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Abstract

The relationship between soil microbial communiesl the resistance of multiple ecosystem
functions (multifunctionality resistance) to globgiange has never been assessed globally in
natural ecosystems. We collected soils from 59atiylecosystems worldwide to investigate the
importance of microbial communities as predictomafiltifunctionality resistance (C, N and P
cycling) to climate change and nitrogen fertilipati Multifunctionality had a lower resistance to
wetting-drying cycles than to warming or N depasiti Multifunctionality resistance was
regulated by changes in microbial composition {redaabundance of phylotypes) but not by
richness, total abundance of fungi and bacterith®rfungal: bacterial ratio. Our results suggest
that positive effects of particular microbial taoi@ multifunctionality resistance could potentially
be controlled by altering soil pH. Together, ourrkvalemonstrates strong links between
microbial community composition and multifunctioialresistance in dryland soils from six
continents, and provide insights into the imporea¢ microbial community composition for

buffering effects of global change in drylands wlaride.

Keywords: Multifunctionality; Resistance; Carbonitridgen; Phosphorus; Bacteria; Fungi
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I ntroduction

Soil microbes are the most abundant and diversanams on Earth (Fierer & Jackson 2006;
Locey & Lennon 2016). Recent experiments and olagemal studies have showed that,
consistent with reported observations for plant camities (Cardinale et al. 2011; Maestre et al.
2012; Soliveres et al. 2016), soil microbial divgrgplays an important role in maintaining
multiple ecosystem functions simultaneously (i.ailtifunctionality) in terrestrial ecosystems
(Philippot et al. 2013; Wagg et al. 2014; DelgadmBerizo et al. 2016). These functions
include, but are not limited to, litter decompamiti nutrient cycling, primary production and the
regulation of greenhouse emissions (Wagg et al42PBhilippot et al. 2013; Delgado-Baquerizo
et al. 2016; Liu et al. 2017). Conversely, the rofemicrobial communities in regulating the
resistance of multifunctionality (multifunctionglitresistance hereafter) to global environmental
change drivers remains largely unexplored and gaortlerstood (Orwin et al. 2006; de Vries et
al. 2012; de Vries & Shade 2013). Identifying thejon microbial drivers (composition,
diversity, or abundance) of multifunctionality retsince is crucial for developing sustainable
ecosystem management and conservation policied 8oowledge will help in prioritizing
future protection of microbial attributes involverh multifunctionality resistance, with
implications to reduce impacts from climate chaageé land use intensification on terrestrial
ecosystems.

Existing knowledge, based mostly on the resultsroéll-scale controlled experiments,
suggests that particular soil microbial attribufes). fungal: bacterial ratio) might regulate the
resistance of particular ecosystem functions (®og.respiration or N mineralization) to global
change drivers such as land use intensification dnedght (Orwin et al. 2006; Downing &
Leibold 2010; de Vries et al. 2012; de Vries & Shad13). However, we lack direct empirical
evidence to identify how multiple microbial attriies, including the abundance, richness and
composition of soil bacteria and fungi, regulate tiesponse of multifunctionality to global
change drivers, particularly at the global scalérbbial attributes such as abundance, richness
and community composition could play important sole driving multifunctionality resistance
to global change (MRGC hereafter), as they constituportant regulators of microbial growth,
microbial interactions and key functional attrititdbelonging to particular taxa (e.qg.
nitrification). Further, little is known about howhanges in the composition of microbial

communities across such scales (e.g. dissimilaiyoss sitesp-diversity) affect MRGC,
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particularly in drylands. These ecosystems alrezmyer ~45% of Earth’s land mass q¥ilie
2016), and are expected to increase by up to 23#heognd of the 21st century due to forecasted
increases in aridity under climate change (Huang.e2016). Achieving a better understanding
of how dryland soil microbes drive MRGC is partady important because: 1) microbial
communities are highly affected by changes in grifMaestre et al. 2015), 2) drylands are
overrepresented in developing countfidgang et al. 2016), and 3) 38% of the global patoih

is highly reliant on the primary production of dagds (Powell & Agnew 2011).

Herein we assess the importance of soil microbiamrunity composition and
abundance for MRGC, including warming, wetting-diyicycles and N fertilization. This has
never been assessed at the global scale. We amneld o using soils from 59 dryland
ecosystems from all continents except Antarcticg. (E). Soils were incubated for 21 days under
different conditions to simulate expected impactenf temperature (control & 4.5°C warming),
changes in water availability (control & wettingydrg cycles) and N fertilization (control & 20
kg N hat year'), which were used as proxies of two major glolharmge drivers (climate change
and N deposition; Fig. 2a). Following incubationg weasured eight soil variables (hereafter
“functions”) related to carbon (starch and cellelaegradation and carbohydrate availability),
nitrogen (chitin degradation and availability oftrate and ammonium) and phosphorus (P

mineralization and availability) cycling.

M ethods

Sudy area and soil sampling

Field data were collected between 2006 and 201# %8 dryland sites located in 12 countries
from all continents except Antarctica (Fig. 1). Atle surveyed sites had an aridity index (Al =
precipitation/potential evapotranspiration) betw&@5 and 0.65 (UNEP 1992). Locations for
this study were selected to cover a wide varietyhatural and semi-natural ecosystem types
(including grasslands, shrublands and open wood)arepresentative of dryland ecosystems
worldwide. Field surveys were conducted accordingat standardized sampling protocol
(Maestre et al. 2012). In brief, a composite top$di7.5 cm) sample (collected from five
randomly selected plant interspaces) was obtaimeth feach site and separated into two
portions. One portion was air-dried and used falr liochemical and functional analyses. The

other portion of soil was immediately frozen at 9%ZDfor molecular analyses. Note that previous
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studies have found that air drying and further ager of dryland soils from do not alter the
biogeochemistry of these soils (i.e., enzyme adatiwviand nutrient contents; Zornoza et al. 2009).
Similarly, previous studies have found a small @ffer no effect from air drying and further
storage of soils on the community composition ofteaa and fungi (Macdonald et al. 2008;
Lauber et al. 2010). For this reason, this stoegg@oach is generally used in large-scale surveys
(e.g., Maestre et al. 2012; 2015).

Environmental and physicochemical analyses.

Air-dried soils were extracted in de-ionized wali@r 1h to achieve a 1:5 soil: water solution.
Soil pH was then determined using a combinatiorefgdtrode. Total soil organic carbon (TOC)
was determined using the Walkley-Black method gdagxed in Maestre et al. (2012). The
Aridity Index (Al; mean annual precipitation/poteitevapotranspiration) was determined from
Zomer et al. (2008), and wuses interpolations frorhe t Worldclim database

(http://www.worldclim.org. For clarity, we used aridity [1-Al] instead ofl ADelgado-

Baquerizo et al. 2013a). We used aridity insteadnefin annual precipitation in our study
because aridity includes both mean annual pretiitaand potential evapotranspiration, and is
therefore a more accurate metric of the long-teatewavailability at each site.

Characterizing soil microbial communities.

DNA was extracted using the Powersoil® DNA Isolatidit (Mo Bio Laboratories, Carlsbad,
CA, USA) according to the instructions provided twe manufacturer. qPCR reactions were
performed in triplicate by using 96-well plates an ABI 7300 Real-Time PCR (Applied
Biosystems). The bacterial 16S-rRNA and fungal ge®es were amplified with the Eub 338-
Eub 518 and ITS 1-5.8S primer sets (Evans & Walen=2011). The fungal: bacterial ratio was
calculated using gPCR data. Note that calculatmg tatio using gPCR may be inaccurate in
terms of absolute values; however, it can stilubeful for assessing its relationship with MRGC.
In addition, we obtained information on the richlhesid composition of soil bacteria and fungi
by performing 16S rRNA and ITS genes amplicon sequg (lllumina MiSeq platform) and the
341F/805R and and FITS7/ITS4 primer sets, respagtiHerlemann et al. 2011; Ihrmark et al.
2012). Bioinformatic analyses were conducted usimg QIIME package (See Maestre et al.
2015 for analytical detailsDperationallaxonomic Units (OTUs) were picked at 97% sequence
similarity. The resultant OTU abundance tables fribrase analyses were rarefied to an even

number of sequences per samples to ensure equalisgrdepth {1789 and 16222 for 16S
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rDNA and ITS, respective)y Bacterial and fungal alpha diversity (i.e. numbé& phenotypes)
was calculated from these OTUs tables. We alsoireddathe diversity (i.e. number of
phenotypes) of common (the top 10% in terms of remad reads) and rare (the bottom 90%)
species as described in Soliveres et al. (2016)e Rpecies, which are highly vulnerable to
global change drivers, are being increasingly razsgl as important drivers of ecosystem
functioning (Jousset et al. 2017).

Experimental design: soil incubations

Soils were incubated to evaluate the effects ofmirag, changes in water availability, i.e.
wetting-drying cycles, and N fertilization. In pHed 5 g of soil from each site were placed in
four plastic containers, one for each global driglkrs an environmental control. The levels of
the different treatments were selected to provideesalistic estimation of the response of
ecosystem functioning to climate change, and lasel intensification such as N fertilization
from atmospheric N deposition and livestock dunglimbal drylands. Thus, the environmental
control was incubated at 25°C, the average landaseirtemperature for all sites (see
https://neo.sci.gsfc.nasa.gov/), and 35% of wabddihg capacity (WHC). The amount of water
in the control was chosen to ensure a minimum ofobial activity during the incubation period
(Fig. 1 in Schwinning & Sala 2004; Delgado-Baquerét al. 2013b,c). The warming treatment
had similar water conditions as the environmentato| but with increased temperature
(+4.5°C; Fig. 2a). This temperature increase mighobal warming forecasts by the end of this
century (A2 scenario from IPPC 2013). The wettimgith treatment was incubated at the same
temperature than the environmental control, butuoted four wetting-drying cycles. Each
wetting-drying cycle involved wetting until a 35%HM& was achieved and a subsequent natural
drying for five days. Soil samples were watered fin&t day of incubation (Fig. 2a). Rapid
changes in water availability, such as those frosttimg-drying cycles, are expected to increase
with climate change in global drylands (IPPC 201Bnally, the N fertilization treatment
includes the same temperature and water conditaanshe environmental control plus the
equivalent to 20 kg N hayear! (Fig. 2a), which were added in the form of NNDs during the
first watering. This amount was selected to sinmukatificial N loads from N deposition and N
in manure from grazing, a major driver of land d@elgtion in drylands worldwide (Eldridge &
Delgado-Baquerizo 2017). The levels applied at siudy sites (Fig. 1) were predicted using

published mapping information (Dentener et al. 20@6tter et al. 2008). Moisture content was
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adjusted and maintained at 35% WHC during the craif the experiment for all treatments
other than the wetting-drying treatment. A total286 samples (59 sites x 4 treatments) were
incubated under the different treatments for 21sday

Assessing multiple ecosystem functions

After incubation, we measured in all soil samplghefunctions related to C, N and P cycling:
activity of p-glucosidase (starch degradatiofi}D-celluliosidase (cellulose degradation), N-
acetyl$-glucosaminidase (chitin degradation) and phosgeatalorganic phosphorus
mineralization) and four measurements of C (disslearbohydrates), N (ammonium and
nitrate) and P (inorganic P) availability. Extradtacarbohydrates, ammonium and nitrate were
obtained from KSQu extracts as explained in Delgado-Baquerizo et 2018a). Soil P
availability was estimated from sodium bicarbonatdracts as described in Maestre et al.
(2012). Extracellular soil enzyme activities wereasured from 1g of soil by fluorometry as
described in Bell et al. (2013). Overall, theseialdes constitute good proxies of processes
driving nutrient cycling, biological productivitgnd the buildup of nutrient pools (Maestre et al.
2012). In brief, carbohydrates are an essentiaicgoof energy for soil microbes and are used as
an indicator of organic matter biodegradability (Deca 1993). Extracellular enzymes such as
those we measured are produced by soil microongenend are involved in the processing,
stabilization, and destabilization of soil orgamuatter and nutrient cycling in terrestrial
ecosystems (Bell et al. 2013). They are also censta good indicator of nutrient demand by
plants and soil microorganisms (Bell et al. 2018nmonium and nitrate are important N
sources for both microorganisms and plants, angra@uced by important ecosystem processes
such as N mineralization and nitrification (SchilgeBennett 2004). Inorganic P is the main P
source for plants and microorganisms, and its abdity is linked to the desorption and
dissolution of P from soil minerals (Vitousek et &004). We explicitly focused on the
bioavailable pools of C, N and P (usually <1% ad thtal of their respective forms) because the
total pools of these elements may not be relevarthe MRGC within our short-term incubation
experiment.

Assessing the resistance of multiple ecosystem functions to global change drivers

We used the Orwin & Wardle (2004) index (RS) toleate the resistance of multiple functions
as:
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sy (2:(D)
(Cy)+ (D)
In this equation, B is the difference between the environmental cdni@,; value of each
functional variable in the absence of global chatngatments) and the disturbed,(Rarming,
wetting-drying cycles and N fertilization treatmgnsoils after the incubation period. This index
has the advantage of being: i) standardized byctimrol, and ii) bounded between -1 (lowest
resistance) and +1 (maximal resistance) even wRaemee values are encountered (Orwin &
Wardle 2004). We calculated the resistance of daaltion independently for each global
change driver. After this, and to evaluate MRGC, aweraged the resistance of the eight
functions measured to obtain a standardized indexndtifunctionality resistance. Similar
approaches have been used to obtain multi-stalfilityan et al. 2017) and multifunctionality
(Maestre et al. 2012; Wagg et al. 2014; DelgadodBdaqgo et al. 2016) indexes, as well as
response ratios in meta-analysis (Eldridge & DebgBdquerizo 2016). Note that our study
focuses on the simultaneous responses of multipietibns to global change rather than on the
response of single functions that might not be espntative of the overall functioning of a
particular ecosystem.
Satistical analyses
Relationship between microbial community composition and multifunctionality resistance
We first explored the overall relationship betweleap diversity of microbial communities and
MRGC. To do this, we calculated microbjabiversity using Bray—Curtis dissimilarity matrices
at the OTU level independently for bacterial andgal communities. Similarly, the Euclidean
distance was used to create three independenndéstaatrices from the resistance of eight
single functions. A matrix was constructed for ea€tthe three global environmental drivers:
warming, wetting-drying cycles and N fertilizatio/e then independently correlated the
diversity of bacteria and fungi to the dissimilgnihatrices from resistance measurements using
Mantel correlations (Pearson). We also assessegoakible Mantel correlations (Pearson)
among resistance multifunctionality to warming,idgswetting cycles and N fertilization.
Random Forest modeling
To gain a mechanistic understanding of the drive#r8/RGC, we conducted a classification
Random Forest analysis (Breiman 2001) as descitbBelgado-Baquerizo et al. (2016), which

allowed us to identify common microbial predictargoss sites. We used class-level information
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in these analyses for two main reasons (1) infaonain microbial functional traits has become
increasingly available at this taxonomic level (Ereet al. 2007; Trivedi et al. 2013); and (2)
unlike high taxonomic rank information (OTU/genuslpss-level taxa are shared across all soil
samples at the global scale, allowing us to infenegal patterns in the role of microbial
composition in predicting MRGC at this spatial scdh addition to class-level predictors, we
included in our models other microbial attributegls as abundance (qQPCR), fungal: bacterial
ratio and alpha diversity (richness of all, comnaom rare fungi and bacteria). The importance
and statistical significance of each predictor waymputed using the rfPermute package (Archer

2016) of the R statistical software, version 3.Q2tp://cran.r-project.ory/ We also used

Spearman correlations between selected major niaratiributes from Random Forest analyses
and the resistance of single functions to globainge. The aim of this approach was to obtain
insights into the relationships between the retatittundance of particular microbial taxa and the
resistance of specific functions, complementingiitesrom MRGC analyses.

Structural equation modeling

We used structural equation modeling (SEM; Grad@6@o evaluate the direct and indirect
relationships between geographical location (ldgtand longitude), aridity, soil properties (pH
and soil total organic carbon) and microbial atitds on MRGC based on expectations under an
a priori model (Fig. S1). Microbial drivers included prdested major significant MRGC
predictors from Random Forest analyses describedealAridity and soil properties such as
total organic carbon and pH are major drivers afrobial community composition in drylands
(Fierer & Jackson 2006; Fierer et al. 2012; Maestral. 2015). These same drivers have been
reported to strongly influence multifunctionality global drylands (Delgado-Baquerizo et al.
2016). Geographical location was included in oudeis to control for spatial autocorrelation
(Delgado-Baquerizo et al. 2013a). In our studydigridoes not represent a lack of available
water because soils were watered during incubatather, we included it to illustrate the
legacy effects of aridity on soil properties andccrobial communities. Microbial drivers and
geographical location were included as compositeabkes in the SEM. The use of composite
variables does not alter the underlying SEM modeit collapses the effects of multiple
conceptually-related variables into a single contposffect, aiding to interpret model results
(Grace 2006).
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As some of the variables introduced were not ndgndhstributed, the probability that a
path coefficient differs from zero was tested udnogtstraping. Bootstrapping is preferred to the
classical maximume-likelihood estimation in theseesabecause probability assessments are not
based on the assumption that the data confornspeecific theoretical distribution. Bootstrapped
data were randomly sampled, with replacement, tivelestimates of standard errors associated
with the distribution of the sample data. Followithggse data manipulations, we parameterized
our model and tested its overall goodness-of-fitef€ is no single universally accepted test of
overall goodness-of-fit for SEM (Schermelleh-Engelal. 2003). We used three metrics to
quantify the goodness of fit of our model: (1) Ghuare testyf; the model has a good fit when
0 <y%df < 2 and 0.05 <P < 1.00) (Schermelleh-Engel et al. 2003), (2) Thet mean square
error of approximation (RMSEA, the model has a gbbathen 0O< RMSEA < 0.05 and 0.10 €
< 1.00) (Schermelleh-Engel et al. 2003) and (3) @&vlbtine bootstrap test (the model has a
good fit when 0.10 < Bollen-Stine bootstr&value < 1.00). The different goodness-of-fit
metrics used indicate that caipriori model was satisfactorily fitted to our data, analstho post
hoc alterations were made.

Finally, to aid interpretation of the SEM, we cdated the standardized total effects
(STEs) of geographical location (latitude and londe), aridity, soil properties (pH and soil total
organic carbon) and microbial attributes on MRGQ@eTSTES, the net influence that one
variable has upon another is calculated by summlingirect and indirect pathways between the
two variables. If the model fits the data well, tlo¢al effect should approximate the bivariate

correlation coefficient for that pair of variables.

Results

On average, multifunctionality showed the lowest highest resistance values to wetting-drying
cycles and N fertilization, respectively (Fig. Zb< 0.001). The resistance of single functions to
global change drivers followed similar patternghtose observed for MRGC (Table S1; Fig. S2).
Mantel tests revealed that the more similar theabial communities between two sites, i.e. the
more similar thei-diversity, the more similar their functional resisce to warming, wetting-
drying cycles and N fertilization is (Fig. & < 0.05). Interestingly, we also found significant
positive relationships among multifunctionality istance to warming and to wetting-drying

cycles and N fertilization (Fig. S2 < 0.05). Conversely, we failed to find any sigraint
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relationship between the richness of fungi anddr&ctind MRGC (Table S2). The abundance of
bacteria was positively related (Spearnpam 0.26;P = 0.05) to multifunctionality resistance to
warming (Table S2).

In general, the composition of fungi and bacterieravselected over other microbial
drivers as the main predictors of MRGC (Fig. S3¢ #dund that a relatively small proportion of
bacterial and fungal taxa (2-10%) were major devef MRGC in our studied drylands (Fig.
S3). Microbial attributes selected by Random Foaesiyses as major predictors of MRGC were
also significantly correlated with the resistandesiogle functions to the global change drivers
evaluated (Table S3). The fungal: bacterial rat@mswever selected as a major predictor of
MRGC by our Random Forest models. Even so, wefatilhd a positive correlation between this
ratio and the resistance of particular functionshsas nitrate (Spearman= 0.27;P = 0.04) and
carbohydrate availability (Spearmarr 0.23;P = 0.08).

Our SEM analyses provided further evidence tharabial taxa can have both positive
and negative effects on MRGC via direct effects #mat these effects are maintained after
accounting for important drivers of soil microb@mmunities and ecosystem multifunctionality
(Fig. 4; Appendix S1; Table 1). For example, théatree abundance of class Saprospirae
(Bacteroidetes) was negatively related to the tast® of multifunctionality and labile C
availability to warming (Fig. 4 and Tables 1 and.S3onversely, the relative abundance of the
classes Solibacteres and Spartobacteria (phylaoBaiteria and Verrucomicrobia) were both
positively related to the resistance of multifunotlity and starch degradation to drying-wetting
cycles and warming, respectively (Fig. 4, Tablé@fpendix S1). Selected examples of specific
effects from microbial taxa on MRGC are given irblEal and explained in detail in Appendix
S1.

We also found that, compared with geographicaltlonasoil carbon and aridity, only
pH had a consistently net positive effect on MR®&g(4). This was an indirect effect driven
via changes in the soil microbial composition ingdidy this variable (Fig. 4). For example, pH
had a negative direct effect on the relative abonodaf Spartobacteria and Saprospira, which
were both negatively related to multifunctionalitysistance to warming (Fig. 4; Table 1).
Moreover, soil pH had a positive effect on the slaGitt-GS-136, which promotes
multifunctionality resistance to drying-wetting d¢gs, and negatively related to the class

Solibacteres, which reduced multifunctionality s¢snce to wetting-drying cycles (Fig. 4; Table
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1). Finally, pH had a positive effect on the relatiabundance of class Fibrobacteria, which

increased the resistance of multifunctionality téeMilization (Fig. 4; Table 1).

Discussion

Our study provides strong evidence for a link befmvéhe composition of bacterial- and fungal-
communities and multifunctionality resistance tarmveng and fertilization in dryland soils from
across the globe. Most importantly, we identifiedtigular microbial taxa that are likely to be
major drivers of the resistance of multifunctiobalio these major global change drivers. In the
short-term —while improvements in microbial isadatiand culturing techniques take place—, our
results suggest that MRCG could be promoted byiadjesoil properties such as pH, a major
driver of microbial community composition (Fierer 8&ackson 2006; Lauber et al. 2009).
Notably, multifunctionality had a lower resistartoewetting-drying cycles than to warming or N
deposition. This is an interesting point, as weusth@xpect that wetting-drying cycles are the
disturbances that these dryland soils are mordylit@ be adapted to. However, our results
accord with the largely accepted notion that wedeailability is the principal driver of
ecosystem functioning in drylands (Maestre et 802). It further indicates that more intense
wetting-drying cycles will reduce MRGC in drylanderidwide (Evans and Wallenstein 2014).
Overall, our work provides new insights into thepontance of microbial composition for
buffering the negative effects of global changeehs.

Interestingly, we also detected significant positivrelationships between
multifunctionality resistance to warming and to twed-drying cycles and N fertilization,
suggesting some commonalities in the processesdrMRGC across the globe (Fig. S3). The
importance of soil microbial communities as drivefsmultifunctionality is supported by a
number of small-scale experiments showing thatl tataundance of microbes controls the
resistance of particular functions such as sopiraton or N mineralization to drought (de Vries
et al. 2012; de Vries & Shade 2013; Downing & Léib8010). However, to the best of our
knowledge, our results provide the first empirieaidence, based on experimental manipulation,
that microbial community composition and multifunciality resistance are linked at the global
scale. Our findings indicate, therefore, that micabcommunity composition can be critical for

maintaining MRGC, and that changes in this compmsitesulting from land use intensification
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(Gossner et al. 2016) or climate change (Maestia. 2015) will likely alter the resistance of
critical ecosystem functions to global change dsve drylands across the globe.

Our Random Forest analysis allowed us to identstipular microbial taxa (class level)
as major predictors of MRGC over other microbidtilatites such as abundance, diversity and
fungal: bacterial ratio. In particular, we foundtra relatively small proportion of bacterial and
fungal taxa (2-10%) were major drivers of MRGC. S@éncluded specific classes within phyla
Verrucomicrobia, Bacteroidetes, Chloroflexi, Acidobacteria, Firmicutes and Ascomycota, which
are globally distributed (Ramirez et al. 2014; Meesgt al. 2015). The same microbial taxa were
also correlated with the resistance of single fimmst to global change (Table S2). These results
imply that different microbial drivers govern malinctionality and MRGC in dryland soils
worldwide. Thus, while multifunctionalitper se is likely to be driven by multiple microbial
attributes (Appendix S2; Figs. S4 and S5), thectsfeof microbial attributes on MRGC are
mostly limited to those from microbial compositiora key microbial taxa. These results are
consistent with novel soil ecological theories segjong that key microbial taxa may control the
resistance of soil functioning to global change Vdies & Shade 2013). Conversely, we failed to
find any significant relationship between abundaawcd richness (rare and common species) of
fungi and bacteria and MRGC. Similarly, our resuligher suggest that the fungal:bacterial
ratio, previously suggested to be a major prediot@cosystem functions (de Vries et al. 2012),
may be a poor predictor of MRGC. Note that, uniiee Vries et al. (2012), we used a gPCR
approach to calculate the fungal: bacterial rafttaus, we would like to acknowledge that the use
of different methods might also partially explaifferences between de Vries et al. (2012) and
our results. Nevertheless, we still found a positsorrelation between this ratio and the
resistance of particular functions such as nitrateroxy for nitrification rates, and carbohydrate
availability. This finding supports results of eepious study demonstrating strong relationships
between the fungal:bacterial ratio, and both N mahzation and soil respiration (de Vries et al.
2012).

Our SEM revealed a direct and significant relatiopsbetween the composition of
microbial communities and MRGC after accountingrfasltiple drivers of this resistance. These
results further support the notion that key micablbéxa play critical roles in supporting MRGC
in dryland soils worldwide. We found that differenticrobial taxa were involved in the

multifunctionality resistance of each global charigetor. Given that multiple global change
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drivers will occur simultaneously, our results sesfgthat preserving the diversity of soil
microbial communities may be crucial to sustain ghevision of ecosystem services in the
future. Furthermore, we found both direct positarel negative effects from particular taxa on
MRGC. We argue that many of the effects can be nstoled by drawing on our current
knowledge of soil microbial communities. Of spedialerest is the role that microbial life-
strategy (i.e., r- vs. k- strategists) might playdriving MRGC, with special references to C
cycling (de Vries & Shade 2013). For example, teltive abundance of class Saprospirae
(Bacteroidetes), classified as r-strategist or atpphs (Fierer et al. 2007) directly and
negatively affected multifunctionality resistangeddabile C availability resistance to warming,
presumably due to their rapid growth. Conversélg, greatest net negative effect of a microbial
taxon on the resistance of multifunctionality (i.¢o0 wetting-drying cycles) came from
Solibacteres (Fig. 4; Table 1), which was positivedlated to functions associated with the C
cycle (e.g. starch degradation) but negativelyteelao functions from N cycle (e.g. chitin
degradation and N availability; Table S3). The pesieffect of Solibacteres on the resistance of
labile C mineralization is consistent with resuli®m previous studies suggesting that
oligotrophic communitiessénsu Fierer et al. 2007; Trivedi et al. 2013) promdte tesistance of
functions related to C cycle (de Vries & Shade 20TBe negative effect of class Solibacteres
may be related to the necessity of certain bacteriammobilize/release large amounts of N in
osmolytic forms to survive desiccation in respotsavetting-drying cycles (Schimel & Balser
2007; Tables 1 and S3; de Vries & Shade 2013).r&kistance of starch degradation appears to
behave differently to the other functions. Thusgnalbial taxa that are positively correlated with
the resistance of starch degradation seem to betimely correlated with the resistance of other
functions. This intriguing result suggests thatr€f@rences from microbial communities (labile
vs. more recalcitrant) might influence the resiseanf particular ecosystem functions to global
change drivers.

Our SEM analyses further suggested that by admisimil pH we could potentially
unleash the positive effects of microbial commumitynposition on MRGC. Thus, pH was the
only environmental predictor having a consistent pesitive effect on MRGC either by
suppressing or promoting taxa that were negati{@bartobacteria, Saprospira and Solibacteres)
and positively (Gitt-GS-136 and Fibrobacteria) rethto MRGC, respectively. The importance

of soil pH as a major driver of the compositionbafcterial and fungal communities in terrestrial
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ecosystems is well known (Fierer & Jackson 2006jbea et al. 2009). However, our study
provides evidence, for the first time, that soil pldo indirectly regulates the effects of microbial
community composition on MRGC. These results hawplications for the understanding and
management of MRGC in the field, as they suggest we could still potentially increase
MRGC by changing soil pH, thereby driving the comsigion of soil microbial communities in a
specific direction. Future endeavors exploring thée of microbial composition in driving
multifunctionality resistance may further test thigpothesis using experimental approaches
including soil pH manipulations.

Altogether, we found a strong link between soiltbaal and fungal communities and
MRGC in soils from global drylands. Our results gest that key microbial taxa, rather than the
richness, abundance and the ratio of bacteria angi,fcontrol MRGC. They also point to the
potential role that manipulations in soil pH coulalve to buffer negative effects of global change
drivers on multifunctionality resistance. Our fings imply that climate- and/or management-
induced changes in the composition of soil badtesiad fungal communities may alter
multifunctionality resistance, with concomitant exffs on the provision of key ecosystem

services than rely on them.
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Figure 1. Locations of the 59 sites included in this study.
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adjacent to arrows are indicative of the effecesif the relationship. For simplicity, only
significant direct effects are plotted (P < 0.08ea priori model in Fig. S1). (P < 0.05; see

priori model in Fig. S1). Brackets includes informatidrttee particular taxa related to MRGC.
R? denotes the proportion of variance explained. iBagmce levels of each predictor are *P <
0.05, *P < 0.01. Bar graphs include total standsed effects (sum of direct and indirect
effects) from SEM on multifunctionality resistant® warming, wetting-drying cycles and N

fertilization. Grey lines represent tested, butsighificant, paths.
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Table 1. Selected examples of the positive and negatieetsfof differential microbial drivers
on the resistance of multiple and single ecosystarttions. This table is derived from results in
Fig. 4 and Table S2. An extended version of thesenples with further explanations is

available in Appendix S1.

Global change

driver Microbial driver

Lychinomycetes

*

Function
Multifunctionality,
NH4* availability, P

mineralization

Pezizomycetes

*

P mineralization

Microbial trait
Ascomycota. Dominant phylum
in dry environments. Highly
adapted to extreme temperatures
conditions
(physical protection)

Starch degradation (+)

Temperature Multifunctionality, Verrucomicrobia —
Spartobacteria f‘ Chitin degradation & Saccharolytic. Oligotroph: slow
P mineralization (-) C cycling.
Multifunctionality,
Saprospirae Labile C availability,
‘ Chitin degradation & Bacteroidetes — copiotroph: fast
P mineralization C cycling.
Multifunctionality,
Labile C availability,
cellulose and chitin
f‘ degradation & NH4+ Chloroflexi — Prefer dry to humid
Gitt-GS-136 and NO3- availability ecosystems. Structural
+) adaptations to desiccation.
Starch degradation (-) Resistant- life strategy vs.
Wetting- Multifunctionality, wetting-drying cycles. Slow-
drying cycles f‘ NH4+ availability (+) growing bacteria.
& Starch degradation
TK17 )
Starch degradation
(+),

Solibacteres

18 ¢

Multifunctionality,
chitin degradation &
NH4+ and NO3-
availability (-)

Acidobacteria — Prefer humid to
dry ecosystems. Oligotroph: slow
C cycling. May need to
immobilize/release large
amounts of N (in osmolytes) to
survive desiccation

N fertilization Fibrobacteria

=

Multifunctionality,
NH4+ and P
availability

Obligatory anaerobic. Slow-
growing bacteria in dry
conditions.

Pezizomycetes

pe

Multifunctionality,
Starch degradation

Dryland fungi — N use efficiency.
Use N to produce C degradation
enzymes.
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Supplementary figur e captions

Figure S1. A priori structural equation model including direct and iiect effects of
geographical location, aridity, soil properties amecrobial communities on the resistance of
multifunctionality to global change.

Figure S2. Effects of warming, wetting-drying cycles and &ttilization on the resistance of
eight single functions to global change. Data aeams + SE (n = 59).

Figure S3. Relationship between the matrix of dissimilariBu¢lidean) from multifunctionality
resistance to warming, wetting-drying cycles andeNilization in global drylands. The solid
lines represent the fitted linear regressions.

Figure $S4. Results from @&Random Foresaiming to identify the main significanP(< 0.05)
microbial predictors of multifunctionality resistan to warming, wetting-drying cycles and N
fertilization in global drylands. Pie chart incldihe relative abundance of selected taxa driving
multifunctionality resistance to global change drivin dryland soils from across the globe.
Figure S5. (a) Results from &Random Forestiming to identify the main significanP (< 0.05)
microbial predictors of multifunctionality in globdrylands.(b) Pie chart includes the relative
abundance of selected taxa driving multifunctidyah global drylands(c) Structural equation
model describing the effects of multiple drivers wwltifunctionality. Numbers adjacent to
arrows are indicative of the effect size of theatiehship. Continuous and dashed arrows
indicate positive and negative relationships, respely. This model only includes the direct
effects that were statistically significant (P O%. see a priori model in Fig. S1). Brackets
includes information of the particular taxa relatied multifunctionality resistance to global
change. Rdenotes the proportion of variance explained. iBaamce levels of each predictor are
*P < 0.05, **P < 0.01.
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Appendix S1. Selected examples on specific effects from microbial taxa on MRGC.

Fungal classekychinomycetes and Pezizomycetes, highly adapted to extreme temperatures via
physical protection (Paul 2015), had the highest mesitive effect on multifunctionality
resistance, and that of activity of phosphatasdoarammonium availability to warming (Table
1; Table S2)Saprospirae, however, always had a significant negative eftecthe resistance of
multiple and single functions to changes in tempeea(Fig. 4; Table 1). These results are in
agreement with the notion that the resistance bffgoctioning may decrease with increasing
relative abundance of r-strategists (i.e., coppts), such as those from phyluBacteroidetes,

vs. k-strategist (oligotrophs, Table 1, Fierer et2@07; Trivedi et al. 2013; de Vries & Shade
2013).

Chloroflexi classes Gitt-GS-136 and TK17, highly resistantiésiccation and wetting-
drying cycles (Battistuzzi & Hedges 2009; Barnatdak 2013), had the highest net positive
effect on the resistance of multiple and singlesgstem functions to wetting-drying cycles (Fig.
4; Tables 1 and S2).

Finally, the bacteria classFibrobacteria had the highest positive effect on
multifunctionality resistance to N fertilizationi¢f- 3; Table 1), as well as positive effects on the
resistance of N and P availability (Table S1). Ehesganisms are obligate anaerobes (Rahman
et al. 2015), and presumably have a slow growttadyaos in drylands. Because of this, this class
might immobilize both N and P during prolonged drgriods (Schimel & Balser 2007)
promoting the stability of N and P cycles. On tlatcary, the fungi clasBezizomycetes had the
highest negative microbial effect on multifunctidtyaresistance and that of starch and cellulose
degradation to N fertilization (Fig. 4c; Tablesride51). This class might use N from fertilization
to produce enzymes (N-rich molecules) aiming toodgmose soil organic matter, reducing the

stability of soil C cycle in response to N addisgiustin et al. 2004).

Appendix S2. Identifying major microbial driversof multifunctionality.

Using the control treatment and information on eighil functions (activity of3-glucosidase,
cellobiosidase, N-Acetylglucosamine and phosphatas® carbohydrates, ammonium, nitrate
and inorganic P), we calculated a multifunctioryalitdex (Maestre et al. 2012). To obtain an
averaging multifunctionality index for each sampies first normalized (log-transformed when

needed) and standardized each of our eight ecosyatections using the Z-score transformation
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as described in Maestetal. (2012). Following this, the standardized ecosysi@nctions were
averaged to obtain a multifunctionality index (Miae®t al. 2012). We then repeated analyses
explained in the Methods section including Randaregt and Structural equation modeling to
identify the major microbial drivers of multifunotality. These analyses are independent to
those from Delgado-Baquerizo et al. (2016), as ,here used functions measured in the
treatment controls for this incubation experimé&nir Random Forest model (Fig. S4) supported
the results from Delgado-Baquerizo et al. (201@)xhier suggesting that richness of bacteria and
fungi are major drivers of multifunctionality inadal drylands. In particular, our SEM results
(Fig. S4) indicate that richness from common baetécalculated following Soliveres et al.
2016) and richness from all fungi positively relegemultifunctionality. In addition, our Random
Forests selected other microbial attributes —nduged in Delgado-Baquerizo et al. (2016)— as
major drivers of multifunctionality including bactal and fungal total abundance and the fungal:
bacterial ratio —all of them positively related naultifunctionality— and bacterial and fungal
composition —with both positive (e.ftedonobacteria) and negative (e.golibacteres) effects

on multifunctionality—. Our SEM results further giggted that all effects from soil carbon, pH,
aridity, latitude and longitude on multifunctiortglare indirectly driven via changes in microbial
community attributes; being soil organic C the emwmental driver with the highest total
positive effect (sum of directs and indirect eféetbm SEM) (Fig. S4).



850 TableSl. Spearman correlations between the resistanceailbfunctionality and that from eight
851  single functions to warming, wetting-drying cyclasd N fertilization. P values below 0.05 are
852 in bold. BG =p-glucosidase activity; CB $-D-celluliosidase activity; PHOS = Phosphatase
853  activity; NAG = N-acetylp-Glucosaminidase activity.

854
Resistance of multifunctionality
Resistanceof Parameters \Warming Wetting-Drying N fertilization
Carbohydrates p 0.510 0.685 0.572
P value <0.001 <0.001 <0.001
Ammonium p 0.533 0.473 0.490
P value <0.001 <0.001 <0.001
Nitrate p 0.565 0.473 0.160
P value <0.001 <0.001 0.226
Available P p 0.097 0.361 0.421
P value 0.465 0.005 0.001
CB p 0.276 0.416 0.099
P value 0.034 0.001 0.457
BG p -0.090 -0.079 0.191
P value 0.498 0.554 0.148
NAG p 0.298 0.502 0.330
P value 0.022 <0.001 0.011
PHOS p 0.548 0.261 0.256
P value <0.001 0.046 0.051
855
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859
860
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864
865
866
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868 Table S2. Spearman correlations between microbial abundadoersity and the fungal:
869  bacterial ratio and multifunctionality resistance warming, wetting-drying cycles and N
870 fertilization.

871
Microbial drivers Parameter Warming -drying cycles N fertilization
Fungal abundance p 0.204 0.128 -0.048
P-value 0.122 0.334 0.719
Bacterial abundance p 0.256 0.095 -0.177
P-value 0.051 0.473 0.181
Fungal: bacterial ratio p -0.103 0.059 0.079
P-value 0.436 0.658 0.553
Richness all bacteria p 0.184 0.008 -0.076
P-value 0.163 0.951 0.565
Richnessrarebacteria p 0.017 -0.129 -0.12
P-value 0.896 0.328 0.367
Richness common bacteria p 0.215 0.051 -0.048
P-value 0.103 0.7 0.72
Richnessall fungi p 0.118 0.03 -0.132
P-value 0.371 0.823 0.317
Richnessrarefungi p 0.063 -0.023 -0.118
P-value 0.637 0.86 0.375
Richness common fungi p 0.144 0.098 -0.095
P-value 0.276 0.462 0.474
872
873
874
875
876
877
878
879
880
881

882
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Global change

celluliosidase activity; PHOS = Phosphatase agtivNAG

fertilization. P values below 0.05 are in bold. B& B-glucosidase activity; CB =$-D-

N-acetylg-Glucosaminidase

Table S3. Spearman correlations between selected micrafasigbbles from Random Forest

analyses and the resistance of eight single fumetto warming, wetting-drying cycles and N

drivers Microbial variable

Warming Pezizomycetes
Spartobacteria

Saprospirae

Bacilli

Bacterial
abundance

TK17

Sphingobacteriia

S085

Chloroplagt

Lichinomycetes

Dehalococcoidetes

Solibacteres

Wetting-Drying

Gitt.GS.136

SHA.37

Parameter

BG
-0.099
0.456
0.397
0.002
0.239
0.069
0.15
0.258

-0.198
0.13:
-0.19:
0.145
0.1t
0.25¢
-0.505
<0.001
-0.081
0.512
0.141
0.28¢
-0.174
0.18%
0.54:
<0.001
-0.42¢
0.001
0.474
<0.001

Car bohydrates

0.107
0.42
-0.205

0.119
-0.263
0.044
-0.184
0.164

0.142
0.28:
0.07¢

0.552
-0.29¢
0.023

0.265
0.043
0.03%

0.778
0.02¢
0.85]
-0.028
0.83¢
-0.17¢

0.176
0.361
0.005
-0.258
0.049

-0.068
0.611
0.002
0.990
0.094
0.478
-0.042
0.75

-0.09
0.49¢
-0.187

0.156
-0.021
0.87:

-0.191
0.14¢
-0.32¢
0.011

0.0¢
0.65:

-0.135
0.30¢
-0.07¢

0.557
0.25¢
0.048

-0.28
0.032

Ammoniu
m Nitrate PHOS  Available P
0.201 0.433 0.249 0.34 -0.031
0.127 0.001 0.057 0.008 0.816
-0.57 -0.148 -0.141 -0.268 D.02
<0.001 0.263 0.285 0.040 0.877
-0.301 -0.219 -0.049 -0.407 3D.0
0.021 0.096 0.711 0.001 0.778
-0.327 -0.267 -0.146 -0.154 9.06
0.012 0.041 0.271 0.243 0.606
0.162 0.211 0.318 -0.016 -0.064
0.22 0.10¢ 0.014 0.90¢« 0.63:
0.41 -0.04: -0.10¢ 0.41¢« 0.10¢
0.001 0.754 0.424  0.001 0.429
-0.10z -0.24 -0.051 -0.241 -0.11¢
0.44: 0.067 0.701 0.06¢ 0.37
0.42 0.176 0.206 0.104 0.097
0.001 0.18¢ 0.11% 0.43¢ 0.46¢
0.07¢ -0.10¢ -0.097 0.04% -0.041
0.551 0.427 0.464 0.736 0.761
-0.04¢ 0.0¢ -0.04: 0.31 -0.07¢
0.74: 0.49¢ 0.74¢ 0.017 0.57¢
0.099 -0.055 -0.004 -0.091 59.0
0.45¢ 0.673 0.97¢ 0.49: 0.65¢
-0.337 -0.57¢ -0.561 0.17% -0.10¢
0.009 <0.001 <0.001 0.181 0.413
0.42¢ 0.35¢ 0.36: 0.01Z 0.16¢
0.001 0.006 0.005 0.92¢ 0.20¢
-0.456 -0.608 -0.358 0.034 0.014
<0.001 <0.001 0.005 0.79¢ 0.91¢




N fertilization

Thermomicrobia

C0119

Richness common
bacteria

Elusimicrobia

PRR.12

T™7.1

Mollicutes

TK17

M onoblepharidom
ycetes

Pucciniomycetes

ABS.6

SJA.176

Fibrobacteria

Pezizomycetes

P-value

P-value

P-value

P-value

P-value

P-value

P-value

P-value

P-value

P-value

P-value

P-value

P-value

P-value

-0.476

<0.001
0.371
0.004

-0.36%
0.004
0.22
0.09¢
0.11¢
0.395
0.29¢
0.022
-0.246
0.0€0
-0.281
0.031

0.287
0.028
0.135
0.307
0.537
<0.001
0.352
0.006
-0.119
0.371
-0.263
0.044

0.097
0.467
-0.3
0.021

-0.04
0.76¢
-0.096
0.46¢
0.11¢
0.369
-0.132
0.320
-0.222
0.091
0.24¢
0.062

-0.084
0.526
-0.142
0.283
-0.095
0.473
-0.067
0.614
0.162
0.222
0.082
0.537

0.236
0.07:

-0.1
0.453

0.03¢
0.76¢
-0.061
0.64¢
0.031
0.817
-0.1
0.45¢
-0.167
0.20%
0.09¢
0.471

0.015
0.909
-0.091

0.495
-0.516

<0.001

-0.212
0.107
-0.186

0.159
-0.233
0.076

0.454
<0.001
-0.272
0.037

0.11¢
0.381
-0.169
0.20z2
0.01¢
0.886
-0.12¢
0.33¢
0.093
0.48¢
0.212
0.108

-0.148
0.262
-0.135
0.309
-0.24
0.067
-0.207
0.115
-0.066
0.619
-0.192
0.145

0.328
0.011

-0.252
0.054

0.36¢
0.004
-0.135
0.30¢
0.187
0.155
-0.39¢
0.002
0.060
0.650
0.33¢
0.010

-0.381
0.003
0.086
0.518
-0.537
<0.001
-0.368
0.004
0.264
0.043
-0.019
0.886

0.413 -0.134
0.001 0.311
-0.295 0.032
0.023 0.810
0.34¢ 0.00¢
0.007 0.94¢
-0.281 -0.032
0.031 0.80¢
0.09¢ 0.11¢
0.480 0.371
-0.33¢ 0.02¢
0.010 0.8%0
0.047 0.039
0.72¢ 0.77
0.23¢ -0.10z
0.076 0.441
-0.481 -0.197
<0.001 0.134
-0.086 0.058
0.515 0.66
-0.3 0.27
0.021 0.039
-0.16 0.077
0.226 0.56
0.096 -0.159
0.468 0.23
-0.096 -0.215
0.471 0.103

0.295
0.02:
-0.198
0.133

-0.197
0.13¢
06.3
0.019
-0.17¢
0.187
-0.1¢9
0.1%0
-0.164
0.21¢
0.207
0.115

50.0
0.703
0.056
0.674
-0.091
0.494
-0.33
0.011
0.252
0.055
11D.
0.398
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903 Figure S1. A priori structural equation model including direeind indirect effects of
904 geographical location, aridity, soil properties amecrobial communities on the resistance of
905 multifunctionality to global change.
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eight single functions to global change. Data aeams + SE (n = 59).
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935 Figure S5. (a) Results from &Random Forestiming to identify the main significanP (< 0.05)
936  microbial predictors of multifunctionality in globdrylands.(b) Pie chart includes the relative
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