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Abstract

This study aimed to explore the soil metabolic response to long-term fertiliser
application and the effect of this response on the microbial community by taking
advantage of the Woburn Organic Manuring Experiment (UK; operational since 1964).
Untargeted metabolomes detected by gas chromatography-time of flight mass
spectrometer/mass spectrometry (GC-TOFMS/MS) and ultra-high-pressure liquid
chromatography-quadrupole time of flight mass-spectrometer/mass spectrometry
(UHPLC-QTOFMS/MS) were used to explore which method better reflected soil
microbe-accessible metabolites. Microbial community abundance was detected by
high-throughput sequencing. We found that long-term farmyard manure application
enhanced the soil’s total and dissolved C and N contents. The metabolite content
detected by GC-TOFMS/MS (TOF detector with a cold injection unit) had a negative
linear correlation with soil organic matter, extractable organic nitrogen (N), and
microbial carbon (C). Conversely, the metabolite content detected by UHPLC-
QTOFMS/MS was positively correlated with soil organic matter, indicating that
metabolites detected by UHPLC-QTOFMS/MS were the main components of soluble
soil organic matter. More positive than negative correlations were observed between
metabolites and bacterial (69.5%) and fungal (67.9%) taxa in the co-occurrence
network. Among the bacterial taxa in the network, the family Planococcaceae and
genus Paenibacillus showed the most correlations with metabolites. The choice of

extraction and detection method affects the identity and number of metabolites
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detected. Therefore, careful consideration is needed when selecting which methods to
use. We demonstrated a strong correlation between soil metabolites and microbial
community abundance. However, a deeper understanding of soil microbial function

and metabolite formation, content, and decomposition is still needed.

Keywords: soil organic matter, dissolved organic matter, chemical fertiliser, farmyard

manure, untargeted metabolomes
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Introduction

Most of the C in the terrestrial biosphere is retained as soil organic matter (SOM),
which originates from microbes, plants, and animals (Johnston et al. 2004). Soil
microorganisms derive metabolites predominantly from SOM and its biomass
turnover (Brown et al. 2021; Liang et al. 2019). Dissolved organic matter (DOM) is
the most biologically-accessible component of SOM, playing a crucial role in C, N,
and sulphur (S) cycling (Ma et al. 2020b, 2021a; Swenson et al. 2015). It contains a
series of organic matter compounds such as carbohydrates, amino acids, hydroxyl
acids, sugar acids, nucleosides, sterols, aromatics, amines, and miscellaneous
compounds (Brown et al. 2021; Ma et al. 2022); and is in a constant state of flux
driven by the microbial community and in situ metabolic activities (Mcleod et al.
2021; Schmidt et al. 2011). Therefore, understanding the composition and turnover of
soil microbe-accessible substrates is crucial for exploring the complex dynamics of

microbial communities and their nutrient cycling (Ma et al. 2020c; Zhu et al. 2022).

Fertiliser is an important field management intervention that strongly affects soil
element content, nutrient cycling, and microbial community composition and function.
Globally, agricultural production produces approximately seven billion tons of
farmyard manure (FYM) each year (Thangarajan et al. 2013). Manure application to
arable land can increase soil structural stability and nutrient levels, thereby enhancing
soil C sequestration and biological activity (Maillard and Angers 2014). Partly

substituting inorganic fertiliser with FYM can sustain agricultural productivity and
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reduce environmental pollution (Hoyle and Fang 2018). FYM application strongly
stimulates belowground biogeochemical processes: directly by adding large amounts
of organic C and nutrients and indirectly by modifying biotic activity (Ma et al. 2018;
Liu et al. 2020). Subsoil differs from topsoil in nutrient content, microbial biomass,
community composition, bioavailability, age, and accessibility of soil C, which affect
the rates of SOM decomposition (Cheng et al. 2017). In contrast to chemical
fertilisers, which mainly affect only the topsoil, long-term FYM application generally
improves the total and DOM content of both the topsoil and subsoil (Ma et al. 2020b;
Yan et al. 2018). Additionally, it enhances the activities of enzymes such as f-
glucosidase, protease, urease, and cellulase (Chang et al. 2010; Ma et al. 2020b).
However, how the combined application of FYM and chemical fertiliser influences
the soil metabolite composition is unclear.

A healthy and well-functioning soil system is vital for providing ecosystem
services, especially food production in agricultural ecosystems (Liu et al. 2022; Wei et
al. 2021). Metabolites in DOM are intermediates or products of enzymatic reactions,
including organic acids, sugars, amino acids, and fatty acids. These are involved in
microbial function, growth, and development. In addition to molecular methods of
soil biological quality assessment, extracting and quantifying primary metabolites
offer an alternative approach to better understanding belowground functions. The
metabolic approach has been used extensively in plant biology (Hartman et al. 2020),
biomedical science (Gupta et al. 2018), and research on the biochemical responses of

microbes (Jozefczuk et al. 2014). However, its application in soil is limited, especially
5
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under field conditions, and most studies have only focused on specific metabolites
(Ma et al. 2021a; Warren, 2020). Recent studies have shown that the soil metabolome
is sensitive and can reflect the functional responses of soil microbe communities to
changes in their environment, such as fertiliser application, extreme drought, and dry-
wet or freeze-thaw events (Brown et al. 2021; Miura et al. 2020).

Traditionally, soil DOM is quantified by extraction from soil samples using
specific solutions (water, KCI, K2SQg, etc.) and subsequent analysis of its elemental
composition using combustion or oxidization. However, the molecular composition
cannot be detected using this method (Jones and Willet 2006). Untargeted
metabolomics is rapidly gaining attention, but its results are highly dependent on the
extraction method and detection instrument used. Gas chromatography/mass
spectrometry (GC/MS) and liquid chromatography/mass spectrometry (LC/MS) are
the most widely-used methods due to their broad analytical scope (alcohols, fatty
acids, sterols, carbohydrates, amino acids, etc.), and availability of the spectral
databases of various metabolites (Brailsford et al. 2019; Brown et al. 2021; Liu et al.
2021; Swenson et al. 2015). Other available methods include capillary
electrophoresis/mass spectrometry (CE/MS) (Warren 2020) and Fourier transform ion
cyclotron resonance/mass spectrometry (FTICR/MS) (Hirai et al. 2004), which are not
extensively used. The compounds detected vary with the detection method used, and
the method that most accurately reflects soil microbe-accessible metabolites is still
unknown.

Microorganisms are the most sensitive soil quality indicators and respond
6
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quickly to changes in soil DOM under chemical and organic fertiliser application (Ma
et al. 2020b). A shift in microbial community composition indicates a change in the
metabolism and function of the community in a soil ecosystem (McGuire and
Treseder, 2010). Moreover, the microbial community strongly drives organic C and N
utilisation and mineralisation (Ma et al. 2018). Nutrient (C, N and P) enrichment
induces significant changes in the soil metabolite profile, as it changes microbial
activity and its metabolic processes. A recent study based on UHPLC-MS/MS found
that inorganic nutrient enrichment causes substantial shifts in both primary and
secondary metabolism and changes in resource flow and soil functioning, and that the
microbial community composition showed significant metabolic flexibility (Brown et
al. 2022). C and N (together addition) generally increased peptide synthesis in soil, C
and P addition increased the fatty acids synthesis, while glucose-C addition increased
the synthesis of other carbohydrates (Brown et al. 2022). The systematic coupling of
the microbial community and soil metabolomics can valuably improve our
understanding of microbial strategies in response to environmental stress (Swenson et
al. 2018). However, this presents a challenge given the large number of metabolites
and complexity of the microbial community.

Therefore, in this field-based study, we aimed to improve our understanding of
soil metabolic processes by exploring the response of soil metabolites to long-term
fertiliser application, and to explore whether the metabolites extracted and detected by
different methods can reflects soil organic compounds composition. We hypothesised

that (1) the total DOM detected by traditional methods, GC-TOFMS/MS, and
7
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UHPLC-QTOFMS/MS should be positively related to each other; (2) soil

metabolomics and the microbial community are systematically coupled.

Materials and methods

Experimental site and treatments

Soil samples were collected in June 2018 from the long-term Woburn Organic
Manuring  experiment running since 1964 in  Southeastern  England
(www.era.Rothamsted.ac.uk/WoburnFarm) to test the effects of organic manures and
chemical fertilisers on soil fertility and crop production. The soil is derived from
Lower Greensand parent material and is classified as a sandy loam-textured brown
sand (10% clay, 6% silt, and 80% sand, excluding organic matter content). The soil
samples were collected from three typical treatments that reflected current agronomic
regimes: FYM applied at 25-50 t ha* y* for 28 y (high manure application, High-M),
FYM applied at 10 t hat y?* for 16 y supplemented with chemical fertilisers (low
manure application, Low-M), and chemical fertilisers only (No-M), with P and K
inputs equivalent to 25-50 t ha y* FYM. Each treatment consisted of four replicates.
Each plot was 8.83 x 8.00 m with a 5-year arable rotation (since 2003 this has been
spring barley and mustard, winter beans, winter wheat, forage maize, and mustard,

and winter rye).

The treatment plots received chemical fertilisers or organic manures for three

periods between 1964 and 2018. In the High-M treatment, FYM was applied from
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1966-71, 198187, and 2003-18 (28 y in total). FYM was applied at 50 t ha in the
first two build-up periods and 25 t ha! in the final period. In the Low-M treatment,
FYM was applied at 10 t ha from 2003 onward (16 y in total). Before this, it
received chemical fertilisers (P & K) equivalent to 7.5 t ha? straw input, containing
approximately 30.8 kg N ha’. The No-M treatment received chemical fertilisers as N,
P, and K at rates equivalent to High-M during the same years. Since 2003, the Low-M
and No-M treatments received annual N (nitrochalk), P (triple superphosphate), and K
and S (potassium sulphate) fertilisers at 165, 20, 83, and 36 kg ha™, respectively
(equivalent annual rate for a 5-year crop rotation). All other aspects of agronomic
management, including harvesting, tillage regime, herbicides and fungicides were
consistent among the three treatments. Herbicides including spring-applied Atlantis
(mesosulfuron-methyl  + iodosulfuron-methyl-sodium, 3:0.6% w/w, Bayer
CropScience Ltd, Cambridge, UK) at 400 mL ha?, Hiatus (thifensulfuron-methyl +
tribenuron-methyl, 40:15% w/w, Rotam Global AgroSciences Ltd, Hong Kong) at 50
g hal, and Sprinter (2,4-D as the dimethylamine and the monomethylamine salts,
700g L, Nufarm Ltd, Otahuhu, Auckland, New Zealand) at 2 L ha; fungicides
including spring-applied Keystone (isopyrazam + epoxiconazole, 11.6:9.2% wi/w,
Agrichem, Yatala, Queensland, Australia) at 500 mL ha™, Folicur (tebuconazole,
25.9% w/w, Bayer CropScience Ltd, Cambridge, UK) at 800 mL ha?, and Cello
(prothioconazole + tebuconazole + spiroxamine, 10.3:10.5:26.3% w/w, Bayer
CropScience Ltd, Cambridge, UK) at 630 mL ha™*. The total N, P, and S inputs during

the build-up phase (1964—-2018) under No-M were 2.46, 1.77, and 0.96 t, respectively.
9
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The total C, N, P, and S inputs under High-M were 112.50, 5.80, 1.26, and 1.22 t,
respectively, while that under the Low-M treatment was 14.10, 2.63, 1.69, and 1.00 t.
Further details of the agronomic regime and experiment can be found in Ma et al.

(2020D).

Winter rye (Secale cereale L.) was sown in the plots, and sampling was
performed at the grain-filling stage in 2018. From each of four plots per treatment, the
topsoil (0-23 cm plough layer) and subsoil (23-38 cm) samples were collected using
a 2.5 cm diameter corer (18 cores per plot to make up one replicate). The soil was
thoroughly mixed by hand and passed through a 5 mm sieve to remove roots, stones,
and earthworms. The soil samples were then portioned into three parts: the first was
stored at —80 °C to analyse soil metabolites and microbial community, the second was
stored at 4 °C to assess soil microbial biomass, and the third was air-dried to

determine basic soil properties.

Determination of soil properties

Basic soil properties were determined using traditional methods. Soil pH was
determined at a 1:2.5 (v/v) soil: H2O ratio. Total C and N were measured by dry
combustion of finely milled soil using a CHN-2000 Analyser (Leco Co., St. Joseph,
MI, USA). To determine the K.SO. extractable C and N (total, organic, NOs", and
NH."), 5 g of moist soil was extracted with 25 mL of 0.5 M K>SO4 for 30 min at 200
rpm, and centrifuged for 10 min at 12 000 x g at 25 °C. The dissolved organic C

(DOC) and total dissolved N (TDN) in the extracts were detected using a multi N/C

10
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223

2100S TOC-TN Analyser (Analytic Jena AG, Jena, Germany). The NO3  and NH4"
content in the extracts were detected colourimetrically using a microplate
spectrophotometer (BioTek Instruments Inc., Winooski, VT, USA). Extractable
organic N was calculated by subtracting the NO3™ and NH4" content from TDN. Soil
microbial biomass C (MB-C) and N (MB-N) were determined using the CHCIs3
fumigation-extraction method (Vance et al., 1987). Organic C and N were extracted
and detected from the fumigated soil in the same manner as from non-fumigated soil.
MB-C and MB-N were calculated by a conversion factor of 2.22 for both C and N
(Vong et al. 2003). The total soluble protein in the extracts was estimated by the acid
hydrolysis of proteins in solution, and amino acids were subsequently determined, as
described by Roberts and Jones (2008), and have been reported previously (Ma et al.
2020b). The 0.5 M K>SO extracts were passed through a 1 000 MW ultrafiltration
membrane using an Amicon® stirred cell (Merck-Millipore, Billerica, MA, USA). To
quantify the fraction of peptides and free amino acids. Amino acids in the flow-
through were detected using the fluorometric OPAME method before and after acid

hydrolysis with 6 M HCI (105 °C, 16 h) under N2 (Jones et al. 2002).

Untargeted metabolomics detected by GC-TOFMS/MS

The soil samples stored at —80 °C were freeze-dried using an Edwards Super Modulyo
freeze-drier (SciQuip Ltd., Shropshire, UK) for 3 d. The dried soil was ground using a
ball mill (Retsch MM200, GmbH, Haan, Germany) to promote metabolite recovery
from the microbial biomass (Wang et al. 2015). The samples were extracted by 3:3:2

11
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(v/viIv) acetonitrile-isopropanol-water (Brailsford et al. 2019; Brown et al. 2021), as
this extraction method can extract a broad range of metabolites. The untargeted
metabolome was analysed at the UC Davis West Coast Metabolomics Facility using
an automated linear exchange-cold injection system (ALEX-CIS) GC time of flight
(TOF) MS (Brailsford et al. 2019; Brown et al. 2021). Briefly, 0.5 uL of the extracted
solution was injected into an Rtx-5Sil MS capillary column (0.25 pum 95%
dimethylsiloxane/5% diphenylpolysiloxane coating; 30 m length x 0.25 mm i.d.;
Restek Corp., Bellefonte, PA, USA). This chromatography method yields excellent
retention and separation of primary metabolite classes (amino acids, hydroxyl acids,
carbohydrates, sugar acids, sterols, aromatics, nucleosides, amines, and miscellaneous
compounds) with narrow peak widths of 2-3 s and very good within-series retention
time reproducibility of better than 0.2 s absolute deviation of retention times. The GC
thermal program was run at 50 °C for 1 min, then increased to 330 °C at 20 °C min?,
and finally maintained at 330 °C for 5 min, with a He mobile phase. Upon elution,
samples were injected into a Pegasus IV GC-TOF-MS (Leco Corp., St Joseph, MI,
USA), using a mass resolution of 17 spectra s, from 80-500 Da, at —70 eV ionisation
energy and 1800 V detector voltage, with a 230 °C transfer line and 250 °C ion source
(Withers et al. 2020). A mixture of internal retention index markers was prepared
using fatty acidmethyl esters of C8, C9, C10, C12, C14, C16, C18, C20, C22, C24,
C26, C28, and C30 linear chain length, dissolved in chloroform at concentrations of
0.8 mg mL™* (C8-C16) or 0.4 mg mL™* (C18-C30) as detailed in Fiehn et al. (2008).

The raw data files were pre-processed directly after data acquisition and stored as
12
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ChromaTOF-specific *.peg files. ChromaTOF v. 2.32 (Leco Corp.) was used for data
pre-processing without smoothing, with a 3 s peak width, baseline subtraction just
above the noise level, and automatic mass spectral deconvolution and peak detection
at signal/noise levels of 5:1 throughout the chromatogram. Apex masses were reported
for use in the BinBase algorithm. The results were exported to a data server with
absolute spectra intensities and further processed by a filtering algorithm implemented
in the metabolomics BinBase database, as shown in Withers et al. (2020). Both known
and unknown compounds were analysed using MetaboAnalyst v4.0 (Chong et al.,
2018; Xia and Wishart 2016). Prior to analysis, the data were logio transformed and

scaled by Pareto scaling (Chong et al. 2018).

Untargeted metabolomics detected by UHPLC-QTOFMS/MS

Complex lipid extraction was conducted using a modified bi-phasic method (Matyash
et al. 2008), which is advantageous as the lipids are retained in the upper extraction
phase, and the methyl tertiary-butyl ether (MTBE) solvent has a density lower than
that of water. Compared to chloroform (CHClz), MTBE can be detected directly
without the risk of contamination from the interphase or aqueous phase. Briefly, 225
uL of MeOH with internal standards was added to a 40 mg freeze-dried and ground
soil sample and vortexed for 20 s; 750 uL. MTBE was subsequently added and
vortexed for 10 min. Samples were placed in a bead grinder for 30 s and then shaken
for 6 min at 4 °C; 188 uL of MS-grade water was added, and the sample was
centrifuged for 2 min at 14 000 x g at 4 °C. The upper phase was transferred to two

13
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tubes (350 uL/tube), and one tube was evaporated to dryness using a SpeedVac. Dried
extracts were re-suspended with a mixture of 1:9 toluene: MeOH (v/v) and an internal
standard. The samples were analysed using an Agilent 1290 Infinity liquid
chromatography (LC) system (G4220A binary pump, G4226A autosampler, and
G1316C Column Thermostat) coupled to an Agilent 6530 MS (positive ion mode).
Lipids were separated on an Acquity ultra high-pressure chromatography (UHPLC)
CSH C18 column (1.7 um; 100 x 2.1 mm) (Brown et al. 2021). The data were
processed by the mass spectrometry-data independent analysis (MS-DIAL) software
(Tsugawa et al. 2015), followed by data clean-up using the mass spectral feature list
optimiser (MS-FLO) (Defelice et al. 2017). Peaks were annotated, and the
MassHunter Quant software was applied to verify peak candidates (Brown et al.
2021). Valid and reproducible peaks were analysed using targeted MS/MS to increase
overall peak annotations. In addition, nine internal standards were used to convert
peak heights into good estimates of absolute (micromolar) concentrations for a range
of biogenic amines typically detected in biofluids and tissues (shown in supporting
materials). Notably, internal standards were included, but only for peak correction and
quality control. Therefore, the data presented are qualitative, and the compounds were
tentatively identified in line with typical untargeted analyses (Brown et al. 2021). This
UHPLC-TOFMS/MS method reportedly yields an excellent retention and separation
of acylcarnitines, trimethylamine oxide, cholines, betaines, S-adenosine methionine,
S-adenosine-L-homocysteine, nucleotides and nucleosides, methylated and acetylated

amines, di- and oligopeptides, while also yielding excellent retention and separation
14
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of metabolite classes with narrow peak widths of 5-20s (biogenic amines, cationic
compounds). The internal standards were D3-Creatinine (392 ng mL™), D9-Choline
(50 ng mL1), D9-TMAO (49 ng mL1), D3-1-Methylnicotinamide (130 ng mL™),
Valine-Tyrosine-Valine (146 ng mL™), D9-Betaine (151 ng mL™?), D3-AC(2:0) (33 ng
mL7), D3-Histamine, N-methylproline (31 ng mL™), D3-L-Carnitine (158 ng mL™),
D3-Creatine (171 ng mL™?), D5-L-Glutamine (1941 ng mL™), D3-DL-Glutamic acid
(2426 ng mL1), D3-DL-Aspartic acid (9901 ng mL™?), D4-Cystine (721 ng mL1), D4-
Alanine (2847 ng mL™), D7-Arginine (743 ng mL™), D3-Asparagine (720 ng mL™?),
D5-Histidine (990 ng mL™), D10-Isoleucine (885 ng mL™), D10-Leucine (1856 ng
mL1), D8-Lysine (681 ng mL™), D8-Methionine (495 ng mL™), D2-Ornithine (632 ng
mL1), D8-Phenylalanine (743 ng mL™), D7-Proline (1274 ng mL™%), D3-Serine (2475
ng mL™), D5-Threonine (1406 ng mL™), D8-Tryptophan (619 ng mL™?), D8-Valine

(5569 ng mL™).

Soil DNA extraction and sequencing of bacteria and fungi

Following the manufacturer’s protocols, DNA from soil subsamples (0.5 g) was
extracted using a FastDNA SPIN kit (MP Biomedicals, Irvine, CA, USA). A
NanoDrop ND-1000 UV-Vis spectrophotometer (NanoDrop Technologies,
Wilmington, DE, USA) was then used to identify the concentrations and quality of the
extracted DNA. Primers 515F-806R (Brown et al. 2021) for bacteria and ITS1F-ITS2
(Gardes and Bruns 2010) for fungi were used for amplification. The polymerase chain
reaction products were sequenced using the Illumina Novaseq platform. Bacterial and
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fungal sequence data were processed using an in-house pipeline (Kai et al. 2017).
Sequences with a length exceeding 200 bp were retained for downstream analyses.
Operational taxonomic units (OTUs) were clustered at a 97% similarity. We annotated
the taxonomic data for representative sequences of bacteria and fungi using the SILVA
(Quast et al. 2012) and UNITE (Nilsson et al. 2019) databases, respectively. A total of
1790 490 and 1 616 428 high-quality bacterial and fungal sequences were generated
with an average read count of 74 604 (55 781-85 255) and 67 351 (43 939-81 715)

per sample, respectively.

Data and statistical analysis

All statistical analyses were performed using R (version 3.4.3). The metabolomics
data were logio transformed. Agglomerative hierarchical clustering analyses were
performed for the metabolite concentration data under fertiliser treatment and soil
depth according to Pearson correlation coefficients. The dendrograms were combined
with heat maps generated based on the z-scores of metabolite concentrations.
Principal component analysis (PCA) was performed to determine the relationship
between fertiliser treatment and C, N, and metabolites at two soil depths. One-way
ANOVA and Tukey post-hoc testing were used to assess the differences among the
fertiliser treatments, and the Shapiro-Wilk test was used to check for normality; the
topsoils and subsoils were analysed separately (p < 0.05). A random forest analysis
was performed using the ‘randomForest” R package of the Linear discriminant
analysis effect size (LEfSe) on the Galaxy platform. The interaction between
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metabolite concentrations and the microbial community was visualised using the

‘psych’ package in R and Gephi (http://gephi.github.io/).

Results

Effect of long-term fertiliser on soil properties

In the collected sandy soil samples, manure application increased the total and
dissolved contents of C (Total C, DOC) and N, which increased with the FYM
application rate (Fig. S1). Generally, the total and dissolved C and N contents were
greater in the topsoil than in the subsoil. The peptide and amino acid contents were
clustered with DOC. In addition, MB-C and MB-N were clustered with total C and N,

SOM, and protein content.

Effects of long-term fertiliser on primary metabolites detected by GC-TOFMS/MS

The untargeted primary metabolomics analysis using GC-TOFMS/MS tentatively
identified 186 compounds, of which 71 were previously identified. Among the known
compounds, the concentrations of 33 compounds differed significantly between
treatments (p < 0.05) (supporting materials). In contrast, the dissolved SOM content
extracted by 3:3:2 (v/v/v) acetonitrile-isopropanol-water was generally lower in the
subsoil than in the topsoil. There were two distinct responses: the concentrations in
the first group decreased with long-term Low-M and High-M treatments and showed

higher concentrations in the topsoil compared to those in the subsoil (n = 12); the
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second group had higher concentrations in the subsoil than those in the topsoil (n =
59). The 50 most significant known metabolites revealed by ANOVA are presented in

Fig. 1.

Effects of long-term fertiliser on primary metabolites detected by UHPLC-

QTOFMS/MS

The curated complex lipid analysis identified 2 944 individual compounds, of which
144 were known (supporting materials). Among these previously identified
compounds, the 90 that appeared in the highest concentrations were clustered into

three groups:

(1) Compounds that appeared at higher concentrations in the topsoil than the subsoil
and at higher concentrations under the No-M than the Low-M and High-M

treatments (n = 35).

(2) Compounds that appeared at higher concentrations in the topsoil than in the
subsoil and at the highest concentrations under the highest manure application (n

= 24).

(3) Compounds with higher concentrations in the subsoil than in the topsoil (n = 31).
The 50 most significant known metabolites revealed by ANOVA are presented in Fig.

2.

PCA analysis of soil properties and soil metabolomics

We observed a significant difference between the properties of the topsoil and subsoil
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of the Low-M treatment and a large difference between the No-M and High-M
treatments. The PCA indicated that the No-M and High-M treatments significantly
influenced the soil metabolomes detected by GC-TOFMS/MS and UHPLC-

QTOFMS/MS (Fig. 3).

A linear relationship between dissolved organic matter and metabolites detected by

GC-TOFMS/MS and UHPLC-QTOFMS/MS

The metabolite profiles detected by GC-TOFMS/MS and UHPLC-QTOFMS/MS
were inversely correlated (Fig. S2). Therefore, while the metabolites detected by
UHPLC-QTOFMS/MS were positively correlated to SOM, EON (extractable organic
nitrogen), and MB-C, those detected by GC-TOFMS/MS were inversely correlated
(Fig. 4). In addition, several compounds such as tyrosine, glucose-1-phosphate,
leucine, glutamine, and isoleucine were detected by both GC-TOFMS/MS and
UHPLC-QTOFMS/MS, but only isoleucine detected by GC-TOFMS/MS was

positively linked with that detected by UHPLC-QTOFMS/MS.

Response of bacterial and fungal communities to long-term organic and inorganic

fertiliser application

The LEfSe analysis identified the microbial taxa that differed significantly between
fertiliser regimes (Fig. 5). The High-M treatment had the most enrichment indicators
(that were significant), whereas the Low-M treatment had the least. Among the
bacteria, indicators belonged mainly to Proteobacteria, Actinobacteria, Firmicutes,

and Acidobacteria, the predominant bacterial phyla (Fig. 5A). Particularly in the Low-
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M treatment, Nitrospirae, which are involved in soil nitrification, were enriched. In
the High-M treatment, the identified indicators included Bacillus and Proteobacteria,
Actinobacteria, and Firmicutes. Among the fungi, the most prominent indicators were
Ascomycota, Mucoromycota, and Aphelidiomycota, the predominant fungal phyla
(Fig. 5B). Long-term high-rate manure application (High-M) significantly increased
the abundance of Ascomycota, whereas long-term chemical fertiliser application (No-

M) significantly enriched Mucoromycota.

Metabolites drive microbial community succession

The random forest analysis revealed the relative importance of metabolites in
determining microbial community succession. The 15 most important metabolites are
presented in Fig. 6. The most important driver of both bacterial and fungal community
succession was 5'-methylthioadenosine (MTA). After that, N-epsilon-acetyllysine,
gamma-glutamylleucine, histidine, and 3-indolepropionic acid correlated the most
with the bacterial community (Fig. 6A). Fungal community succession correlated
most strongly with 2'-O-methyladenosine, 1,4-cyclohexanedione, isobutyryl-L-

carnitine, and corticosterone after MTA (Fig. 6B).

We constructed a co-occurrence network based on the LEfSe and random forest
analysis results to further clarify the correlation between the microbial taxa and
specific metabolites (Fig. 7). The 15 most important metabolites for the two
communities and the identified indicators were selected to construct the co-occurrence

network. There were more positive than negative correlations between bacterial taxa

20



413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

and metabolites (69.5%) and fungal taxa and metabolites (67.9%) in the network.
Among the bacterial taxa in the network, the family Planococcaceae and genus
Paenibacillus showed the most correlations (8) with metabolites (Fig. 7A and Table
S1). In the case of metabolites, gamma-glutamylleucine had the most correlations (20)
with bacterial taxa. The fungal network was simpler, with fewer nodes and total
degrees (Fig. 7B and Table S2) than the bacterial network. Aspergillus caesiellus and
Thermomyces lanuginosus had the most correlations (8) with metabolites among the

fungal taxa in the network, and MTA had the most links with fungal taxa.

Discussion

Effect of long-term organic and inorganic fertiliser application on soil organic matter

As expected, long-term FYM increased the stock of soil total and DOM directly by
adding large amounts of organic C and nutrients and indirectly by increasing the
microbial biomass (Liu et al. 2020; Ma et al. 2018). Microorganisms can rapidly
utilise organic C, and the microbial necromass contributes greatly to SOC (soil
organic C) sequestration, especially in soils supplemented with manure and that have
an enhanced microbial biomass (Cui et al. 2020; Ma et al. 2020a; Wang et al. 2021).
Based on the evaluation of glucosamine and muramic acid from bacterial and fungal
necromasses, Wang et al. (2021) found that microbial necromass contributed to
approximately half of the soil organic C in grassland and cropland soils. Therefore,
the increased microbial biomass after FYM application could stimulate the formation
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of SOM.

Long-term high FYM application increased the EON content in the subsoil but
not in the topsoil, which was in direct contrast to the effect of the chemical fertilisers.
We ascribe this to the blockage of sorption sites by organic acids and humic
substances released from the manure (Haynes and Mokolobate 2001), which increases
soluble organic N leaching to the subsoil (similar to that of soil soluble organic P)
(Ma et al. 2020a). The sandy soil we studied has a lower adsorption ability compared
to soils with high clay content; therefore, leaching has a greater effect on dissolved

SOM content.

Effect of long-term organic and inorganic fertiliser application on soil metabolites

detected by GC-TOFMS/MS

Besides the basic chemical and physical soil characteristics, metabolic profiles
especially sugars, amino acids, and organic acids are an important indicator of soil
quality and ecosystem function (Withers et al. 2020). Metabolites can be sensitive to
changes in the soil environment directly related to the physicochemical properties and
microbial community. The metabolomics data detected by GC-TOFMS/MS was
negatively linked to dissolved organic C and N contents. Also, the total metabolite
content detected by GC-TOFMS/MS and UHPLC-QTOFMS/MS were negatively
correlated. While GC-TOFMS/MS can detect numerous primary metabolites, it is
generally limited by its poor resolving power for highly labile metabolites and several

N-containing metabolites, such as coelute and other sugar compounds with the same
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m/z (Brown et al. 2021). Additionally, the samples were only detected by MS in
positive ion mode; therefore, compounds only detectable in the negative mode were
missed. Furthermore, some compounds, such as glycine betaine, are not amenable to
derivatisation and hence are undetectable (Brown et al. 2021). Therefore, in this study,
the compounds detected by GC-TOFMS/MS were not exhaustive, and the
metabolomics data detected by GC-TOFMS/MS was negatively correlated to EON.
The extraction solution might also greatly affect the metabolites detected. Extractions
using 3:3:2 (v/v/v) acetonitrile-isopropanol-water reportedly cover a broad range of
metabolites, which is still lower than that when using water or other solutions (Lee et
al. 2012; Swenson et al. 2015). Likewise, when focusing on sterols and fatty acids,
higher concentrations of organic solvent are needed, and aqueous solutions are better
at extracting polar and small compounds due to the polar nature of the compounds
(Swenson et al. 2015). Our results suggest that the metabolome detected by GC-
TOFMS/MS might not accurately reflect the state of the soil and that UHPLC-
QTOFMS/MS may yield more informative results in these sandy soils. However, this
result is based on one study site, and the results may be different if focusing on

different soils.

Effect of long-term organic and inorganic fertiliser application on soil metabolites

detected by UHPLC-QTOFMS/MS

The selected compounds detected by UHPLC-QTOFMS/MS were clustered into three
groups. The first group included compounds that were more concentrated in the
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topsoil than the subsoil and more concentrated under chemical fertiliser application
(No-M) than under low and high manure application (n = 35). Their lower
concentration in the subsoil could be due to the higher absorption by soil particles, as
limited compounds in the topsoil leached to the subsoil. The group comprised
predominantly large molecular compounds, such as corticosterone, phenylacetamide,
coniferylaldehyde, quinolone, nicotine, and hexadecylamine, which might have been
derived as secondary metabolites from soil microorganisms after they utilised the
nutrients from chemical fertilisers. The long-term use of chemical fertiliser might
stimulate microorganisms to synthesise those compounds and assimilate the inorganic
nutrients to adapt to the environmental changes caused by chemical fertiliser
application. The second group of compounds had the highest concentration in the
topsoil under high manure application. This group might have been derived from
farmyard manure or microbial cycling. The last group had the highest concentration in
the subsoil, either because they leached into the subsoil because of a lower adsorption
ability, or because they were derived from microorganisms adapted to oxygen-

deficient conditions in the subsoil (Ma et al. 2020a).

The metabolome detected by UHPLC-QTOFMS/MS was strongly correlated to
total and dissolved SOM, indicating that UHPLC-QTOFMS/MS better reflected SOM
content and composition, at least in this sandy bulk soil. In addition, the compounds
were not strongly correlated to the dissolved organic C but were strongly correlated to

extractable organic N. This might have been caused by the decoupling of C and N in
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some compounds.

Correlations between soil metabolism and the bacterial community

Dissolved organic C, especially low molecular-weight compounds, including root
exudates, could be utilised directly as C sources by soil microbes (Swenson et al.
2015). Therefore, soil metabolomics could improve our understanding of the coupling
between organic/inorganic compounds and microbial communities in the soil (Johns
et al. 2017). In this study, the most correlated factor for both bacterial and fungal
community succession was MTA, followed by N-epsilon-acetyllysine, gamma-
glutamylleucine, histidine, and 3-indolepropionic acid for the bacterial community
(Fig. 6A) and 2'-O-methyladenosine, 1,4-cyclohexanedione, isobutyryl-L-carnitine,
and corticosterone for the fungal community (Fig. 6B). MTA is a naturally occurring
sulphur-containing nucleoside, indicating that S metabolism is important for the
formation of microbial communities. Recently, S might have become a limiting
element for microbial growth as a result of considerably decreased sulphur dioxide
emissions following strict air-quality regulations, application of fertilisers with a
limited S content, and a reduced S return via farmyard manure (Piotrowska-Dtugosz

etal. 2017).

N-epsilon-acetyllysine is a derivative of the amino acid lysine, and A glutamyl-
L-amino acid is obtained through formal condensation of the gamma-carboxy group
of glutamic acid with the amino group of leucine. Indole-3-propionic acid is a

bacterial metabolite that exerts antioxidant and neuroprotective activities. Most of

25



518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

these metabolites are amino acid derivatives, which can be utilised by soil
microorganisms, hence regulating microbial activity and/or changing microbial
diversity (Ma et al. 2021b). Maltose and sucrose are low molecular compounds
directly utilised as energy sources by microbes in the soil (Vives-Peris et al. 2020). In
particular, organic acids and sugars are the main drivers of shifts in soil microbial
communities in the rhizosphere and are positively or negatively correlated with the

relative abundances of bacteria (Song et al. 2020; Swenson et al. 2015).

Our results showed that metabolite profiling and high-throughput sequencing
could be successfully integrated. We found more positive correlations between
bacterial taxa and metabolites (69.5%) and fungal taxa and metabolites (67.9%) than
negative correlations in the co-occurrence network. The family Planococcaceae and
genus Paenibacillus showed the most correlations with metabolites among the
bacterial taxa in the network (Fig. 7A and Table S1). Paenibacillus is an important
bacterium in bulk soil that plays an important role in N fixation, hormone production,
siderophore secretion, and mineral nutrient activation (Li et al. 2021; Timmusk et al.
2005). In the rhizosphere, Proteobacteria are reported to be the main utilisers of plant
root exudates (Haichar et al. 2008) and respond positively to low molecular-weight
substances (Goldfarb et al. 2011). However, Bacteroidetes is not a dominant bacterial
phylum in bulk soil but is found in high abundance in the rhizosphere (Aleklett et al.
2015). Therefore, it was not the dominant bacterial phylum in the tested bulk soil. In

the case of metabolites, gamma-glutamylleucine had the most links (20) with bacterial
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taxa.

Unlike the bacterial network, the fungal network was simpler, with fewer nodes
and lower total degrees (Fig. 7B and Table S2). Previous studies have demonstrated
that fungi tend to decompose recalcitrant SOC, such as lignin and cellulose, and
bacteria then utilise the fungal-derived products (de Boer et al. 2005). Among the
fungal taxa in the network, Aspergillus caesiellus and Thermomyces lanuginosus had
the most correlations (8) with metabolites. In addition, MTA was found with the most
degrees with the fungal taxa. Soil microbial community composition can be achieved
by high-throughput sequencing. However, the actual microbial functions, such as their
metabolism, are difficult to obtain with soil metagenome or amplicon sequencing

(Jansson and Hofmockel, 2018).

The soil metabolome was formed mainly of organic acids, sugars, and sugar
derivatives, which were largely negatively correlated with bacterial alpha-diversity.
Compared to sugars, organic acids accounted for more bacterial community
compositions at high taxonomic ranks, but this was reversed at the species and genus
levels. Keystone species in the co-occurrence network, such as Microvirga,
Bryobacter, and Bradyrhizobium were significantly correlated with organic acids and
sugars (Liu et al. 2020). We anticipate that these substrate-genome linkages could be
further evaluated and refined using other approaches. Stable isotope probing coupled
with labelled DNA sequencing (Orsi et al. 2016; Pepe-Ranney et al. 2016) and
integrated NanoSIMS and FISH imaging (Woebken et al. 2015; Fike et al. 2008) may
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be used to examine the spatial localisation of microbes and their activities (Swenson
et al. 2018). Complementary analyses of metabolic flux through real-time MS or
NMR combined with stable isotopes may also offer a deeper understanding of
metabolic network dynamics (Ina and David 2016; Jeong et al. 2017). A metabolomic
profile alone cannot provide a complete understanding of interacting molecular
pathways and their modes of regulation; the variation of metabolite levels cannot
definitively infer functional change. Combining genomic and proteomic or
transcriptomic results with metabolites may contribute toward a more holistic

understanding of soil microbial function and regulation (Trauger et al. 2008).

Conclusions

We found that long-term farmyard manure application enhanced the total and
dissolved soil contents of C and N. The metabolome detected by UHPLC-
QTOFMS/MS was positively linearly correlated to SOM, EON, and MB-C, indicating
that the metabolites detected by UHPLC-QTOFMS/MS reflect the soil organic matter
content and composition. There were more positive correlations between bacterial and
fungal taxa and metabolites than negative correlations in the network. The family
Planococcaceae and genus Paenibacillus showed the most correlations with
metabolites among the bacterial taxa in the network. Combining genomic and
proteomic or transcriptomic results with metabolites may contribute toward a more
holistic understanding of soil microbial function and regulation. It is impossible to
extract all metabolites from soil, and the detected metabolites depend on the
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extracting solution; therefore, a more detailed exploration of both extraction and
detection methods that more accurately reflect the composition of soil compounds and

their turnover is needed.
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Figure captions

Fig. 1. Heat map of the 50 most significant known metabolites (detected by GC-
TOFMS/MS) identified by ANOVA. Metabolites were clustered by Pearson
correlation. The colour of squares linking metabolites to samples ranges from blue to
red, indicating the number of standard deviations from the mean. No-M, chemical
fertilisers without application of manure; Low-M, medium application rate of manure
with chemical fertilisers; High-M, high application rate of only manure. 4-amino acid:
4-amino butyric acid; 4-hydro acid: 4-hydroxybenzoic acid; N-acety.: N-
acetylmannosamine; UDP-N-acety.. UDP-N-acetylglucosamine; gly. alf. phos.:
glycerol-alpha-phosphate; glucose-1-phos: glucose-1-phosphate; beta-mann.: beta-

mannosylglycerate.

Fig. 2. Heat map of the 50 most significant known metabolites (detected by UHPLC-
QTOFMS/MS) identified by ANOVA. Metabolites were clustered by Pearson
correlation. The colour of squares linking metabolites to samples ranges from blue to
red, indicating the number of standard deviations from the mean. No-M, chemical
fertilisers without application of manure; Low-M, medium application rate of manure
with chemical fertilisers; High-M, high application rate of only manure. Butyl:
butylisopropylamine, N-N,N-dipro: N-(4-piperidinyl)-N,N-dipropylamine; 4-hydro:
4-hydroxy-1-(2-hydroxyethyl)-2,2,6,6-tetramethylpiperidine;  3-indol.  Acid:  3-

indoleacetic acid, arach. dopam.: arachidonyl dopamine; N,N-diethyl: N,N-diethyl-2-
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aminoethanol; indole-3-carbox.: indole-3-carboxaldehyde; guanid. acid: 4-
guanidinobutyric acid; isobu. carni.: isobutyryl-L-carnitine; 1,1-dimet.: 1,1-dimethyl-
4-phenylpiperazinium; 4-amino. Acid: 4-aminobenzoic acid; 5-methy.: 5'-
methylthioadenosine; glycer.: glycerophosphocholine; atrazine-desis.: atrazine-
desisopropyl-2-hydroxy; 8-0xo-2-deoxy.: 8-o0xo-2-deoxyadenosine; N-epsilon-acety.:

N-epsilon-acetyllysine; gamma-gluta.: gamma-glutamylleucine.

Fig. 3. Principal component analysis (PCA) of soil carbon and nitrogen content
detected by traditional methods (A), and metabolites detected by GC-TOFMS/MS (B)
and UHPLC-QTOFMS/MS (C) under long-term (1964—-2018) manure and chemical
fertiliser applications. Prior to analysis, the data were logio transformed. No-M,
chemical fertilisers without manure application; Low-M, medium application rate of
manure with chemical fertilisers; High-M, high application rate of only manure; T,

topsoil; S, subsoil.

Fig. 4. Linear correlations of metabolites detected by GC-TOFMS/MS (A) and
UHPLC-QTOFMS/MS (B) with soil carbon and nitrogen content detected by
traditional methods under long-term (1964-2018) manure and chemical fertiliser
applications. DOC, dissolved organic carbon; SOM, soil organic matter; EON,
extractable organic N; MB-C, microbial biomass carbon; MB-N, microbial biomass

nitrogen.

Fig. 5. The response of bacterial (A) and fungal (B) communities at phylum to genus

levels to long-term organic and inorganic fertiliser application based on a linear
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discriminant effect size analysis. Only taxa meeting a linear discriminant analysis
significance threshold of LDA > 3 are shown and colour-coded. The six rings of the
cladogram indicate the domain (d), phylum (p), class (c), order (0), family (f), and

genus (g), from inside to outside.

Fig. 6. Random forest analysis to determine factors affecting bacterial (A) and fungal
(B) community succession. The metabolites detected by UHPLC-QTOFMS/MS were

used in this analysis.

Fig. 7. Co-occurrence network of the metabolites and bacterial (A) and fungal taxa
(B). The node size represented the degree in the network. Only significant Pearson
correlation coefficients (r > 0.8 or r < 0.8 and p < 0.05) are shown. The metabolites
detected by UHPLC-QTOFMS/MS were used in this analysis. Light purple and red
lines indicate positive and negative correlations, respectively. Pink circles represent

microorganisms, and green circles represent metabolites.
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