N atu re co m m u n i cati o n S https://doi.org/10.1038/541467-026-73231-9

Article in Press

Functional restructuring of the global soil
microbiome under multiple stressors

Received: 2 September 2025

Accepted: 6 May 2026

Cite this article as: Chen, R,, Luo, S.,
Feng, Y. et al. Functional restructuring
of the global soil microbiome under
multiple stressors. Nat Commun
(2026). https://doi.org/10.1038/
s41467-026-73231-9

Ruirui Chen, Shuhong Luo, Youzhi Feng, Fernando T. Maestre, Tadeo Saez-Sandino,
Nicolas Gross, Yoann Le Bagousse-Pinguet, Victoria Ochoa, Beatriz Gozalo, Emilio
Guirado, Miguel Garcia-Gomez, Enrique Valencia, Sergio Asensio, Jaime Martinez-
Valderrama, Betty Josefina Mendoza, Sebastian Abades, Fernando Alfaro, Matt Barrett,
Miguel Berdugo, José Luis Blanco Pastor, Niels Blaum, Bazartseren Boldgiv, Matthew
Bowker, Helena Castro, Haiyan Chu, Nick A. Cutler, Zhongmin Dai, Balazs Deak, Jorge
Duran, Carlos Ivan Espinosa, Alex Fajardo, Kunkun Fan, Ana Foronda, Lauchlan H. Fraser,
Katja Geissler, Tine Grebenc, Elizabeth Gusman Moltanvan, Stephen C. Hart, Liana
Kindermann, Melanie Kdbel, Lauri Laanisto, Peter (. le Roux, Pierre Liancourt, Anja
Linstadter, Michelle A. Louw, Petr Macek, Gillian Maggs-Kdlling, Thulani P.
Makhalanyane, Antonio J. Manzaneda, Eugene Marais, Daniel Montesinos, Juan P.
Mora, Gerardo Moreno, Seth M. Munson, Miriam Mufioz-Rojas, Girish R. Nair, Sigrid
Neuhauser, Alice Nunes, Cesar Plaza, Yolanda Pueyo, Pedro J. Rey, Ana Rey, Asuncion de
los Rios, Alexandra Rodriguez, Borja Rodriguez Lozano, Raul Roman, Jan C. Ruppert,
Ayman Salah, Jay Singh, Heather L. Throop, Samantha Travers, Tina Unuk Nahberger,
Munkhbat Uuganbayar, Orsolya Valke, Lixin Wang, Mark A. Williams, Chao Xiong,
Jianming Xu, Eli Zaady, Bin Ma, Brajesh K. Singh & Manuel Delgado-Baquerizo

We are providing an unedited version of this manuscript to give early access to its
findings. Before final publication, the manuscript will undergo further editing. Please
note there may be errors present which affect the content, and all legal disclaimers

apply.

If this paper is publishing under a Transparent Peer Review model then Peer
Review reports will publish with the final article.

© The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not
have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this
article are included in the article's Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the
article's Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.



Title Page
Title: Functional restructuring of the global soil microbiome under multiple stressors

Author list:

Ruirui Chen'f, Shuhong Luo*?*', Youzhi Feng'*, Fernando T. Maestre**, Tadeo Saez-Sandino®,
Nicolas Gross®, Yoann Le Bagousse-Pinguet’, Victoria Ochoa®, Beatriz Gozalo’, Emilio Guirado’,
Miguel Garcia-Gémez'®, Enrique Valencia!!, Sergio Asensio'’, Jaime Martinez-Valderrama'?,
Betty Josefina Mendoza'®, Sebastian Abades ', Fernando Alfaro'*, Matt Barrett!>!®, Miguel
Berdugo'!, José Luis Blanco Pastor!’, Niels Blaum'®, Bazartseren Boldgiv'?, Matthew Bowker?%2!,
Helena Castro??, Haiyan Chu®, Nick A. Cutler?®, Zhongmin Dai**, Balazs Dedk?, Jorge Duran?,
Carlos Ivan Espinosa?’, Alex Fajardo®®, Kunkun Fan®, Ana Foronda?’, Lauchlan Fraser’’, Katja
Geissler'®, Tine Grebenc’!, Elizabeth Gusman Moltanvan?’, Stephen C. Hart*’, Liana
Kindermann®?, Melanie K&bel**, Lauri Laanisto®, Peter C. le Roux?°, Pierre Liancourt®’*%, Anja
Linstidter’®>, Michelle A. Louw’, Petr Macek® *°, Gillian Maggs-Kélling®®, Thulani
Makhalanyane*!, Antonio Manzaneda*?, Eugene Marais*°, Daniel Montesinos'> !¢, Juan P. Mora®,
Gerardo Moreno**, Seth Munson*’, Miriam Mufioz-Rojas*®*’, Girish Nair*!, Sigrid Neuhauser®,
Alice Nunes**, Cesar Plaza®*°, Yolanda Pueyo?’, Pedro J. Rey**, Ana Rey°, Asuncién de los Rios™,
Alexandra Rodriguez?®, Borja Rodriguez Lozano®!, Raul Roman®?, Jan Ruppert*®, Ayman Salah®?,
Jay Singh®®, Heather L. Throop®, Samantha Travers®>>, Tina Unuk Nahberger’!, Munkhbat
Uuganbayar'*%, Orsolya Valk6?®, Lixin Wang®’, Mark A. Williams®, Chao Xiong>>’, Jianming
Xu®®$! Eli Zaady®?, Bin Ma®®¢!* Brajesh K. Singh®**, Manuel Delgado-Baquerizo*® ©3*

Affiliations:

’State Key Laboratory for Development and Utilization of Forest Food Resources, Nanjing
Forestry University, Nanjing, China.

’Shanghai Wildlife and Protected Natural Areas Research Center, Shanghai, China.

IState Key Laboratory of Soil and Sustainable Agriculture, Institute of Soil Science, Chinese
Academy of Sciences, Nanjing, China.

“Environmental Science and Engineering, Biological and Environmental Science and Engineering
Division, King Abdullah University of Science and Technology, Thuwal, Kingdom of Saudi Arabia.
SHawkesbury Institute for the Environment, Western Sydney University, Penrith, NSW, Australia
Université Clermont Auvergne, INRAE, VetAgro Sup, Unité Mixte de Recherche Ecosystéme
Prairial, Clermont-Ferrand, France.

’Aix Marseille Univ, CNRS, Avignon Université, IRD, IMBE, France.

8Instituto de Ciencias Agrarias, Consejo Superior de Investigaciones Cientificas, Madrid, Spain.
“Instituto Multidisciplinar para el Estudio del Medio “Ramoén Margalef”, Universidad de Alicante,
Carretera de San Vicente del Raspeig s/n, 03690 Alicante, San Vicente del Raspeig, Spain.
"Departamento de Ingenieria y Morfologia del Terreno, Escuela Técnica Superior de Ingenieros
de Caminos, Canales y Puertos, Universidad Politécnica de Madrid, Madrid, Spain.
"Departmento de Biodiversidad, Ecologia y Evolucion, Facultad de Ciencias Bioldgicas,
Universidad Complutense de Madrid, Madrid, Spain

I2Estacion Experimental de Zonas Aridas, Consejo Superior de Investigaciones Cientificas,
Carretera de Sacramento s/n, 04120 Almeria, Spain



I3Departamento de Biologia y Geologia, Fisica y Quimica Inorganica, Universidad Rey Juan
Carlos, Mostoles, Spain.

4L ineas de Base Publicas, Ministerio del Medio Ambiente, Gobierno de Chile, Chile.

I3 Australian Tropical Herbarium, James Cook University, Cairns, Queensland, Australia.
6College of Science and Engineering, James Cook University, Queensland, Australia.
7Departamento de Biologia, Instituto de Investigacion Vitivinicola y Agroalimentaria (IVAGRO),
Campus de Excelencia Internacional Agroalimentario (ceiA3), Universidad de Cadiz, Avenida
Republica Saharaui s/n, Puerto Real, Spain.

8University of Potsdam, Plan Ecology and Nature Conservation, Potsdam, Germany.
PDepartment of Biology, National University of Mongolia, Ulaanbaatar 14201, Mongolia.
20Center for Ecosystem Science and Society, Northern Arizona University, Flagstaff, AZ, USA.
2ISchool of Forestry, Northern Arizona University, Flagstaff, AZ, USA.

2’Centre for Functional Ecology, Associate Laboratory Terra, Department of Life Sciences,
University of Coimbra, Coimbra, Portugal.

23School of Geography, Politics and Sociology, University of Newcastle, UK.

24The rural development academy, Zhejiang University, Hangzhou, China.

2Lendiilet Seed Ecology Research Group, Institute of Ecology and Botany, HUN-REN Centre for
Ecological Research, 2-4 Alkotmany street, Vacratot, Hungary.

26Mision Bioldgica de Galicia, Consejo Superior de Investigaciones Cientificas, 36143 Pontevedra,
Spain.

?’Laboratorio de Ecologia Tropical y Servicios Ecosistémicos. Departamento de Ciencias
Biologicas y Agropecuarias, Universidad Técnica Particular de Loja, Ecuador.

?$Instituto de Investigacion Interdisciplinaria (I3), Vicerrectoria Académica, Universidad de Talca,
Chile.

YInstituto Pirenaico de Ecologia (IPE), CSIC, Av. Montafiana 1005, 50059, Zaragoza, Spain.
3'Department of Natural Resource Science, Thompson Rivers University, Kamloops, British
Columbia, V2C 0C8, Canada.

3Department of Forest Physiology and Genetics, Slovenian Forestry Institute, Ve¢na pot 2, 1000
Ljubljana, Slovenia.

32Life & Environmental Sciences and Sierra Nevada Research Institute, University of California,
Merced, CA, USA.

33Department of Biodiversity Research and Systematic Botany, University of Potsdam, Potsdam,
Germany.

34cE3c¢ - Centre for Ecology, Evolution and Environmental Changes & CHANGE — Global Change
and Sustainability Institute, Faculdade de Ciéncias, Universidade de Lisboa, 1749-016 Lisboa,
Portugal.

33Chair of Biodiversity and Nature Tourism, Estonian University of Life Sciences, Kreutzwaldi 5,
51006, Tartu, Estonia.

36Department of Plant and Soil Sciences, University of Pretoria, Pretoria, 0083, South Africa.
37State Museum of Natural History Stuttgart, Germany.

35Plant ecology group, University of Tiibingen, Germany.

HInstitute of Hydrobiology, Biology Centre of the Czech Academy of Sciences, Na Sadkach 7,
370 05 Ceske Budejovice, Czech Republic.

“0Gobabeb-Namib Research Institute, Walvis Bay, Namibia.

“IDepartment of Microbiology, Faculty of Science, Stellenbosch University, Stellenbosch, 7600,
South Africa.



#“Departamento de Biologia Animal, Biologia Vegetal y Ecologia. Universidad de Jaén, Spain.
“Doctoral Program in Sciences mention in Plant Biology and Biotechnology, Institute of
Biological Sciences, Campus Talca, Universidad de Talca, Chile.

#“INDEHESA, Universidad de Extremadura, Plasencia 10600, Spain.

#US Geological Survey, Southwest Biological Science Center, USA.

“Laboratorio de Biodiversidad y Funcionamiento Ecosistémico. Instituto de Recursos Naturales
y Agrobiologia de Sevilla (IRNAS), CSIC, Av. Reina Mercedes 10, E-41012, Sevilla, Spain.
#7School of Biological, Earth and Environmental Sciences, University of New South Wales,
UNSW, Sydney, NSW, 2052, Australia.

“Department of Microbiology, University of Innsbruck, Innsbruck, Austria.

#“Department of Agricultural and Food Chemistry, Faculty of Sciences, Universidad Autdnoma de
Madrid, Madrid, Spain.

3%Museo Nacional de Ciencias Naturales, Consejo Superior de Investigaciones Cientificas, Madrid,
Spain.

SICentre for Applied Ecology ‘Prof. Baeta Neves' (CEABN-InBIO), School of Agriculture,
University of Lisbon, Tapada da Ajuda, Lisbon, Portugal.

32School of Life Sciences, University of Nevada-Las Vegas, 4505 S. Maryland Pkwy., Las Vegas,
NV, 89154, USA.

33Al Quds University, Abu Dis, Palestine.

34School of Earth and Space Exploration, Arizona State University, Tempe, AZ, USA; School of
Life Sciences, Arizona State University, Tempe, AZ, USA.

3Department of Climate Change, Energy, the Environment & Water, Level 2, 32 Mann Street,
Gosford NSW 2250, Australia.

S6World Wildlife Fund (WWF)-Mongolia, Prime Minister Amar Street 4, Ulaanbaatar, Mongolia.
S’Department of Earth and Environmental Sciences, Indiana University Indianapolis, Indianapolis,
Indiana 46202, USA.

IDepartment of Plant, Soil, and Microbial Sciences, Michigan State University, East Lansing, M1,
48824, USA.

3School of Agriculture and Environment, UWA Institute of Agriculture, University of Western
Australia, Crawley WA 6009, Australia.

%nstitute of Soil and Water Resources and Environmental Science, College of Environmental and
Resource Sciences, Zhejiang University, Hangzhou, China.

/Zhejiang Provincial Key Laboratory of Agricultural Resources and Environment, Zhejiang
University, Hangzhou, China.

02K atif Research & Development Center, P.O.Box 100, Netivot, 8771002, Israel.

%3Biodiversidad y Funcionamiento Ecosistémico (BioFun), Universidad Pablo de Olavide (UPO),
Unidad Asociada al CSIC por el IRNAS-CSIC, Av. Reina Mercedes 10, 41012, Seville, Spain.

"These authors contributed equally: Ruirui Chen, Shuhong Luo
*Corresponding Authors:

Correspondence to Youzhi Feng, Fernando T. Maestre, Bin Ma, Brajesh K. Singh, Manuel
Delgado-Baquerizo.

Youzhi Feng: fyouzhi@hotmail.com
Fernando T. Maestre: fernando.maestregil(@kaust.edu.sa




Bin Ma: bma@zju.edu.cn
Brajesh K. Singh: brajesh.singh@uwa.edu.au
Manuel Delgado-Baquerizo: m.delgado.baquerizo@csic.es




Abstract

Microbes, as the planet's most abundant and diverse organisms, drive soil functions globally and
are vulnerable to environmental stressors triggered by global change. Yet, knowledge regarding
the impacts of multiple environmental stressors on their functional profiles as well as the
consequences for soil functionality largely remains unknown. Here, we analyze two global-scale
datasets including information on soil metagenomics and multiple environmental stressors. We
find that across terrestrial ecosystems worldwide, up to 60% of all functional genes significantly
shift when soil microbes experience the high-level of concurrent stressors. In this regard, the
relative abundances of genes involved in microbial growth are negatively linked to the increasing
number of stressors. Conversely, those genes linked to stress resistance and energy production
exhibit positive responses. Taken together, our findings highlight a significant restructuring of
global soil functional microbiomes in response to multiple environmental stressors. Consequently,
such restructuring drives community-level shifts in matter and energy reallocations, thereby
impacting the maintenance of soil functionality under the projected global change.



Introduction

Soil microorganisms are among the most abundant and diverse organisms on Earth, and they play
a critical role in regulating soil functioning and the delivery of key ecosystem services !. However,
these organisms are highly vulnerable to global change %°. Currently, soil microbiomes are
subjected to an increasing number of environmental stressors triggered by climate change and
anthropogenic activities, such as warming, drought, nitrogen deposition, increased salinity,
pollution of heavy metals and organic chemical toxicants #. In this regard, soil microbial diversity
is negatively influenced by an increase in such multiple stressors °. However, little information is
known about how these multiple stressors reshape soil functional microbiome in natural
ecosystems. The latest metagenomic study based on laboratory experiments indicated that multiple
stressors affect soil microbes differently from individual factor alone . This finding underscores
the importance of studying concurrent environmental stressors. And further efforts could help
evaluate whether microbial functional responses change proportionally with increasing multiple
stressors and whether such stressors exert universal impacts across less controlled conditions and
ecosystems. For example, metabolic strategies may be over-simplified in response to stress, which
may result in a carbohydrate-driven metabolism that supports rapid microbial responses under low
stress, as opposed to a more complex growth-driven metabolism under multiple stressors ’. In this
respect, understanding how soil microbial functional genes and pathways restructure under stress
conditions is critical worldwide, as these changes could trigger cascading effects on terrestrial
ecosystem services supporting human well-being, such as food production, climate regulation and
soil fertility.

For now, two roadblocks hinder our understanding on effects of multiple stressors on the
functional profile of soil microbiome, i.e. the comprehensive set of functional traits, metabolic
pathways and associated ecological processed determined by soil microorganisms. First, no studies
to date have simultaneously assessed the effects of multiple natural and anthropogenic
environmental stressors on soil microbiomes across various regions and/or biomes. The meta-
analyses can integrate the effect of single stressor at the global scale ®°, but they are unable to
capture the synergistic effects arising from the co-occurrence of multiple stressors. Similarly,
simulated and/or controlled experiments ®!° cannot account for the vast environmental
heterogeneity present in natural ecosystems, thus limiting the ecological representativeness of
conclusions. Second, most studies have focused on soil microbial taxonomic diversity while
overlooking their functional traits, such as metabolic capability >®. Microorganisms have
developed sophisticated strategies to cope with environmental stresses, through regulating
environmental information processing, cellular processes, genetic information processing and
metabolism '%!2, However, there are no empirical studies on specific positive or negative
relationships for specific functions, such as carbohydrate metabolism and cell motility at a global
scale, nor do we know how these relationships might vary across different biomes.

In this study, we employ a quantile approach to quantify the number of stressors that
simultaneously exceed all possible quantile values (ranging from 5% to 95% stress levels based
on the maximum observed levels for each stressor) '*. This approach enables an in situ and
ecologically representative assessment of the impacts of multiple stressors on soil functional
microbiomes. We conduct a global survey including soil samples from 200 sites, across different
biomes, spanning seven continents and encompassing a wide range of climates and vegetation
types (e.g. forest, grassland and shrubland) (Fig. 1). It contains 23 individual attributes related to
natural and/or anthropogenic stressors (details in Methods). These attributes are categorized into
10 groups, including aridity, maximum temperature, seasonality, extreme events, salinity, heavy



metals, soil pH, UV radiation, fire, and a synthetic human-influence index (Table S1). Then, we
collect a global database deposited in NCBI that includes 1409 soil samples (Supplementary Fig.
1 and Supplementary data 1) ' to further cross validate our results providing independent
evidences. This database contains a smaller array of environmental stressors with 15 attributes
affiliated within 8 groups. Microbial functional genes (Kyoto Encyclopedia of Genes and Genomes
[KEGG] pathways and overall KEGG Orthologies [KOs]) !° (see Supplementary Tables 2 and 3
for the detailed information on the categorization of KEGG pathways) are analyzed in response to
the number of environmental stressors. We hypothesize that multiple stressors trigger a
restructuring of the community-level functional profile of soil microbiome, particular in the
metabolism categories. This suggests the alteration of stress-responsive genes and the acquisition
of metabolic traits. This study will help predict the responses of soil microbiome to an increasing
number of environmental stressors in an increasingly stressed world, and provide the novel
evidence of their consequences on soil functionality and sustainability under projected global
change.

Results and Discussion

Multiple stressors impact the community-level functional profiles of soil microbiome

Totally, there were 5299 KOs and 236 KEGG pathways observed in this study across 200 global
ecosystems. The functional genes were compared between two groups, namely the one exposed to
multiple stressors versus the other of unstressed control. Furthermore, we quantified the total
number of genes, which exhibited significant changes in response to multiple stressors at low (25%
quantile), medium (50% quantile) and high (75% quantile) levels (Table 1). Generally, the number
of genes with decreased abundances was higher than the numbers with increased abundances at
both medium and high stress levels (Table 1). Specifically, 20% of KOs and 32% of KEGGs
significantly changed at the medium stress level, and 41% of KOs and 59% of KEGGs were at the
high stress level (Table 1).

We used random forest modeling to identify which functional genes drove soil microbiome
stressful responses and found that KOs and KEGG genes at level 2 were most responsive when
exceeded low (25% quantile), medium (50% quantile) and high (75% quantile) levels of stress (Fig.
2). Meantime, the number of responsive functional genes was higher at medium or high levels than
that at the low level (Fig. 2), indicating that the increase in stress level led to a broader functional
gene response. For specific functional traits, when the stress level exceeded the medium level, 50%
and 64% of responsive KOs and KEGG pathways were related to metabolism and these numbers
became 38% and 50% at the high level (Fig. 2). The 1409-sample dataset gave the similar results:
the top two KOs with the strongest response at the high stress level were both metabolism-related
genes (Supplementary Fig. 2c). These findings suggest that metabolic reorganization is critical
physiological processes for microbial community when exposed to multiple stressors
simultaneously.

We further revealed the threshold, approximately the 30% quantile for responsive KEGG
pathways (Fig. 3 and Supplementary Fig. 3). When stress levels exceeded this threshold value,
KEGG pathways, such as carbohydrate metabolism, signaling molecules and interaction,
transcription, transport and catabolism were positively correlated with the number of stressors
(P<0.05), while these correlations became negative (Fig. 3) when below this threshold value.
Meantime, those KEGG pathways, such as lipid metabolism, metabolism of other amino acids and
cellular community-prokaryotes, exhibited contrary patterns, exhibiting positive correlations



below 30% quantile and negative ones when above (Fig. 3). The results of 1409-sample dataset
were similar (Supplementary Fig. 3). This information suggests that soil microbiome can redirect
their genomic investment along the stress-level gradient, via prioritizing metabolic pathways and
environmental signal processing once over the medium stress level. It is supported by findings of
the enrichment of microbial functional genes related to DNA repair, environmental sensing
systems, antibiotic/secondary metabolite biosynthesis, and nutrient/osmoprotectant acquisition
pathways under high levels of UV radiation, desiccation, and temperature extremes '¢ and
increased abundances of functional genes affiliated with cellular processes, genetic information
processes and metabolism with rising temperatures !”. However, as shown in Supplementary Fig.
4, the effects of individual stressors on the soil microbiome do not always follow a uniform
direction of change. For instance, the genetic responses to multiple stressors (Multi_stressor 50
and Multi_stressor 75) align with those driven by aridity but differ from those associated with
human influence, indicating that the effects of multiple stressors cannot be inferred simply by
adding or exacerbating individual stressors.

Impaired metabolic pathways related to growth and reproduction are associated with
multiple stressors
In view of the highest average relative abundance (Supplementary Table 2) and the most
sensitiveness to stressing conditions (Fig. 2), we further focused on pathways within the
metabolism category afterward. Meantime, given the distinct divergence in microbial responses
across the 30% quantile (Fig. 3), subsequent analyses were focused on the 31-95% quantile
interval, which corresponded to medium and high stress levels, the core stress gradients in this
study.

It was found that soil microbiome underwent adjustments of a series of metabolic pathways.
For example, declines in metabolic pathways related to microbial growth and reproduction
processes were observed, as a response to an increase in the number of stressors. Specifically,
KEGG pathways related to glycan biosynthesis and lipid metabolisms (at level 2) were negatively
correlated with the number of stressors (Fig. 3 and Supplementary Fig. 5). At level 3, genes related
to steroid hormone biosynthesis, lipopolysaccharide biosynthesis, as well as amino sugar and
nucleotide sugar metabolism were all decreased (Fig. 4 and Supplementary Table 4). These genes
are crucial for the formation of cell walls and membranes, which require high energy-containing
carbon source and high number of ATP investment '®. Furthermore, we observed a notable decline
in pathways related to amino acid metabolism, including arginine and proline, beta-alanine,
tyrosine, tryptophan, cysteine, methionine, and glutathione (Fig. 4). These pathways are tightly
linked to nitrogen and sulfur metabolism, two essential elements in microbial cells and accounting
for 12-15% and 0.5-1% of cell dry weight °. The reduction in the metabolism of these key amino
acids can impair new protein synthesis and inhibit enzyme production and cellular growth 2%2!,
Similarly, the depletion of methionine metabolism can lead to a halt in protein synthesis, because
methionine is the initiating amino acid in mRNA translation process 2. In addition, the reduction
in these amino acids metabolism can affect the synthesis of other critical molecules. For instance,
the suppression of B-alanine metabolism impedes the production of pantothenate and CoA, thereby
disrupting acetyl-CoA-dependent lipid metabolism 2. Cysteine deficiency compromises the
synthesis of glutathione (GSH) and CoA, both of which are crucial for metabolism and stress
signaling, contributing to metabolic dysregulation and impaired cellular growth #*. The abundance
of genes related to steroid hormone biosynthesis was negatively correlated with the number of
stressors (Fig. 4). Steroids are essential components of eukaryotic cell membranes, which are



essential for membrane integrity and cellular stability ?°. In this regard, the reduction of steroid
biosynthesis can lead to a decline in the biomass of eukaryotic organisms. These findings,
consistent with results from pure-culture laboratory studies 2°, provide community-level evidence
that multiple stressors compromised the growth and reproduction of soil microbiomes.

Multiple metabolic pathways related to stress-defense are invested to help soil microbes
survive under multiple stressors

Under stressful abiotic conditions, such as extremes of moisture, temperature, pH and salinity,
microbial investment in activity maintenance is generally high 2. Correspondingly, we found a
positive correlation between the stressor number and fatty acid biosynthesis (Fig. 4) and a negative
correlation with fatty acid degradation (Fig. 4). Meantime, severe stress boosted the pathways
related to biosynthesis of unsaturated fatty acids (Fig. 4), especially arachidonic acid
(Supplementary Fig. 3). Fatty acids are the key component of cell membranes, and the membrane
fluidity attributes to the degree of fatty acid desaturation 2. These phenomena suggest that
microbes adopt the strategy of producing more fatty acids, particularly unsaturated fatty acids, to
improve membrane fluidity and flexibility.

Similarly, amino acids metabolism is a well-known mechanism for biology to resist
environmental stressors 2>, Therefore, we found that pathways involved in phenylalanine (Phe)
synthesis (KEGG, at level 3) were most responsive in amino acids metabolism, and were positively
correlated with the number of stressors (Fig. 4 and Supplementary Fig. 3). Beyond being a protein
building block, Phe can serve as a precursor for vital plant compounds that support reproduction,
growth, development, and stress defense *!. Among thirteen tested amino acids, Phe is identified
as the most effective one enhancing enzyme activities related to N cycling and promoting plant
growth 3. Phe metabolism is widely distributed and conserved genes of the phenylacetate pathway
identified so far in 16% of the sequenced bacterial species **. This finding highlights the dual role
of Phe as both a metabolic hub and a stress-response mediator under multiple stressors.

Furthermore, selenocompound metabolism was positively impacted by the number of
stressors, while glutathione metabolism was negatively impacted (Fig. 4). Both compounds are
important detoxification substances in response to stress **3°. Glutathione metabolism always
increases under salt stress and oxidative damage in plants *°. However, our findings are contrasting.
This contradiction may be attributed to microbial energy conservation strategies under complex
stress conditions. For example, selenoprotein metabolism connects the detoxification in microbes
with the generation of proton motive force to drive cell growth 37, which serves as an energy-
saving strategy.

Strengthened carbohydrate catabolism supplies adequate energy to soil microbiome under
multiple stressors

As the number of stressors increases, the demand for energy rises. In this regard, we observed
remarkable alterations in energy-generating metabolism. Specifically, genes associated with
carbohydrate metabolism exhibited the strongest responsiveness, dominating both KEGG and KOs
rankings (Fig. 2 and Supplementary Fig. 6). Among the metabolism category, 9 out of the top 10
pathways with the greatest responses belonged to carbohydrate metabolism (Fig. 4). Additionally,
both datasets revealed that the pathways related to carbohydrate metabolism (for example 10 out
of 15 in the 200-sample dataset, Fig. 4) were positively correlated with the number of stressors
(Fig. 3 and Supplementary Fig. 5). Such prioritization suggests that carbohydrate metabolism acts
as the important energy-hub for microbes responding to multiple stressors. Carbohydrates serve as



primary energy sources for microorganisms. The catabolic processes can ensure a continuous and
reliable energy supply, vital for maintaining cellular functions and supporting repairing mechanism
under stressful conditions *%. For example, Lactococcus lactis subsp. cremoris increases its
glycolytic rate under low pH *. Such metabolic prioritization is also observed in plant systems.
Genes related to sugar transport, glucose catabolism and Krebs cycle are up-regulated in response
to multifactorial stressors *’. Our findings suggest that soil microbiome adopts the similar
mechanism and such cross-kingdom convergence can be attributed to a fundamental bio-energy
demand.

Our results suggested that when multiple stressors occurred, a universal multi-species
coordination of soil microbiome can lead to community-level shifts in matter and energy
reallocations. The energy expenditure may be ultimately irreconcilable among multi-species.
Previous studies focused on the impact of a single stressor, such as salinity *! and little evidence
was found for such trade-offs among yield, stress, and resource acquisition at community level *2.
The positive relationship between stressing magnitude and microbial carbohydrate metabolism
suggests universal bio-energetic constraints: environments with multiple stressors force
microbiome to prioritize survival metabolism over growth processes, conserving energy and
resources for resilience. Stressful conditions favor taxa with efficient metabolic streamlining
and/or with alternative metabolic pathways *. Such kind of metabolic restructuring of microbiome
can trigger cascading effects on soil ecological processes, e.g. accelerated carbohydrate
decomposition and increased soil CO. emissions **. Therefore, increased concurrent stressors
could lead to greater soil carbon losses than predicted by current global models 4. This information
highlights a knowledge gap in our understanding regarding microbial-mediated carbon cycling
under multiple stressors triggered by global changes.

In conclusion, our metagenomic investigation of more than 1600 globally distributed soils revealed
significant changes in the functional profile of microbiomes responding to multiple environmental
stressors. Notably, up to 60% of genes and genome pathways tended to shift at the high-level of
stressors, particularly from growth-oriented to maintenance-focused processes, which prioritized
energy harvest and stress defense (Fig. 5). Such metabolic trade-off between growth and survival,
aligning with plants, indicated the mechanistic convergence across phylogenetically divergent
organisms. Yet, soil microbes tended to employ energy-efficient defense strategies, e.g. replacing
pathways related to glutathione-dependent systems with phenylalanine and selenocompound
metabolisms. In this regard, carbohydrate catabolism had to be strengthened to supply adequate
energy. Taken together, our study revealed a global-scale generalized restructuring of soil
functional microbiome in response to multiple environmental stressors, with the consequence for
increased soil carbon losses and the potential challenge to soil sustainability under the projected
global change.

Methods

Global field survey
In this study, we collected soil surface samples from 200 sites across various biomes worldwide (Fig.
1). These samples are a subset of samples of our previous surveys conducted between 2016 and 2019



4548 These sampling sites included all dominant terrestrial ecosystems, i.e. temperate and tropical
forests, boreal forests, temperate grasslands, subtropical deserts, subtropical woodlands and
shrublands, ensuring a comprehensive representation of common environmental conditions found in
terrestrial environments globally (the inset in Fig. 1). Site coordinates were recorded in situ using a
portable GPS device, and vegetation types were identified on-site based on the dominant vegetation.
At each site, a representative plot was established to reflect the local vegetation. To account for
spatial heterogeneity in the plot, five soil cores were collected with a sampling depth < 10 cm (~0-
10cm) after removing surface litter. The five cores were combined, placed in a zipped plastic bag
and transported to the laboratory on ice. The soils were sieved (<2 mm) in the laboratory and divided
into two subsamples: one was air-dried for soil physiochemical analyses, and the other was
immediately frozen at —20 °C for molecular analyses. Further details of soil sampling are provided
in Zhang et al. 2.

Samples were imported to Spain using letters of authority from the Ministerio de Agricultura,
Pesca y Alimentacion. After DNA extraction in Spain, DNA samples were imported to Australia for
sequencing using permits from the Department Agriculture Fisheries and Forestry of Australia.
Nagoya focal points from all involved countries were contacted to ensure we were following Nagoya
regulations.

Metagenomic sequencing and bioinformatic analyses
Soil DNA was extracted from frozen soil samples using the Powersoil DNA Isolation Kit (MoBio
Laboratories, Carlsbad, CA, USA) according to the manufacturer’s instructions. Shotgun
metagenomic sequencing was conducted at the Next Generation Sequencing (NGS) Facility
(Western Sydney University, Australia) using the Illumina NovaSeq platform to generate
approximately 10 Gb of 150 bp paired-end high-quality reads per sample. The clean reads were
obtained after quality trimming using fastp (v0.20.1) to remove low-quality reads (with average
quality scores < 20 and length < 50 bp).

Metagenomes were assembled using Megahit (v1.2.9). Only contigs >1000 bp were retained
49, The open reading frames (ORFs) of assembled contigs were predicted using Prodigal (version
2.6.3). All ORFs were generated to a set of unique genes after clustering using CD-HIT . The
relative abundance of each predicted non-redundant gene was quantified as reads per million
(RPM) using Salmon (v1.10.3) °. The functional annotations of the unique gene set in the
metagenome-assembled genomes were searched against the eggNOG databases (v5.0) using
eggnog-mapper (v2.1.12) 52. Metagenomic coverage was estimated using Nonpareil v3.5.5 %,
Although sequencing coverage was relatively low (ranging from 13.1% to 22.7%), this study
focused on dominant functional genes of the soil microbiome, and the main conclusion were
therefore not compromised. Future work with the deeper sequencing and higher coverage will
further improve these analyses.

Groups of natural and anthropogenic environmental stressors

In this study, we worked with ten groups of environmental stressors (instead of multiple individual
factors within each group) for two reasons. First, individual factors within each group (for example,
within heavy metals) were highly correlated with each other, suffering from multicollinearity.
Second, different groups of environmental stressors comprised a different number of individual
factors. These ten groups were selected on the basis of two criteria: their well-known importance
and data availability in the used databases. The ten groups did not suffer from statistical
multicollinearity presenting different types of stressors, and they reflected largely independent



statistical entities.

We considered ten common environmental factors that can result in stress when passing high
levels. They were aridity (inverse of aridity index), maximum temperature, seasonality
(precipitation and temperature seasonality and diurnal temperature range), extreme events
(extreme dry events, extreme wet events, heatwave days), fire, salinity, soil pH (distance from
neutral pH), levels of heavy metals (soil As, Cd, Cr, Cu, Ni, Pb and Zn), human influence (for
example, human-influence index and fertilization) and UV radiation.

Temperature and seasonality variables were obtained from WorldClim (v.2)
(http://www.worldclim.com/version2). Aridity Index was calculated as the ratio of precipitation to
potential evapotranspiration 2. Electrical conductivity was measured in a 1: 5 (w/v) soil-to-water
extract using a conductivity meter and used as a proxy for soil salinity 3*. Soil pH was measured
ina 1: 2.5 (w/v) soil-to-water extract with a pH meter. The concentration of As, Cd, Cr, Cu, Ni, Pb
and Zn were quantified as a measured of heavy metal concentration using inductively coupled
plasma optical-emission spectrometry with (Thermo ICP 6500 Duo equipment) before microwave
digestion *. The human influence index included data on human influence (a global dataset of 1
km grid cells derived from nine global data layers covering human population pressure > as well

as information on human-induced nitrogen (N) deposition from fertilizer application and manure
56,57

Calculation of the number of environmental stressors

We initially standardized the values associated with each environmental stressor (e.g. aridity index,
extreme events or seasonality) to a range of O to 1 across all sites. For instance, the site(s) with the
highest level of aridity was assigned a value of 1, whereas the site(s) with the lowest level of aridity
received a value of 0. This standardization eliminates the effects of differences in measurement
scales between variables, and creates a metric that is intuitively interpretable '*. We then averaged
the values of the environmental stressors within each stressor group (for instance, mean diurnal
temperature range, temperature and precipitation seasonality values were averaged to determine
seasonality). We then investigated how many target stressors exceeded one certain quantile. For
instance, when setting the quantile at 50%, we counted the number of stressors with standardized
values above 0.5 for each site. Each site thus had a corresponding number of environmental
stressors at the quantile 50%. In this study, we opted to include all possible levels because the
selection of quantiles was arbitrary, i.e. the different quantiles here did not have specific ecological
meaning. The 5% and 95% quantiles were used to define the minimum and the maximum levels
to avoid outliers. More details can be seen in Rillig et al. .

Cross-validation using the 1409-sample dataset

To evaluate the reliability and validity of the findings derived from the global field survey, we
employed a dataset comprising 1409 samples (Supplementary Fig. 1) distributed globally, which
was collected from NCBI %, This dataset encompassed a diverse range of ecosystem types on the
global scale, including alpine soil, bare land, desert, forest, grassland, shrubland, tundra and
volcanic soil.

This dataset contained eight groups of environmental stressors: aridity, maximum
temperature, seasonality, extreme events, fire, soil pH, human influence and UV radiation, but
without heavy metals and salinity. The definition and standardization of their occurrence, as well
as the calculation of the number of stressors were consistent with those applied in the global field
survey. Metagenomic assembly and the functional annotations were performed using the same



protocols as in the initial study.

Statistical analyses

The read counts of functional genes, including KOs and KEGG pathways at level 3
(Supplementary Table 3) were analyzed to identify genes with significant changes in response to
multiple stressors. At the low (25%), medium (50%) and high (75%) stress levels, the 200 sites
were categorized into two groups based on the number of stressors (n): one group with multiple
stressors (n > 0) and the other without multiple stressors (n = 0). The non-rarefied feature tables
were input into the DESeq2 R package using default settings >®. Genes with zero read counts across
all samples were removed. Differential expression analysis was performed using methods based
on the negative binomial distribution. Read counts were modeled as negative binomial
distributions with estimated mean values and gene-specific dispersion parameters, with each gene
being fitted as a generalized linear model. Finally, Wald statistics and the Benjamini-Hochberg and
false discovery rate (FDR) correction were applied to assess significance and multiple comparisons.

Random forest regression analysis > was conducted to model the response of functional genes
(KO gene structures and KEGG pathways) to the number of stressors exceeding 25%, 50%, and
75% quantiles. Random forest analyses create a collection of classification trees with binary splits,
fitting each tree using randomly selected cases (one-third of the data) that are withheld during its
construction (out-of-bag cases). The importance of each predictor variable is quantified by
measuring the reduction in prediction accuracy (i.e., the increase in mean square error between
observations and out-of-bag predictions) when the data for that predictor is randomly permuted '°.

Negative or positive correlations between functional genes within metabolism at levels 2 and
3 and the number of environmental stressors (using quantiles of 5-95%, iteratively increasing by
1%) were identified using non-parametric Spearman correlations. Spearman rank correlations
measure the direction and strength of the association between two ranked variables and do not
require normality of data or homogeneity of variances. A two-tailed test p-value < 0.05 was
considered statistically significant.

We selected all dominant functional genes (at level 3) associated with metabolism that had a
relative abundance greater than 0.1%, which were listed in Supplementary Table 4. The correlation
coefficients from the Spearman correlations analysis of dominant functional genes and the number
of environmental stressors (using quantiles of 31-95%; Supplementary Table 4) were summed to
obtain the total » value. The top 30 functional genes with the highest absolute » values were then
selected to draw stick plot.

Random forest regression, heatmaps and stick plots were drawn using the rfPermute,
pheatmap and ggplot2 packages in R version 4.3.0.

Data Availability
All environmental variables for both the 200-sample and 1409-sample datasets used in this study
have been deposited in Figshare [https://doi.org/10.6084/m9.figshare.31817422].

The metagenomic sequences for the 200-sample dataset have been deposited in the NCBI
Sequence Read Archive (SRA) wunder the accession number PRINA1162941
[https://www.ncbi.nlm.nih.gov/search/all/?term=PRINA1162941]. The corresponding SRA run
numbers for the 200-sample dataset are provided along with the environmental variables in
Figshare [https://doi.org/10.6084/m9.figshare.31817422].

The metagenomic sequences for the 1409-sample dataset are compiled from NCBI SRA, and
the corresponding SRA run numbers are provided in Supplementary Data 1.



Code Availability
The metagenomic bioinformatics analysis scripts and all R codes in this study are available on
Figshare at https://doi.org/10.6084/m9.figshare.31817422.
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Tables

Table 1. The number of genes exhibited significant changes in response to multiple stressors
at low, medium and high stress level. The number of all genes was identified at level 3 for both
KOs and KEGG. The 200 sites were classified into two groups based on the number of stressors
(n): the group with multiple stressors (n>0) and the group without multiple stressors (n=0). Stressor
levels were assessed at 25%, 50% and 75% quantiles of maximum observed values. The number
of genes with significant changes between the two groups was calculated using DESeq2 based on
the read counts of genes. Values in parentheses represent the proportion of target genes relative to
the total number of genes. At the low stress level (25% quantile), the number of stressors were

over 0 for all the sites.

KOs KEGG
Stress level Low Medium High Low  Medium High
(quantile) (25%)  (50%) (75%) (25%)  (50%)  (75%)
Number of all genes 5299 236
Number of genes with / 1065 2153 / 77 138
significant changes (20%)  (41%) (32%)  (59%)
Number of genes with / 508 905 / 36 65
increased abundance (9.6%) (17%) (15%)  (28%)
Number of genes with / 557 1248 / 41 73
decreased abundance (10.5%) (24%) (17%)  (31%)




Figure Legends

Figure 1| Locations of samples in this study. Points denote 200 samples in a global survey with
10 groups of environmental stressors (aridity, maximum temperature, seasonality, extreme events,
fire, soil pH, human influence, UV radiation, heavy metals and salinity). The inset shows the
distribution of 200 samples among climate (sub) zones based on Whittaker biomes.

Figure 2| Main functional genes associated with the number of environmental stressors
simultaneously exceeding 25%, 50%, and 75% quantiles. The x-axis (%IncMSE) indicates the
increase of the mean squared error when the given variable is randomly permuted. Orange bars
indicate significant variables at the level of 0.05 (two-sided statistical test). The inset table shows
the number of responsive genes under different stress scenarios, with each column corresponding
to respective quantile in the above figure. Colors in the left table represent the category information
of level 1 and level 2, with detailed category information provided in Supplementary Table 2.
KEGG, Kyoto Encyclopedia of Genes and Genomes pathways. KOs, and overall KEGG
Orthologies. Env info pro, Environmental information processing. Gen info pro, Genetic
information processing. Cellular pro, Cellular processing.

Figure 3| Shifts of functional profile with the increase in the number of environmental
stressors. The number of environmental stressors was calculated over quantile levels ranging from
5% to 95% stress levels based on the maximum observed levels for each stressor. Correlations
with a false discovery rate adjusted P >0.05 are excluded (plotted in white, two-sided statistical
test). The color intensity indicates the strength of the correlation, with blue representing a negative
correlation and red for a positive correlation.

Figure 4| KEGG pathways associated with metabolism showing significant responses to
multiple environmental stressors. Data are the sum of the correlation coefficients between gene
abundance (KEGG associated with metabolism) and the number of environmental stressors, with
quantile levels ranging from 31% to 95%. The figure displays the 15 KEGG pathways with the
highest positive correlations and the 15 with the highest negative correlations. KEGG, Kyoto
Encyclopedia of Genes and Genomes pathways. The detailed category information of KEGG was
listed in Supplementary Table 2 and Supplementary Table 3. Different colors denote the category
information of KEGG pathways at level 2. The number near the circle was the means of relative
abundance of each KEGG pathway. Detailed data can be found in Supplementary Table 4.

Figure 5| A conceptual diagram summarizing shifts in functional profile of the soil
microbiome in terrestrial ecosystems under multiple environmental stressors. At the medium
stress level, 32% of KEGG significantly changed, among them 15% with increased abundance and
17% with decreased abundance. At the high stress level, 59% of KEGG significantly changed,
among them 28% with increased abundance and 31% with decreased abundance. With an
increasing number of stressors simultaneously exceeding medium-high levels of stress, microbial
metabolism shifted from growth processes (e.g. syntheses related to glycan, lipid, amino acids,
amino sugar and sulfur) to energy production (e.g. carbohydrate degradation) and stress-defense
mechanism (e.g. unsaturated fatty acids, phenylalanine and selenocompound). Blue indicates a
decrease and red indicates an increase. Color intensity represents the strength of the response. Arg,
arginine; Pro, proline; Cys, cysteine; Met, methionine; Try, tryptophan.



Editorial summary:

Soil microbes drive ecosystem functions but are vulnerable to environmental stressors triggered by global change.
This study reveals that multiple environmental stressors drive community-level restructuring of soil functional
microbiomes globally.
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Xenobiotics biodegradation and metabolism
Nucleotide metabolism

Metabolism of terpenoids and polyketides
Metabolism of cofactors and vitamins
Energy metabolism

Signaling molecules and interaction
Signal transduction

Membrane transport
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Glyoxylate and dicarboxylate metabolism
Phenylalanine metabolism

Galactose metabolism

Starch and sucrose metabolism

Citrate cycle (TCA cycle)

Butanoate metabolism

Pentose and glucuronate interconversions
Fructose and mannose metabolism
Glycolysis / Gluconeogenesis

Pentose phosphate pathway

Glycine, serine and threonine metabolism
Pyrimidine metabolism

Pyruvate metabolism

Selenocompound metabolism

Fatty acid biosynthesis

Propanoate metabolism

Arginine and proline metabolism
beta - Alanine metabolism

Fatty acid degradation

Cysteine and methionine metabolism
Taurine and hypotaurine metabolism
Amino sugar and nucleotide sugar metabolism
Steroid degradation

Tyrosine metabolism

Tryptophan metabolism
Aminobenzoate degradation
Nitrotoluene degradation

Glutathione metabolism

Sulfur metabolism

Steroid hormone biosynthesis
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