltshire;tUK
Land use Low High Pairwise Low High Pairwise
intensity t-test t-test
Land Unimproved Intensive p-value | Unimproved Intensive p-value
management grassland grassland grassland arable
Soil pH 5.2 (x0.2) 6.4 (x0.1) 0.011 7.7 (£ 0.03) 14,8.0 (£0.04) 0.001
Soil C (%) 23.8 (£ 8.5) 4.3 (£ 0.6) 0.145 10.4 (£ 0.5)| 384(x0.1) 0.004
Soil moisture 72.1(+13.6) | 41.7(x2.5) | 0.153 43.1 (¥'479)=30.4 (£ 4.9) | <0.001
(%)

23

$20Z 1890190 G| U0 Jasn ABojoipAH ¢ AB0j0oT Jo) anuad) MN Aq G805 18//91 | 8B2A/008WSI/SE0 L 0 L /I0P/3]d1lIB-00UBAPE/UNWIWOI8WS]/WOoo dno olwapese//:sdiy Woil papeojumo(]



