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Summary paragraph

The legacy impacts of past climates on the cumesttibution of soil microbial communities are
largely unknown. Here, we used data from >1000sdtem five separate global and regional
datasets to identify the importance of paleoclimatinditions (Last Glacial Maximum and Mid-
Holocene) in shaping the current structure of lsadterial communities in natural and agricultural
soils. We show that paleoclimate explained a greateount of the variation in the richness and
composition of bacterial communities than currdimate. Moreover, paleoclimate accounted for
a unique fraction of this variation that could r& predicted by geographic location, current
climate, soil properties, or plant diversity. Clicalegacies (temperature and precipitation
anomalies from the present to ~20k years agopigleape soil bacterial communities both directly
and indirectly via shifts in soil properties anéum communities. The ability of both paleo- and
current climate to predict the distribution of dudicteria declined dramatically in agriculturalsoi
highlighting the fact that anthropogenic activitibave a strong influence on soil bacterial
diversity. We illustrate how climatic legacies chelp explain the current distribution of soil
bacteria in natural ecosystems, and advocate timaate legacies should be considered when

predicting microbial responses to climate change.



Introduction

The climate of a particular region varies over timigen resulting in large-scale biome migrations
that drive the current distribution of plant comnitigs'“. For example, long-term climatic
legacies have shaped the distribution and diveddiplant communities in terrestrial ecosystems
via dispersal-limited recolonization and environmafiltering?. Similarly, long-term regional
climate history could conceivably explain signifitgproportions of the variation found in the
current richness and composition of soil microlmammunities. For example, a recent study
provides indirect evidence that the last glaciatizay have influenced the current distribution of
strains of the soil bacterial gen8septomyces across the United States However, the broader
role of past climatic conditions in regulating tbarrent distribution of microbial communities
remains largely unexploredif past climates help explain the current disttibn of microbial
communities, careful consideration of climatic leiga could improve our capacity to predict how
soil microbial communities will respond to forecastlimate changes, and how this response will
affect the myriad ecosystem services that theyigeofe.g., decomposition, nutrient cycling and
climate regulatior)®.

In theory, paleoclimate could explain the currastrbution of soil microbial communities
directly, via differential changes in temperatune @recipitation patterns across millerfrfiSoil
bacteria are known to have short generation tiraadihg to a fast turnover rate, but they have
also been found to be highly sensitive to changesrmperatur€. For example, a recent study
demonstrated that a wide range of soil bactena &xhibit predictable and consistent preferences
for particular temperature conditidAsThese intrinsic characteristics of microbial conmities
surely influence their direct response to paleoatanFor instance, Atkinson et'afound that the
community composition of fast-growing invertebratesponded immediately to large and abrupt
changes in temperature after the most recent gjlaicjaa response that left a strong signature in
their contemporary distribution. Likewise, abrupianges in climate, which may have occurred
prior to 10000 years agf might have also left a strong signature on thecitire of soil bacterial
communities. In this respect, a direct effect frpaleoclimate on soil microbial communities
might have occurred in the past (e.g. in respoasg particular drastic climatic event), but the
consequences of this rapid compositional shift msgii be detectable today.

Paleoclimate can also influence the current strecbéi bacterial communities indirectly,

via its influence on soil properties and plant camity structuré®*°. Thus, variations in soil



properties such as pH and total organic carbonclwlban have strong effects on microbial
distributiong3*°and change slowly during ecosystem developti@htcould drive the effects of
paleoclimate on the contemporary patterns of miatodlbmmunity composition and richness.
Likewise, paleoclimate effects on plant communftfemiay be associated with corresponding
changes in the composition of soil microbial comitiag'®. Although the growing literature
focuses on the main drivers of soil microbial comitias in terrestrial ecosystems, we do not
know whether climatic legacies contribute to thairrent richness and composition patterns at
regional or global scales.

Additionally, if climatic legacies play an impontarole in regulating current soil microbial
distribution, agricultural practices may reduceemove any potential effects of paleoclimate on
microbial community composition and richness. Agiltieral practices are known to alter soil
microbial communities directly, e.g. via introdusti of new bacterial taxa associated with crop
rhizospheres or via fertilizatiort?, and indirectly, via changes in soil propertiesil(sarbon, soil
pH, and microbial communities) Drastic changes in the composition and richnéssibbacteria
derived from agricultural practices might potenyiahitigate the direct and indirect influences of
climatic legacies on soil microbial communities s@l properties. Soil disturbance is expected to
increase exponentially this century due to thedasing intensification of agricultural production
needed to meet an increase in demand for food Iy Z00% by 205¢. Thus, understanding how
agricultural intensification will shift the signatiof climatic legacies on microbial communities
could improve our ability to evaluate and manag@rapogenic soil disturbances.

Here, we evaluated the relative importance of mdileate and current climate as
predictors of the richness (number of phylotypesenbed per sample) and composition (relative
abundance of phylotypes) of soil bacteria at glaval regional scaledter accounting for key
drivers of bacterial distribution such as geographiocation, soil properties and plant diversity.
We did so using data from five separate regiondlglobal datasets including information on the
structure of bacterial communities assessed via rEG$A gene sequencing (see Methods).
Together, these datasets included more than 1@8¢€ fsom all continents except Antarctica,
covering a broad range of ecosystem types (seeddstand Supplementary Fig. 1). We tested
the following hypotheses: i) paleoclimate predectgnique portion of the variation in the current
richness and composition of soil bacterial commesitn terrestrial ecosystems, ii) climatic

legacies (measured as the temperature and prdicipitanomalie¥ between an estimate of



climate 20,000 year ago and another estimate topthsent day) affect the structure of current
bacterial communities both directly and indirectls soil properties and plant diversity and iii)
soil disturbances linked to agricultural productreduce the relative importance of paleoclimate
as a predictor of current microbial community rieea and composition. It was not our intention
to merge the five datasets used, which vary in sfampesign and experimental methods (e.g.
primer sets), but to test our hypotheses usingifidependent regional and global data sets from
ecosystems that differed in their vegetation, cterend soil attributes (Methods; Supplementary
Fig. 1).

Results

We first used Variation Partitionifto quantify the relative contribution of past amarent
climates as predictors of the richness and compasdf soil bacterial communities. We also
included soil properties and spatial variablés our models. This approach allowed us to quantif
the unique contribution of climate from a partiouteeriod to explain the current distribution of
soil bacteria, and to differentiate this contributifrom that shared among all predictors.
Environmental drivers such as plant diversity, godperties and geographic location explained
unique portions of the variation in soil bacterighness and composition in all datasets (Fig. 1,
Supplementary Figs. 2 and 3). Most importantlymeliic variables from mid-Holocene and Last
Glacial Maximum climates explained a unique peragetof the variation in the richness and
composition of soil bacterial communities (Fig. Supplementary Figs. 2 and 3). Overall,
paleoclimate was a better predictor of soil baatercthness and composition than current climate
in all five datasets (Fig. 1), suggesting that medssing current climate alone have a limited
predictive power at regional to global scales. &dlmate also shared a large part of the variance
explaining bacterial community richness and conmpmsi with plant richness and/or soil
properties, suggesting that a large fraction ofajygarent effects of paleoclimate on soil bacterial
communities may be driven by its direct and indieftects on these ecosystem variables.

We then used structural equation modeling (SEM, Me#ods) to assess the role of
climatic legacies in driving bacterial communitynggosition and richness, and to separate direct
(i.e., temperature and precipitation anomalies betwan estimate of climate 20,000 year ago and
another estimate for the present day) and ind{reatsoil properties and plant diversity) effects
of such legacies on soil microbial communities.ikkkegression analyses, SEM offers the ability

to separate multiple pathways of influence andnieestigate the complex relationships among



environmental predictors commonly found in teriasgcosystems (Methods). As SEM works on
single response variables, we collapsed the batwsmmunity compositional data using non-
metric multidimensional scaling (NMDS) for each ak#t independently, and retained the first
two axes from a 2D solution (Bacterial comm. 1 anstress ~ 0.1 in all cases). Prior to conducting
SEM, we used a Random Fofgstocedure (Methods) to reduce the number of predito those
that significantly explained the variation foundaacterial community richness and composition
(i.e. geographical location, climatic legacies) pooperties and plant diversity) for each dataset
(Supplementary Table 4). Random Forest procedueeseaommended for identifying the main
significant predictors of environmental responsealdes(Methods). Finally, after conducting
Random Forest but prior to the final SEM analysesyan preliminary SEMs to further evaluate
whether the effects of climatic legacies on soitmmibial community composition and richness
were independent of those of current climate. Vduohed in these analyses the selected climatic
legacies from Random Forest analyses, but alsaded their corresponding current climate
variables. In general, climatic legacies were apairtant as, or more important than, current
climate in directly driving the richness and conipos of bacteria across all datasets
(Supplementary Fig. 4).

Our final SEM analyses provided solid evidence thatatic legacies had both direct (four
of five cases) and indirect (four of five casesgets on bacterial richness (Fig. 2; Supplementary
Tables 5 and 6) across the five datasets used.ahmmeian temperature and precipitation in the
driest month showed the largest total effects (sdirdirect and indirect effects from SEM) on
bacterial richness in three of five datasets (Sapphtary Fig. 5). Similarly, we also found both
direct (four of five cases) and indirect (all cgseféects of climatic legacies on the compositiébn o
bacterial communities (for both NMDS axes; Suppletagy Figs. 6-9; Supplementary Tables 5
and 6). In this case, direct effects were drivethlityy changes in temperature and precipitation,
with particular importance of annual mean tempeeatind isothermality and precipitation in the
driest month (Supplementary Figs. 6 and 7). Indieftects of precipitation and temperature
legacies on microbial richness were largely dribgnsoil properties such as pH (three of five
databases for bacterial richness and all datakzeses for bacterial community composition),
organic carbon concentration and texture (two\a# iases for bacterial community composition,
respectively; Fig. 2 and Supplementary Figs. 6 @ndOther soil properties such as available

phosphorus and micronutrients indirectly drove péthe effects of climatic legacies on microbial



community structure (Fig. 2 and Supplementary Fggand 7). We also found strong indirect
effects of climatic legacies on soil bacterial nelss (three of three databases) via changes in plan
diversity. On the contrary, the effects of climadegacies on bacterial community composition
were only indirectly driven via plant species rieka in China (Supplementary Fig. 6).

Additional Random Forest analyses (see Methods Suygplementary Data Table 7)
allowed us to identify some of the bacterial taxat twere consistently (i.e. in more than half of
the datasets) good predictors of major climatiatées (i.e., AMT and PDM, which were selected
using standardized total effects from SEM; Metho@®r example, we found that the relative
abundance of botllanctomycetes and candidate phylum WS3 (recently renainetdscibacteria)
consistently increased with increasing precipitatio the driest month from paleoclimatic to
current climates (Supplementary Data Table 7)diitaon, phylumActinobacteria was found to
be an indicator of changes in temperature oveeemiila (Supplementary Data Table 7).

We repeated our Variation Partitioning models fosudset of data from the Australia
dataset where we were able to partition sites atvweoplands and natural ecosystems located
close to these croplands (66 sites each). Thiwataus to evaluate whether agriculture might alter
the predictive power of paleo- and current climat¥e found that paleoclimate (mid-Holocene +
Last Glacial Maximum) still predicted a unique pafthe variation in bacterial diversity within
croplands (Fig. 3 and Supplementary Fig. 10). Hexepaleoclimate always had a significantly
lower capacity to predict bacterial diversity iroptands than in natural ecosystems (Fig. 3 and
Supplementary Fig. 10). When the SEMs were repesatied data from only natural and croplands
sites in Australia (Fig. 3 and Supplementary Fid), Iwe found a strong reduction in the
importance of soil properties as predictors of oheal community richness and composition due
to the extreme disturbance caused by cotton anétwhaning (Fig. 3 and Supplementary Fig.
11).

Discussion

Together, our work provides, to our knowledge,ftret empirical evidence that paleoclimate and
climatic legacies (climate anomaly between 20,06@ry ago and today) can leave a strong
signature on soil bacterial communities, which rhaye influenced the contemporary distribution
of bacterial richness and composition from regidaajlobal scale. The importance of these results
lies in the fact that climatic legacies can be useldetter understand and predict the response of

microbial communities to ongoing climate changesluding rising temperatures and changes in



precipitation patterrt&. For example, in arid environments (Global drykaadd New South Wales
datasets; average of 338/334 and 417/398mm of militesst Glacial Maximum annual
precipitation, respectively), increasing precipdatin the driest month from paleoclimates to
current climates resulted in a net increase (sudirett and indirect effects) in bacterial richness
(Supplementary Fig. 5). This result is supportea bgcent study highlighting that aridity, a proxy
of water availability, is a key driver of bacterdilersity in global dryland8. However, in more
humid environments such as those of the AmericasGmna (mostly temperate and tropical
ecosystems; average of 948/894mm and 903/1020nwvurcgnt/Last Glacial Maximum annual
precipitation, respectively), increases in preaidin (Americas) or precipitation in the driest
month (China) from paleo to current climates ledeductions in bacterial richness. This response
is likely driven by increases in the relative abanck of specific microbial taxa under the wettest
conditionsd® (Fig. 2 and Supplementary Fig. 5). For example, rlative abundance of both
Planctomycetes and phylunmiatescibacteria was positively related to the precipitation in thigest
month anomaly from paleoclimatic to current clinsat8upplementary Data Table 7). This result
agrees with expectations that members of theseaglggically prefer wetter environme#tse
Interestingly, phylunActinobacteria was also found to be an indicator of changesmpgrature
over millennia, suggesting that this taxon may ha&en highly influenced bihe last glaciation
at the continental sc&te The effects of increasing precipitation on baateichness observed in
China may be indirectly driven via soil acidifiaati as a consequence of soil weathétirgig.
2d), as reductions in soil pH are known to redwiebmcterial diversity in terrestrial ecosystéfs
Annual mean temperature showed the highest tatal (& direct and indirect effects) positive and
negative effect on bacterial richness for the Charad Australia datasets, respectively
(Supplementary Fig. 5). This contrasting resulthmige related to the fact that Australia showed
the lowest increase in temperature from paleo toeatl climates in this study (3.5°C), which
resulted in a total positive effect on the diversit bacteria, compared to the increases found in
China (5.6°C), Global drylands (5.2°C) and the Aoaer (10.1°C), where annual temperature
legacies had a total negative effect on the ditsedsisoil bacterial communities.

Climatic legacies (measured as the temperaturgpeauipitation anomaliésbetween an
estimate of climate 20,000 year ago and anothenat for the present day) drove the richness
and composition of bacterial communities both diye@nd indirectly via changes in soil

properties and plant diversity. Direct effects wdrezen both by changes in temperature and



precipitation, with particular importance of annualean temperature, isothermality and
precipitation in the driest month (Supplementaryalfégs. 6 and 7). This finding is supported by
recent studies that have identified temperature @edipitation as key global and continental-
scale predictors of bacterial community richnesd ammpositiof®. Direct effects include the
impacts derived from rapid climatic changes in plast —which mostly occurred prior to 10000
years ag¥ and that have left a strong signature on the copoeary structure of soil bacterial
communities (see Appendix S3 for further rationatedirect effects from paleoclimates on soil
bacterial communities). Indirect effects of clingdigacies on bacterial richness and composition
were largely driven by soil properties such as pid,ao0 a lesser extent, by organic carbon
concentration and texture. These soil variablescivvere included in all datasets, are known to
determine changes in bacterial communities in $tnigd ecosystenis315 Other soil properties
such as soil P and micronutrients were also foanddirectly drive part of the effects of climatic
legacies on bacterial community structure. In galneve found strong indirect effects of climatic
legacies on soil bacterial richness via plant diltgr an indirect effect that was only observed for
bacterial composition in China. Highly diverse glanmmunities may promote the richness of
soil bacteria by supporting a wider variety of msh(e.g. litter qualities and rhizosphere
products)’. Climatic legacies in these datasets always hattdand indirect (via soil properties)
effects on plant richness, providing further supdor the notion that climatic legacies play
important roles in driving current plant diversityterrestrial ecosysterhé

As expected, geographic location, soil propertiesl @lant richness accounted for
significant variation in microbial community richseand composition in our mogét1518.24.26
However, a unique and significant portion of vadatwas explained by climate legacies, which
suggests that geographical location, soil propesied plant diversity cannot account solely (via
direct effects) for most of the effects of climaggacies on soil bacterial communities (Figs. 1-2
and Supplementary Figs. 2-3 and 5-9). We acknovelédgt other soil properties not included in
our models could improve the predictive power lattied to climatic legacies. Alternatively, part
of the direct effects from climatic legacies ontieaial communities may still be indirectly driven
by processes that we did not explicitly account iforthe SEMs, such as dispersal-limited
recolonization, which have been traditionally calesed as main drivers of paleoclimate effects
on plant diversit§“.



Our analyses also provide evidence that paleodinsatlso influencing the contemporary
distribution of bacterial communities in croplanddowever, paleoclimate always had a
significantly lower capacity to predict the richeeand composition of bacterial communities in
croplands than in natural ecosystems. This sugdleatsagricultural practices have reduced the
unique contribution of paleoclimate as a prediofarontemporary soil microbial distribution. Our
SEM results suggested that the influence of diaect indirect effects from climatic legacies on
the richness and composition of soil bacterial camities are largely reduced in croplands (cotton
and wheat farming) compared to natural ecosyst&isct effects of climatic legacies on soil
microbial communities can be potentially erasedlessened by agricultural practices via
introducing new taxa of bacteria associated wighrttizosphere of particular crop speéiesd/or
by artificially promoting particular bacterial spes responsive to watering or fertilizatfén
Indirect effects from paleoclimate on soil bactegammunities can be erased (richness) or
lessened (composition) via rapid changes in sodarmand pH as a result of agricultural practices.
By drastically changing microbial communities irilsagricultural practices hinder our capacity
to predict the richness and composition of thesetebal communities using paleoclimatic
information. This result suggests that agriculta# only removes paleoclimatic legacies on
microbial communities, but also leads to predictiovith a lower level of accuracy than those
obtained using data from natural ecosystems. Osultss coupled with those from previous
studies!, highlight the fact that agricultural intensificat markedly alters soil microbial
community composition and diversity in terreste@losystems in ways that can be difficult to
predict.

Together our results provide strong evidence that plimates have left their signature on
current bacterial diversity patterns across thebegloand that agricultural practices may
significantly reduce the unique signature of climétgacies on soil bacteria. Overall, our findings
indicate that using paleoclimatic data can improueability to predict the global distribution of
soil bacterial communities in natural ecosysteniaisT paleoclimatic data should be used when
assessing the responses of these communitieshamtdsystem services they provide, to global
environmental change.

Methods

Study sites and data collection



Drylands (Global scale). We used data from Maestre &t dlhis dataset is focused on drylands
(i.e. regions with an aridity index [precipitatipatential evapotranspiration] < 0.85)and
includes a wide variety of ecosystem types, inclgdjrasslands, shrublands and open woodlands,
and environmental conditions across “natural” dmgl@cosystems. Field samples were collected
between 2006 and 2010 from 80 sites located irolidtcies from all continents except Antarctica
(Supplementary Fig. 1), under the most represeetategetation of each plot, according to a
standardized sampling proto€olA composite sample (i.e. from five soil samples; top 7.5 cm)
was randomly taken under the canopy of the domipargnnial plant species. Each sample was
separated into two portions. One portion was aeetland used for chemical analyses. The other
was immediately frozen at -20 °C for molecular geas.

Soil DNA was extracted using the Powersoil® DNAl#mn Kit (Mo Bio Laboratories,
Carlsbad, CA, USA) according to the manufacturgr&ructions. A portion of the bacterial 16S
rRNA gene was sequenced using the lllumina MiSetfgim and the 341F/805R primer $éts
Bioinformatic analyses were conducted using theMBlIpackage (Caporaso et al. 2010) as
describes in ref. 15. Operational Taxonomic Ur@$(J) were picked at 97% sequence similarity.
The resultant OTU abundance tables from these semlwere rarefied to an even number of
sequences per samples to ensure equal sampling @418B9). In addition, we removed OTUs
that had only one read per OTU across all sampliesit species richness and soil properties,
including texture (% of sand), pH, electrical coatility, total organic C, C:N ratio, total P,
available P, available N (sum of inorganic and oig#!), dissolved phenols, aromatic compounds,
proteins, amino acids, carbohydrates and N mirextabn, were measured as described
elsewher& (Supplementary Table 3).

Americas (Cross-continental scale). We used data from Raneitel?*. This dataset includes 48
“natural” sites across North and South America thaver a wide range of biomes and
environmental conditions going from Artic to trogidorests (Supplementary Fig. 1). Composite
soil samples (top 5cm) were collected under thet mpsesentative vegetation of each study site.
Each sample was separated into two portions. Orteopavas kept fresh and used for chemical
analyses, the other was stored at -80°C until DXtfaetion.

Soil DNA was extracted using the Powersoil® DNAl#mn Kit (Mo Bio Laboratories,
Carlsbad, CA, USA) following the manufacturer’'stiustions with the modifications described

previously3. A portion of the bacterial 16S rRNA gene was seged using the lllumina MiSeq



platform and the 515F/806R primer $étBioinformatic analyses were conducted using the
QIIME package® as described in ref. 24. Operational Taxonomidd(®TU) were picked at 97%
sequence similarity. All samples were rarified @@0 randomly selected reads per sample. In
addition, we removed OTUs that had only one read)3dJ across all samples.

Soil properties including texture (% of sand), pdtal organic C, C:N ratio and C
mineralization were measured as described in neteré3 (Supplementary Table 3).

Australia (Continental scale). We used a subset of sampétitots from the Biome of Australia
Soil Environments (BASE) projeét(Supplementary Fig. 1). This dataset include S#llsamples
belonging to “natural” (465) and agricultural (§6)opping by cotton and wheat) ecosystems from
Australia. Samples were collected between 2011284d. Soil samples were collected according
to the methods described in ref. 25. In brief,atheplot, a composite soil sample (nine discrete
soil samples) from the top 0-10&hwas collected and separated into two portions. gréon
was air-dried for chemical analyses, the otherfina=en (-80°C) until DNA extraction.

All soil DNA was extracted in triplicate, accordimo the methods employed by the Earth
Microbiome Projec®, at the Australian Genome Research Facility. Aogpis targeting the
bacterial 16S rRNA gene were sequenced usingltimila Miseq platform and the 27F — 5F9R
primer set (see reference 25 for details on thealy/ses). Bioinformatic analyses were performed
as explained using MOTHUR (v1.3438 ps explained in ref. 25. Operational Taxonomict&Jni
(OTU) were picked at 97% sequence similarity. TAH&J@bundance tables were rarefied at 14237
sequences/sample to ensure even sampling depaladition, we removed OTUs that had only
one read per OTU across all samples.

Soil properties including texture (% of sand), @ctrical conductivity, total organic C,
available N (sum of ammonium and nitrate), avadd®) available K, and total K, S, Cu, Fe, Mn,
Zn, Al, Ca, Mg, Na and B were measured as desciibegference 25 (Supplementary Table 3).
China (Continental scale). This dataset focuses on fe@stystems (i.e., boreal, temperate mixed
coniferous, temperate deciduous, subtropical egergand tropical forests) and includes 300 plots
across a wide latitudinal gradient (approximatelyp0® kilometers) in Eastern Chi§a
(Supplementary Fig. 1). In each plot, a composiiesample from 15 soil cores was collected
from the top 0-10cm. Each sample was separatedvit@ortions. One portion was air-dried and

used for soil chemical analyses and the other teasdat -80°C until DNA extraction.



Soil DNA was extracted using the Powersoil® DNAl#&mn Kit (Mo Bio Laboratories,
Carlsbad, CA, USA) with a slight modification apained in reference 26. A portion of the 16S
rRNA gene (515F/806R primer s&)was sequenced using the lllumina Miseq platform.
Bioinformatic analyses were completed using theM@ pipeline®® (see ref. 26 for details on these
analyses). Operational Taxonomic Units (OTU) werekgd at 97% sequence similarity. All
samples were rarified to 40000 randomly selectediggoer sample. In addition, we removed
OTUs that had only one read per OTU across all &&snp

Plant species richness and soil properties, inctutiexture (% of sand), pH, total organic
C, C:N ratio and available P, were measured agithesicin reference 26 (Supplementary Table
3).

New South Wales (Regional scale). We used a data from Eldridgd.€t his dataset includes
data from 54 sites scattered across a 500amea of semi-arid eastern Australia (Supplementary
Fig. 1). This survey was undertaken in three waudllaommunities dominated by blackbox
(Eucalyptus largiflorens), white cypress pine Qallitris glaucophylla) and river red gum
(Eucalyptus camaldulensis). This dataset includes sites extensively usediyestock grazing,
large areas dedicated for conservation (nationdispaature reserves) and smaller areas devoted
to native forestry. At each site, a soil sample wa@ected in 2014 from the top 5¢cm of soil. For
this study, we used the subset of samples colleateér tree microsités Each sample was
separated into two portions. One portion was aeedand used for soil chemical analyses, the
other was stored at -20°C until DNA extraction.

Soil DNA was extracted using the Powersoil® DNAl#&mn Kit (Mo Bio Laboratories,
Carlsbad, CA, USA) according to the manufacturenstructions. Amplicons targeting the
bacterial 16S rRNA gene were sequenced using ltihaifla MiSeq platform and the 341F-805R
primer sets. Bioinformatic analyses were done using MOTHE&Rnd UPARSE®. Operational
Taxonomic Units (OTU) were picked at 97% sequenodarity. We removed OTUs that had only
one read per OTU across all samples and the negu@iru abundance tables were rarefied to
10851 sequences per sample (the fewest sequerte@seohin a single soil sample).

At each of three positions along a 100 m trangeot,(50 m, 100 m) we selected the nearest
tree (perennial plant > 4 m in height). Two smalb(m x 0.5 m) quadrats were placed midway
between the trunk and the canopy edge on oppadés sf the canopy. Within these small quadrats

we assessed the cover of all vascular plants lyespand used these data to obtain a value of total



plant species richness for each site. Soil progeiticluding texture (% of sand), bulk density, and
available P were measured as described in refe@hf®upplementary Table 3).

Climate data

In all cases, a total of 19 standardized clima#idables (Supplementary Table 1) were obtained
for all the sites surveyed from the Worldclim dasé (www.worldclim.org). In the case roid-
Holocene and Last Glacial Maximum climates, we ussiiimates provided by the Community
Climate System Model (CCSM4; www.worldclim.ot$jf32 We used data at a 2.5 minutes
resolution (~4.5km at equator), as this is the ésglresolution available for the Last Glacial
Maximum period. Bioclimatic data are also availafie this resolution for current and mid-
Holocene climates, allowing the direct comparisotoag bioclimatic data at different periods. In
all cases, climatic data at 30 seconds resolutorcdrrent and mid-Holocene, which allowed us
to compare 2.5 minutes and 30 seconds resolutitnfdathese two periods. Values calculated
using 2.5 minutes were identical to those calcdlatgng a resolution of 30 seconds in all cases
(Pearson’s r > 0.99P < 0.001) (See Climatic data cross-validation in é&pgix S1). We
acknowledge that paleoclimatic data from islandy tm@ inaccurate as a consequence of their
spatial location, which influences the accuracthefavailable climate data. This should not bias,
however, the conclusions from this study —which e@sducted at the global scale— given the low
number of data points coming from islafds

Pre-selection of multicollinearity free climatic vaiables

We decided to use only those climatic variables.,(from the original 19 climatic variables
available from Worldclim) that were free of multittieearity within each period of time (i.e.
current, Last Glacial Maximum and mid-Holocene).r Example, the inclusion of strongly
positively correlated (r > 0.8) variables within a particular group of predictaiss not
recommended for Variation Partitioning modelinglasy may cause multicollinearity problems
in the analyses (see below). To preselect multresdkity-free climatic variables from the original
list, we collapsed the climatic information from datasets and conducted correlation analyses
(Pearson) within each period of time (i.e., grotipredictors in our Variation partitioning) for the
original 19 climatic variables available (Supplert@en Tables 1 and 2). Based on these analyses,
we selected for our analyses the same eight oli® alimatic variables for each period of time
that were not strongly correlated with the rest 0.8+ annual mean temperature (AMT), mean

diurnal temperature range (MDR), Isothermality (JS@mperature in the wettest quarter



(TWETQ), annual precipitation (AP), precipitation the driest month (PDM), precipitation
seasonality (PSEA) and precipitation in the colgearter (PCQ). These eight variables include
variables that are highly correlated to multiple+selected variables and also variables that were
unrelated to any other climatic variable, henceciwhtould only be explained by themselves.
Together, these variables are a good representatitire rest of non-selected climatic variables
(Supplementary Table 2). We retained these eigidias for the remainder of statistical analyses
presented in this manuscript.

Statistical modeling

We used a combined approach including multipleistsiedl models to address our different
hypotheses. In particular, we used (1) VariatiomtiR@ning modeling to identify whether
paleoclimate can explain a unique portion of theation in bacterial community richness and
composition that cannot be accounted for othergtegictors of soil microbial communities; (2)
Random Forest analysis to identify the main indiaildpredictors of bacterial community richness
and composition including spatial predictors, clilméegacies, soil properties and plant richness;
and (3) Structural Equation Modeling (SEM) to idBnthe direct and indirect (via soil properties
and plant richness) effects of climatic legaciedaaterial community richness and composition.
All these statistical models address a particukat pf our research question that cannot be
addressed using each approach on its own.

Variation partitioning modeling.

We used Variation Partitionidgto quantify the relativémportance of four groups of predictors:
1) climatic variables from the Last Glacial Maximu@) climatic variables from the mid-
Holocene, 3) climatic variables from current cliemi&nd 4) other key environmental drivers of
microbial communities, including plant species nebs (available for Drylands, China and New
South Wales survey) and/or soil properties (14Cgrands, 5 for Americas, 18 for Australia, 5
for the China and 6 for the New South Wales surtetgl organic carbon, texture and pH were
included in all models) and space (sites locat®defined by latitude and longitude) as predictors
of the bacterial community composition (numberesds / OTU), richness (i.e., number of OTUs
per sample). Climate includes the eight multicedinty-free variables described above
(Supplementary Tables 1 and 2). Geographic locdtienlatitude and longitude) was included in
all models to account for spatial autocorrelatieee( reference 15 for a similar approach). The

complete list of predictors available for each Hate is presented in Supplementary Table 3.



Variation partitioning is a method specifically oeomended to deal with between-group
multicollinearity, as it partitions the variance angiven response variable that is attributed to a
particular group of predictors from that varianbargd among all predictéfs Thus, this analysis
allow us to identify whether climatic variables rMrocurrent, mid-Holocene and Last Glacial
Maximum periods can explain a unique portion ofihgance that is not explained by climate in
other period®. Note that adjusted coefficients of determinationmultiple regression and
canonical analysis can, on occasion, take negatihee$®. Negative values in the variance
explained for a group of predictors on a groupesponse variable are interpreted as zeros and
correspond to cases in which the explanatory viasadxplain less variation than random normal
variables wouléf. In all cases, Variation Partitioning analysesenawnducted with the R package
Vegart®. The complete list of predictors available forledatabase is presented in Supplementary
Table 3
Assessing comprehensive indices of climatic legacies. To obtain a greater mechanistic
understanding of the role of paleoclimate in reintpcurrent microbial richness and composition,
we calculated specific climatic legacy indicesdach of the preselected eight climatic variables.
To do so, we calculated the mathematical differendbe values for each climatic variable from
Last Glacial Maximum to current climates (e.g. AahwrecipitatioRurrent climate- Annual
precipitationast clacial Maximup for each site. Therefore, climatic legacies repn¢ the temperature
and precipitation anomalies between an estimatéirofite 20,000 year ago and another estimate
for the present da§ This difference informs us about the climaticdeig@s —increases, decreases
or lack of changes for a particular climatic coraditwith time- in each of the sites surveyed from
the different datasets (See Climatic legacy indexess-validation in Appendix S2). We used
paleoclimatic information from the Last Glacial Miawum rather than mid-Holocene conditions
because 1) the former is included in the periodvben Last Glacial Maximum and the current
climate and 2) in general, Last Glacial Maximum ditions were a better predictor of bacterial
richness and composition than climatic conditiansnid-Holocene (Supplementary Figs. 2 and
3) (Appendix S2). Note that the climatic legacyardised here is based on the differences between
two single snapshots in time (Current vs. Last falaglaximum climates), thus calculation of
climate legacy comes with a number of inherentiambrtant assumptio#% some of which are
accounted for in Appendix S2. Also, note that madstupt changes in climate occurred prior to

10000 years agd (e.g., Supplementary Fig. S12-14). Even so, omatic legacy index still



allowed us to address our research question orhehttte difference between climate today and
20000 years ago affects the structure of currectelbial communities, and whether these effects
were directly mediated by climate legacies or iedily via soil properties and plant diversity.
Random Forest modeling | : pre-selection of main microbial driversused in structural equation
modeling. Due to thelarge amount of predictors used, we conducted ssifieation Random
Forest analysf€ as described in ref. 8 to identify the major statally significant predictors of
the composition and richness of bacteria to beugedl in our structural equation models (next
section). Contrary to the Variation Partitioningeebdescribed above, both Random Forest and
structural equation modeling take one responsabigrat each time. In this respeantthe case of
bacterial community composition at the OTU leved, eonducted Random Forest analyses on the
two scores from the 2D solution of a non-metric tiduhensional ordination (nMDS) using the
Bray-Curtis dissimilarity metric (i.e. Bacterialroon. 1 and 2)The complete list of predictors
available for each database is presented in Sueplemy Table 3These analyses were conducted
using the rfPermute packdgef the R statistical software (http://cran.r-pajerg/).

Structural equation modeling. We used structural equation modeling (SEEMp evaluate the
direct (i.e., changes in temperature and precipitatariables with time) and indirect (i.e. plant
diversity and/or soil properties and space) effegtsclimatic legacies on the richness and
composition of bacterial communities. The use oMMSE particularly useful in large scale
correlative studies, as it allows the partitionofigausal influences among multiple variables, and
separation of the direct and indirect effects ofdeigpredictor®. The main structure of o
priori model was shared across all datasets and respanables (Supplementary Fig. 15). We
only included in these models those variableswt identified as major statistically significant
predictors of the richness and composition of béateommunities from Random Forest analyses
(Supplementary Table 4). Therefore, SEM models gotadl for the different datasets contain
different predictors and were independently comsérdt The only exception to this was latitude
and longitude, which were included in all the msdel account for spatial autocorrelation in our
models (as done in reference 15). By simplifyingmodels with such approach, we acknowledge
that we may be missing some indirect effects froimiugled variables on bacterial community
richness or composition. However, we also redueetmplexity of our models, providing a more
comprehensive understanding on the major directiragidect effects from climatic legacies on

the richness and composition of bacterial commesiitiherefore allowing us to properly address



our research question. A direct consequence oéfipsoach is that direct effects between climatic
legacies and soil properties may not include sofrteeomajor climatic legacies controlling soil
properties, obscuring the interpretation of theadspof the models. It was not the goal of this
study to identify the major direct effects of cliticadegacies on soil properties. Consequently, we
only included in our models those soil properttest directly influenced soil bacterial community
richness or composition, and that ultimately cobtdd indirect effects of climatic legacy on
bacterial communities.

In our models, all variables are included as indepat observed variables. We grouped
the different categories of predictors (climatealeigs, soil properties and spatial) in the same box
in the model for graphical simplicity, however thdsoxes do not represent latent variables. The
climatic legacies box includes all selected indistclimatic legacies identified as significant
predictors of bacterial community richness or cosipan from Random Forest. The spatial box
includes latitude and longitude. The soil propertimx include all individual soil properties
identified as significant predictors of bacteriahtmunity richness or composition by our Random
Forest analyses. Note that if none of the variabliéisin a particular box (e.g. plant richness or
soil properties) were selected by our Random Foaestyses as significant predictors of a
particular microbial variables and for a particutlataset, that box is excluded in that specific
model. We included both direct and indirect (vial pooperties and plant richness) effects of
climatic legacies on the richness and compositibhazterial communities in our models (see
rationale for direct impacts of climatic legaciesswil properties, microbial communities and plant
diversity in Appendix S3).

All variables within a particular box were allow¢ovary. Because of this, all models were
originally saturated (zero degrees of freedompriter to release a degree of freedom and make
possible for us to test the goodness of fit of madels, we conducted the followiragpriori
analyses: (1) we conducted partial correlationsu@) between all predictors within a particular
model and (2) we removed the wealaeptiori correlation (Supplementary Table 9) between two
predictors in our models; therefore releasing aekgf freedom and making our models testable.
The goodness of fit of SEM models was checked fotig ref. 49. There is no single universally
accepted test of overall goodness of fit for SEpplable in all situations regardless of sample
size or data distributidh We used five measures of goodness of fit of oodets including the
(1) Comparative Fit Index (CFI) (the model has adybt when 0.9 CFI<1.00 and acceptable



fit when 0.95< CFI < 0.97), (2) Goodness-of-Fit Index (GFI) (thedel has a good fit when 0.95
< GFI < 1.00 and acceptable fit when 02GFI < 0.95), (3) Normed Fit Index (NFI) (the model
has a good fit when 0.95NFI < 1.00 and acceptable fit when 0 QWNFI < 0.95), (4)*test ¢
the model has a good fit when<G/df <2 and 0.05 € < 1.00 and acceptable fit when 2%df
<3 and 0.0k P<0.05), and (5) the root mean square error of aqmation (RMSEA; the model
has a good fit whenORMSEA<0.05 and 0.10 < 1.00 and acceptable fit when 0.05 < RMSEA
< 0.08 and 0.05 P < 0.10¥°. In general, oua priori models attained an acceptable/good fit. In
particular, 16/21 cases showed a good/acceptdtg &ll criteria (Supplementary Table 10). The
remaining 5/21 cases still showed a good fit ir¢hof the five indexes used here (CFI, GFI and
NFI) (Supplementary Table 10). No post-hoc alterstiwere made. With an acceptable/good
model fit, we were free to interpret the path cogfhts of the model and their associa®adhlues.
SEM models were conducted with the software AMOSIBM SPSS Inc, Chicago, IL, USA).
We also calculated the standardized total effetcfdamt diversity and/or soil properties,
space and climatic legacies on the richness angasition of bacteria. The net influence that one
variable has upon another is calculated by summlingirect and indirect pathways between the
two variables. If the SEM model fits the data wéfle total effect should approximate be the
bivariate correlation coefficient for that pair\ariable4g.
Random Forest modeling 11: identifying the main phyla characterizing particular climatic
legacies. We also used Random Forest anaf{sis described in ref. 8 to identify thiain bacterial
phyla predicting a particular climatic legacy. Weedised on the major climatic legacies driving
bacterial community composition, which were idaatifusing the standardized total effects from
SEM: AMT (in China and Australia) and PDM (in Gldlshylands and New South Wales)
(Supplementary Figs. 8 and 9). AMT was also a mpjedictor of the bacterial community
composition in the Americas dataset (Supplemenkgy 8). In these analyses, the relative
abundance of bacterial phyla acts as a predictarpsrticular climatic legacy variable (AMT or
PDM). These phyla includefhermi, Acidobacteria, Actinobacteria, AD3, Armatimonadetes,
Bacteroidetes, BRC1, Chlorobi, Chloroflexi, Cyanobacteria, Elusmicrobia, FBP, FCPU426,
Fibrobacteres, Firmicutes, Gemmatimonadetes, GNO2, Nitrospirae, NKB19, OD1, OP11, OP3,
Planctomycetes, Proteobacteria, Tenericutes, TM6, TM7, Verrucomicrobia, WPS-2, W2, WS3
and W4, These analyses were conducted using the rfPerpatkag®’ of the R statistical



software (http://cran.r-project.org/). The main lgofithese analyses is to identify the main taxa

characterizing a particular climatic legacy from AMr PDM.

We first identified the main (i.e. significam,< 0.05, according to Random Forest results)
microbial phyla accounting for the variation of paular climatic legacies and that aneghly
related to a particular climatic legacy in a cotesisway (i.e., those microbial taxa that are sekkc
from a Random Forest model as important drivestoer AMT or PDM in more than half of the
datasets; Supplementary Table We then identified the shape of the relationshipvben
climatic legacies and the relative abundance oéctetl taxa.All statistical analyses were
independently performed with each data$etidentify the best shape describing the relatigns
between climatic legacies and microbial tamee fitted two different functions that involve
different biological interpretations: linear (pag#ly or negatively affected by precipitation and
temperature legacies) and quadratic (microbial taga are positively or negatively affected by
intermediate levels of precipitation and tempemtegacies). We selected the best model fits by
following Akaike Information Criteria (AICP. The lower the AIC index, the better the model.
Here, we consider AAIC > 2 threshold to differentiate between two eifnt models and then
select the best of those models (see referencer zZ0similar approach). When both quadratic and
linear models were similar (i. AAIC < 2) we selected the linear (most parsimonigusjlel.
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Figure 1.Relative contribution of the different predictarged to model bacterial composition and
diversity. Panels represent results from VariafRartitioning modelling aiming to identity the
percentage variance of bacterial community composixplained by past and current climate
variables across five independent large scale @stablnique and shared variance from Last
Glacial Maximum and mid-Holocene in predicting feaietl community composition and richness
were merged in this figure for simplicity. An al@tive version of this figure showing the unique
and shared variance of each group of predictorsbeafound in Supplementary Figs. 2 and 3.
Further information on the datasets used in theag/ses can be found in: 1) Maestre éfaR)
Ramirez et at?, 3) Bissett et &>, 4) Wang et at® and 5) Eldridge et &F.
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spatial autocorrelation; however, in this caseh gatefficients were not included for simplicity.
The size of the arrow represents the strengtheofdfationship when significant. All variables are
included as independent observable variables. \Wepgd the different categories of predictors
(soil properties, climate legacies and spatiatheasame box in the model for graphical simplicity.
For the same reason, we only included those daféetts from climate legacies on soil properties
that could indirectly affect the diversity of bagte The rest of the effects from climate legacies
on soil properties are available in Supplementaylds 5 and 6. R= the proportion of variance
explained. Acronyms of climatic variables are shaw8upplementary Table 1. Lower case letters
adjacent to a particular chemical element indictites the element is in an “available” (a) or
“occluded” (o) form. R = the proportion of variance explained. Signifiearevels of each
predictor are P < 0.05, *P < 0.01. Environmental drivers include plant divigr§Global
drylands, China and New South Wales) and/or soperties and geographical location.
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Supplementary Fig. 10. Panels (b-c) representtsiraicequation modeksccounting for the direct
and indirect effects (plant diversity and/or saibperties) of climatic legacies on the diversity of

soil bacteria in this database. Rest of caption &%3. 2.
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Appendix S1.Climatic data cross-validation
It can be argued that the pal eoclimatic data used here do not have enough temporal resolution to
represent the paleoclimate of a particular region. Because of this, besides using CCSM4

(www.worldclim.org) to calculate paleoclimate, wésa calculated three climatic variables

(average precipitation and minimum and maximum &najpire) for 49 unique locations from
North America (from the Global-drylands and Amesiciatasets) using the paleoclimatic data
available from references 51 and 52. In these eatws, authors summarized information for
North America for several climatic variables (indilng average precipitation and minimum and
maximum temperature) into decadal averages (frod08Qy before preseri). Paleoclimatic data
used in this manuscript were identical to thosecuwated using references 51 and 52
(Supplementary Table 11) supporting the paleoclonatiexes used here.
Appendix S2.Climatic legacy indexes cross-validation
In could be argued that the approach used heraltalate climatic legacies is not representative
for changes in climates over last ~20000 years.tRerclimatic variables used here (several
representations of temperature and precipitatidimatic changes during the last ~20000 years
(Supplementary Figs. 12, 13 and 14) were largelglitectional and many time linear; including
for example large —but location dependent— incieaséemperature. These analyses support our
approach and suggest that calculating differeneésden paleo and current climate can actually
account for major changes in temperature and ptetigm over the last ~20008y

To further support our approach, we correlatedrimation on precipitation, and maximum
or minimum temperature legacies used here (e.g.uélnprecipitatioBurrent cimate- Annual

precipitationast clacial Maximum fOr each site;_www.worldclim.org) with the rate ohange of

precipitation, and maximum or minimum temperatusdcalated using the slope of a linear
regression between each of these climatic paramater time (years) using data from references
51 and 52. These analyses aim to explicitly evalwaiether the approach used here —based on
differences between two snapshots: one ~20000yd#ie present and another one from current
climate— can account for long-term changes in pretion and temperature over thousands of
years. Interestingly, values from the climatic legandex used here were strongly correlated to
the rate of change in climate over thousands ofsy€aupplementary Table 12). Therefore, our
approach is proven to be a good approach to acdoustimatic legacies that occurred for the

period of time between 0 and 20000 years beforptasent.



Appendix S3. Rationale on the direct effects from climatic legacies on soil properties and plant

and microbial communities.

The direct effect of climatic legacies (measuredhastemperature and precipitation anométies
between an estimate of climate 20,000 year agaanther estimate for the present day) on soll
properties and plant communities is strongly sufgabipy current literatu?e15-1¢ One of the most
significant developments in the field of soil saes in recent years involves the increased
recognition that most soils are polygenetic, teaarchival products of pedogenic processes that
vary widely over time (ref. 53). Empirical suppdiar this point comes from soil age
chronosequence studies. For example, SchlesingaP®thas shown that C accumulates over
millennia at different rates across different esbssn types from tundra to tropical forest when
comparing similar soil age ranges. Thus, the cliemettanges over millennia (climatic legacies)
can easily alter the rates of C sequestrationiinsmnore recent study provided further evidence
that soil properties such as soil C are strondiyémced by paleoclimate compared with current
climate, and that the direct effects from past ali@s are stronger than those from current climates
(Fig. S8 in ref. 55). From a mechanistic point igiw, the direct effects of climatic legacies on soi
properties, plant diversity and microbial commuestshould follow a similar logic to those from
contemporary climate. However, unlike contemporeliynate, the direct effects of climatic
legacies on soil properties, microbial communityl gatant diversity come from the long-term
climate history of a region. Some examples follkwt's imagine a forest under a current wet
climate, which was previously a grassland ecosysteder a drier paleoclimate. This forest
(compared to a similar forest with wet paleo and eerent climates) may now have a lower
amount of soil C, plant and microbial diversity nhexpected based on its current climate as a
consequence of the changing climate over millend@ving a dry climate over long periods
(centuries to thousands of years) should both Imweenoted strong reductions in biological
activity and C sequestration and limited the nundfespecies being able to survive under these
conditions. Consequently, the precipitation histafy a region can directly influence soil
properties, microbial communities and plant divgrsBimilarly, very low temperature in a
glaciated area over prolonged peripas se may directly explain low levels plant and microbial
diversity in a region (i.e., not many species carvige in such as harsh climate), compared to
other location on Earth with higher paleo-tempeedu Note that all datasets included in this

manuscript are large-scale datasets going fronomedjito global spatial scales —meaning that



multiple paleoclimatic conditions, therefore diffet climatic legacies, occurred in these locations
simultaneously. Also, not all terrestrial ecosystewere under ice during last glaciation. For
examples, many places from the tropics, Austrédlfaca or South America did not suffer such
glaciation effects, rather they experienced a watgety of paleoclimates, including both extreme
and more benign conditions. Another example foriract effect of climatic legacies on soil
properties would be a region with a particular pelenate in terms of precipitation in the driest
month or isothermality, which may have stronglyluehced soil texture by promoting high/low
rates of bedrock weathering —a major driver ofuexfrom centuries to millennia. Direct effects
from climatic legacies on microbial communitiesaalaclude the impacts derived from rapid
climatic changes in the past —which mostly occumeor to 10000 years a¢fe- and that have left

a strong signature on the contemporary structusoibfbacterial communities. In this respect, a
direct effect from paleoclimate on soil microbiahemunities might have occurred in the past (e.g.
in response to a particularly drastic climatic éydout their consequences might still be deteetabl

today.



Supplementary Table 1.Bioclimatic variables included in this study.

Worldclim number Bioclimatic variable Acronym
1 Annual Mean Temperature AMT
2 Mean Diurnal Range MDR
3 Isothermality ISO
4 Temperature Seasonality TSEA
5 Max Temperature of Warmest Month  MAXTWM
6 Min Temperature of Coldest Month MINTCM
7 Temperature Annual Range TRANGE
8 Mean Temperature of Wettest Quarter TWETQ
9 Mean Temperature of Driest Quarter TDQ
10 Mean Temperature of Warmest QuarteT WARQ
11 Mean Temperature of Coldest Quarter TCQ
12 Annual Precipitation AP
13 Precipitation of Wettest Month PWETM
14 Precipitation of Driest Month PDM
15 Precipitation Seasonality PSEA
16 Precipitation of Wettest Quarter PWETQ
17 Precipitation of Driest Quarter PDQ
18 Precipitation of Warmest Quarter PWARQ
19 Precipitation of Coldest Quarter PCQ

Supplementary Table 2.Correlation (Pearson) among bioclimatic varialsle®ss different time

periods. Worldclim number of climatic variables ah®wn in Supplementary Table 1.

Supplementary Table 2 is available online as a Separate Excel file under the Supporting

Information for thisarticle.



Supplementary Table 3.Complete list of predictors available for eachathase and used for the

Variation Partitioning and Random Forest modelig.onyms of climatic variables are shown in

Supplementary Table 1.

Dataset

Variable

Predictor abbreviation

Predictor spelled name

Global drylands 1 Climatic legacy AMT legacy Annual Mean Temperature legacy

2 MDR legacy Mean Diurnal Range legacy
3 ISO legacy Isothermality legacy

Mean Temperature of Wettest
4 TWETQ legacy Quarter legacy
5 AP legacy Annual temperature legacy
6 PDM Legacy Precipitation of Driest Month
7 PSEA Legacy Precipitation Seasonality legacy

Precipitation of Coldest Quarter
8 PCQ Legacy legacy

Geographical
9 location Latitude Latitude
10 Longitude Longitude
11 Soil properties pH pH
12 C Soil carbon
13 Sand Texture - sand content (%)
14 C:N Soil C:N ratio
15 Total P Soil total phosphorus
16 EC Soil electrical conductivity
Potential net nitrogen
17 N mineralization mineralization rate
18 Phenols Dissolved phenols
19 Proteins (PRO) Dissolved proteins
20 Carbohydrates (aC) Carbohydrates
21 Aromatic c. Aromatic compounds
22 Available N (aN) Available nitrogen
23 Available P (aP) Available phosphorus
24 Amino acids Amino acids
25 Plant diversity Plant richness Plant richness
Americas 1 Climatic legacy AMT legacy Annual Mean Temperature legacy
2 MDR legacy Mean Diurnal Range legacy
3 ISO legacy Isothermality legacy
Mean Temperature of Wettest

4 TWETQ legacy Quarter legacy
5 AP legacy Annual temperature legacy
6 PDM Legacy Precipitation of Driest Month
7 PSEA Legacy Precipitation Seasonality legacy




Precipitation of Coldest Quarter

8 PCQ Legacy legacy
Geographical
9 location Latitude Latitude
10 Longitude Longitude
11 Soil properties pH pH
12 C Soil carbon
13 Sand Texture - sand content (%)
14 C:N Soil C:N ratio
15 C mineralization (C min) Carbon mineralization
Australia 1 Climatic legacy AMT legacy Annual Mean Temperature legacy
2 MDR legacy Mean Diurnal Range legacy
3 ISO legacy Isothermality legacy
Mean Temperature of Wettest
4 TWETQ legacy Quarter legacy
5 AP legacy Annual temperature legacy
6 PDM Legacy Precipitation of Driest Month
7 PSEA Legacy Precipitation Seasonality legacy
Precipitation of Coldest Quarter
8 PCQ Legacy legacy
Geographical
9 location Latitude Latitude
10 Longitude Longitude
11 Soil properties pH pH
12 C Soil carbon
13 Sand Texture - sand content (%)
14 EC Soil electrical conductivity
15 S Sulfur
16 Zn Zinc
17 K Potassium
18 Available K (aK) Available potassium
19 B Boron
20 Ca Calcium
21 Cu Cupper
22 Na Sodium
23 Al Aluminum
24 Fe Iron
25 Mg Magnesium
26 Mn Manganese
27 Available P (aP) Available phosphorus
28 DIN Dissolved inorganic N
China 1 Climatic legacy AMT legacy Annual Mean Temperature legacy
2 MDR legacy Mean Diurnal Range legacy
3 ISO legacy Isothermality legacy




Mean Temperature of Wettest

4 TWETQ legacy Quarter legacy
5 AP legacy Annual temperature legacy
6 PDM Legacy Precipitation of Driest Month
7 PSEA Legacy Precipitation Seasonality legacy
Precipitation of Coldest Quarter
8 PCQ Legacy legacy
Geographical
9 location Latitude Latitude
10 Longitude Longitude
11 Soil properties pH pH
12 C Soil carbon
13 Sand Texture - sand content (%)
14 C:N Soil C:N ratio
15 Available P (aP) Available phosphorus
16 Plant diversity Plant richness Plant richness
New South Wales 1 Climatic legacy AMT legacy Annual Mean Temperature legacy
2 MDR legacy Mean Diurnal Range legacy
3 ISO legacy Isothermality legacy
Mean Temperature of Wettest
4 TWETQ legacy Quarter legacy
5 AP legacy Annual temperature legacy
6 PDM Legacy Precipitation of Driest Month
7 PSEA Legacy Precipitation Seasonality legacy
Precipitation of Coldest Quarter
8 PCQ Legacy legacy
Geographical
9 location Latitude Latitude
10 Longitude Longitude
11 Soil properties pH pH
12 C Soil carbon
13 Sand Texture - sand content (%)
14 C:N Soil C:N ratio
15 Bulk density Bulk density
16 Available P (aP) Available phosphorus
17 Plant diversity Plant richness Plant richness




Supplementary Table 4.Results from Random Forest analyses aiming totifgethe most

important predictors of soil bacterial richness aondposition. Acronyms of climatic variables

are shown in Supplementary Table 1. Importancalisutated as the % of increase in the mean

square error in our models. Importance (Variatigpl&ned by Random Forest models).

Diversity Composition
Richness Microbial comm.1 Microbial comm.2
Importance Importance Importance P-
Dataset Variable (42.32%) P-value Variable (72.48%) P-value Variable (60.01%)
Global
drylands PDM Legacy 17.065 0.001 pH 32.821 0.001 [ 24.168 0.001
Plant
richness 15.354 0.002 Latitude 14.520 0.001 PDM Legacy 15.879 0.001
Longitude 11.34¢ 0.004 PSEA Legac 11.90: 0.00z Latitude 14.06: 0.001
Proteins 10.253 0.005 AP legacy 10.843 0.002 Longitude 13.415 0.001
Sand 9.256 0.007 PCQ Legacy 9.882 0.005 Carbohydrates 11.932 0.002
[ 8.895 0.020 Proteins 9.380 0.009 Sand 11431 0.004
ISO legacy 7.530 0.013 Aromatic c. 8.853 0.012 Available P 9.983 0.007
Aromatic c. 7.187 0.029 Longitude 7.620 0.030 AP legacy 6.988 0.026
Latitude 6.64¢€ 0.03¢ Amino acid: 6.671 0.03: I1SO legac 6.61% 0.011
AMT legacy 6.453 0.024 I1SO legacy 5.905 0.030 Plant richness 6.369 0.023
TWETQ N
legacy 6.315 0.040 mineralization 5.883 0.052 PSEA Legacy 6.057 0.034
PCQ Legac 6.23¢ 0.03¢ Phenol 5.46¢ 0.081 PCQ Legac 5.79¢ 0.057
EC 6.192 0.034 MDR legacy 4.964 0.077 AMT legacy 5.593 0.049
TWETQ
pH 5.981 0.039 legacy 4.858 0.080 Amino acids 3.887 0.137
Carbohydrat TWETQ
es 5.09¢ 0.09( Available N 4.77¢ 0.06¢ legacy 3.11¢ 0.161
Phenols 4.966 0.131 EC 4.638 0.071 Aromatic c. 3.061 0.302
Available P 4.834 0.052 AMT legacy 4.188 0.072 pH 2.706 0.235
AP legacy 4.816 0.092 Carbohydrates 3.992 0.134 Phenols 2.508 0.353
N
mineralizatio
n 2.946 0.195 PDM Legacy 3.665 0.069 Proteins 2.374 0.357
Total F 2.01¢ 0.27¢ Total F 3.61¢ 0.12¢ Total F 2.05¢ 0.277
PSEA
Legacy 1.848 0.364 Sand 3.101 0.182 EC 1.419 0.300
MDR legacy 1.650 0.291 C 2.366 0.338 MDR legacy 1.220 0.314
N
Available N 1.611 0.350 Plant richness 2.274 0.169 mineralization 0.617 0.442
C:N 1.08¢ 0.292 Available F 1.931] 0.20¢ C:N -0.58¢ 0.507
Amino acids 0.832 0.514 C:N 1.330 0.248 Available N -1.211 0.748
Importance Importance Importance
Dataset Variable (28.21%) P-value Variable (74.35%) P-value Variable (69.11%) value
Americas AP legac 4.33: 0.02( pH 72.60¢ 0.00(¢ Latitude 21.83: 0.001
Longitude 3.884 0.030 C 33.853 0.002 Longitude 20.261 0.001
TWETQ
I1SO legacy 3.587 0.020 C:N 32.644 0.001 legacy 13.166 0.003




Latitude 3.082 0.010 Longitude 22.400 0.010 AMT legacy 11.582 0.005
PCQ Legacy 2.630 0.080 miner:iization 20.862 0.025 Sand 11.095 0.007
C:N 2.272 0.090 AMT legacy 17.545 0.029 pH 10.613 0.008
PDM Legacy 2.015 0.030 Latitude 15.343 0.055 AP legacy 10.099 0.012
TWETQ
legacy 1.89:% 0.13( AP legac 14.73¢ 0.047 ISO legac 10.03¢ 0.011
AMT legacy 1.796 0.100 PCQ Legacy 10.189 0.125 CN 7.916 0.051
C 1.152 0.270 PDM Legacy 9.912 0.099 C 6.951 0.054
TWETQ

MDR legac 0.90¢ 0.36( legacy 9.761 0.12¢ PCQ Legac 6.817 0.06¢€

minerglizatio
n 0.853 0.350 MDR legacy 7.345 0.189 MDR legacy 4.049 0.152
I_nggéy 0.779 0.340 Sand 3.456 0.298 PSEA Legacy 3.653 0.194
pH 0.141 0.710 PSEA Legacy 2.442 0.367 PDM Legacy 3.548 0.187

ISO legacy 1.965 miner;ization
nce
Dataset Variable 8%) P-value Variable P-value Variable value
Australia Al 30.36¢ 0.001 pH 55.15! 0.001 Latidude 29.32: 0.00z
pH 28.485 0.001 Al 30.926 0.001 Longitude 19.685 0.002
Ca 25.211 0.001 Fe 28.776 0.001 Ca 18.427 0.002
Longitude 23.571 0.001 C 23.177 0.001 Available P 13.882 0.002
Mn 20.931 0.001 Ca 19.224 0.001 PCQ Legacy 12.984 0.002
Latidude 19.423 0.001 Longitude 19.140 0.001 AP legacy 12.569 0.002
AP legacy 18.373 0.001 Available K 18.455 0.001 MDR legacy 12.504 0.002
Fe 18.12% 0.001 PCQ Legac 17.44: 0.001 C 11.81% 0.00¢
C 16.515 0.005 AP legacy 16.448 0.001 AMT legacy 11.243 0.002
Iisgié\y 16.408 0.001 Latidude 15.671 0.002 pH 11.212 0.010
Na 15.65¢ 0.00¢ K 15.64¢ 0.002 Fe 10.24¢ 0.02¢
EC 15.594 0.028 MDR legacy 15.627 0.001 B 9.599 0.150
PDM Legacy 15.403 0.001 EC 15.347 0.026 ISO legacy 9.454 0.002
Mg 15.094 0.033 AMT legacy 14.764 0.001 Mn 9.012 0.102
PCQ Legacy 14.619 0.002 Mn 14.226 0.005 Cu 8.984 0.102
TWETQ

MDR legac 14.34¢ 0.001 legacy 14.20: 0.001 PDM Legac 8.85] 0.00¢
S 14.257 0.033 Available P 13.717 0.012 Zn 8.843 0.088
I1SO legacy 13.718 0.001 Sand 13.324 0.024 PSEA Legacy 8.584 0.010
AMT legacy 12.608 0.002 PDM Legacy 12.573 0.001 Al 8.289 0.094
B 12.402 0.231 Zn 11.240 0.049 Available K 8.250 0.281
Sanc 11.95¢ 0.142 B 10.33¢ 0.262 DIN 7.91% 0.17¢
Available K 11.523 0.238 ISO legacy 10.209 0.002 Mg 7.448 0.547
K 11.490 0.265 S 10.175 0.143 EC 7.368 0.665
DIN 10.448 0.145 Cu 10.117 0.111 K 6.754 0.659
Zn 9.551 0.221 Na 9.395 0.185 Sand 6.158 0.669




TWETQ TWETQ
legacy 8.132 0.049 PSEA Legacy 9.132 0.019 legacy 5.221 0.178
Cu 7.394 0.492 Mg 8.995 0.401 Na 3.141 0.990
Available P 6.209 0.679 DIN 8.249 0.177 S 1.650 0.988
Importance Importance Importance
Dataset Variable (62.28%) P-value Variable (87.85%) P-value Variable (85.09%) value
China pH 49.28t¢ 0.001 pH 52.86¢ 0.001 Latitude 24.59¢ 0.001
Latitude 20.295 0.002 PDM Legacy 18.905 0.001 Longitude 24.478 0.001
Longitude 19.569 0.002 Latitude 18.847 0.001 AMT legacy 16.576 0.001
MDR legacy 19.422 0.001 Longitude 17.256 0.001 Available P 15.070 0.020
PSEA
Legacy 19.243 0.002 AMT legacy 17.171 0.001 MDR legacy 14.910 0.002
PDM Legacy 19.002 0.001 PSEA Legacy 14.729 0.003 AP legacy 14.857 0.003
TWETQ TWETQ
C 17.921 0.004 legacy 14.702 0.001 legacy 14.151 0.003
AP legacy 17.208 0.002 CN 13.979 0.011 Sand 14.130 0.026
AMT legacy 15.531 0.00% C 13.36" 0.017 ISO legac 13.21° 0.00Z
Available P 14.402 0.016 PCQ Legacy 11.938 0.007 PSEA Legacy 12.862 0.012
I1SO legacy 14.116 0.001 MDR legacy 11.802 0.005 pH 12.311 0.072
TWETQ
legacy 13.52¢ 0.004 Available F 11.69: 0.02( C:N 12.21¢ 0.11Z
Plant
richness 12.623 0.049 AP legacy 11.455 0.014 Plant richness 9.505 0.274
C:N 11.069 0.181 Plant richness 10.973 0.037 PDM Legacy 8.704 0.047
PCQ Legacy 10.893 0.025 I1SO legacy 8.782 0.006 PCQ Legacy 8.536 0.113
Sand 3.173 0.702 Sand 7.386 0.146 C 6.964 0.450
Importance Importance Importance
Dataset Variable (46.24%) P-value Variable (57.18%) P-value Variable (41.84%) value
South
Wales Available P 14.467 0.002 pH 21.366 0.001 Bulk density 19.385 0.001
Bulk density 11.885 0.009 PDM Legacy 15.609 0.002 Available P 19.220 0.001
C 11.34: 0.01(C San( 11.36¢ 0.00¢ Plant richnes 14.06: 0.00%
Latidude 9.780 0.019 Bulk density 10.006 0.022 C 9.392 0.017
PDM Legacy 9.622 0.008 Latidude 9.937 0.020 Latidude 9.189 0.030
Plant
richness 9.249 0.022 C 8.795 0.045 AP legacy 6.840 0.039
PSEA
Legacy 8.846 0.012 Available P 8.565 0.040 PDM Legacy 5.586 0.047
PCQ Legacy 7.579 0.022 PSEA Legacy 8.060 0.020 Sand 4.445 0.140
Sand 7.107 0.074 Longitude 7.486 0.050 pH 4.012 0.167
AMT legacy 5.507 0.032 AP legacy 6.864 0.036 ISO legacy 3.892 0.047
AP legac 5.47% 0.104 ISO legac 5.00< 0.04¢ PSEA Legac 3.79¢ 0.13¢
pH 5.410 0.091 Plant richness 3.593 0.198 MDR legacy 3.771 0.084
Longitude 5.198 0.105 MDR legacy 3.421 0.124 C:N 3.231 0.234
ISO legacy 2.756 0.140 PCQ Legacy 3.115 0.162 Longitude 2.544 0.253
TWETQ
legacy 2.400 0.225 C:N 2517 0.321 AMT legacy 1.996 0.266
TWETQ
MDR legacy 1.871 0.303 legacy 2.473 0.206 PCQ Legacy 0.649 0.411
TWETQ
C:N 1.629 0.403 AMT legacy 2.264 0.230 legacy -2.121 0.755




Supplementary Table 5.Standardized direct effects from SEMs in Fig. & Sapplementary Figs
6 and 7.

Supplementary Table 5 is available online as a Separate Excel file under the Supporting
Information for thisarticle.

Supplementary Table 6. Correlations (standardized effects) from SEMs ig. 2 and
Supplementary Figs 6 and 7.

Supplementary Table 6 is available online as a Separate Excel file under the Supporting

Information for thisarticle.

Supplementary Table 7.Results from Random Forest analyses aiming totifgethe most
important bacterial composition predictors of stddcpaleoclimatic legacies (AMT or PDM).
Acronyms of climatic variables are shown in Suppetary Table 1. Importance is calculated as
the % of increase in the mean square error in adets.

Supplementary Table 7 is available online as a Separate Excel file under the Supporting
Information for thisarticle.



Supplementary Table 8.Shape of the relationship between climatic legaaigd main bacterial
taxaSupplementary. To identify the best shape desgrthe relationship between climatic
legacies and bacterial taxa, we fitted two difféfenctions: linear and quadratic. We selected the
best model fits by following Akaike Information @fria. The lower the AIC index the better the
model. We considered 8AIC > 2 threshold to differentiate between two @rént models and
then select the best of those models. When bottirgtia and linear models were similar between
them (i.e AAIC < 2) we selected the most parsimonious model {fne linear model). P = Positive
relationship; N = Negative relationship; U = U-shdpelationshipf) = hump-shaped relationship.
CC = Current climate; LGM = Last Glacial MaximumVA = Annual Mean Temperature; TSEA
= Temperature Seasonality; AP = Annual PrecipitatRDM = Precipitation in the Driest Month.

N = number of datasets. CC/LGM indicates the ranggimatic variables for these two periods

in each dataset. Acronyms of climatic variablesstu@vn in Supplementary Table 1.

Climatic variable Microbial taxa Global drylands ~ Americas Australia China New South Wales
AMT (°C) Actinobacteria 3 U (<0.001) U (<0.001)
Chloroflexi s N (<0.001)
FBP 3 U (<0.001) P (<0.001)
PDM (mm) Nitrospirae 4 P (0.021) N(<0.001)  \ (<0.001) N (<0.001)
AD3 3 N(0.045)  p (<0.001) N (0.045)
Armatimonadetes 3 N (<0.001) N(<0.001)  U(0.007) N (<0.001)
FBP 3 N (<0.001) N (0.021) N (<0.001) N (0.021)
FCPU426 3 N (<0.001) P (0.003) Y (<0.001) P (<0.001)
Firmicutes 3 N (<0.001) N (<0.001)
Planctomycetes 3 P (0.022) N (0.040) P (<0.001) N (0.040)
Ws3 3 P (<0.001) P (<0.001) Y (<0.001) P (<0.001)




Supplementary Table 9.Selecteda priori degrees of freedom for our SEMs based on partial

correlation (Pearson) analys@ésronyms of climatic variables are shown in Sup@etary Table
1.

Dataset Microbial variable Predictors Pearson’s r
Drylands Richness EC ISO legacy 0.000 1.000
Composition 1 Latitude Proteins -0.009 0.943
Composition 2 Longitude ISO legacy 0.003 0.984
Americas Richness Longitude AP legacy 0.328 0.026
Composition 1 Longitude AP legacy -0.021 0.893
Composition 2 AP legacy Sand -0.024 0.880
Australia Richness Latitude S 0.000 0.994
Composition 1 TWETQ legacy Sand 0.000 0.993
Composition 2 Al aP 0.000 0.996
China Richness MDR legacy aP -0.006 0.919
Composition 1 TWETQ legacy C 0.002 0.970
Composition 2 ISO legacy PSEA legacy -0.006 0.924
New South Wales Richness AMT legacy PSEA legacy 0.000 0.999
Composition 1 Latitude ISO legacy -0.005 0.976
Composition 2 PDM legacy C 0.016 0.917




Supplementary Table 10.Measures of goodness of fit of the SEMs includeéhiFig. 2 and
Supplementary Figs 6 and 7.

Microbial variable CFl  GFlI NFI A P RMSEA P df
Global-Drylands Richness 1.000 1.000 1.000 0.014900. 0.000 0.915 1.000
Composition 1 0.999 0.996 0.998 1572 0.210 0.08®.253 1.000

Composition 2 0.994 0.992 0.994 4.075 0.044 0.200.064 1.000

Americas Richness 1.000 0.982 0.998 0.940 0.332 000.0 0.360 1.000
Composition 1 1.000 0.996 0.996 0.940 0.332 0.000.360 1.000
Composition 2 1.000 1.000 1.000 0.003 0.959 0.000.961 1.000

Australia Richness 1.000 1.000 1.000 1.248 0.264 00®. 0.525 1.000
Composition 1 1.000 1.000 1.000 2.435 0.119 0.052.344 1.000
Composition 2 5.110 0.024 0.080 0.134 1.000

China Richness 1.000 1.000 1.000 0.176 0.675 0.000.771 1.000

Composition 1 1.000 1.000 1.000 0.012 0.914 0.000.941 1.000
Composition 2 1.000 1.000 1.000 0.148 0.701  0.000.790 1.000

New South Wales Richness 1.000 0.999 1.000 0.215450. 0.000 0.999 1.000
Composition 1 0.998 0.994 0.996 2.081 0.149 0.14®.176 1.000
Composition 2 1.000 1.000 1.000 0.000 0.989 0.000.990 1.000

Australia - Natural Richness 1.000 0.999 1.000 0.760.383 0.000 0.421 1.000
Composition 1 1.000 0.999 1.000 0.572 0.449 0.00@.485 1.000
Composition 2 1.000 0.998 0.999 1.171 0.279 0.338.317 1.000

Australia - Croplands Richness 0.992 0.984 0.992 .88 0.001 0.409 0.001 1.000
Composition 1 0.983 0.969 0.985 30.194 0.000 0.670.000 1.000
Composition 2 0.957 0.944 0.961 41.960 0.000 0.794.000 1.000



Supplementary Table 11Pearson correlation®{values in bracketd)etween precipitation, and

maximum and minimum temperature used here (wwwdebtirh.org; resolution: 2.5minutes or

4.5km in the equator) and similar indexes fromneiees 51 and 52 (resolution: 0.5° or 55km in
the equator) summarizing information into decadarages. Acronyms of climatic variables are

shown in Supplementary Table 1.

Oy BP 6000y BP 20000y BP
AP 0.949 (<0.001) 0.957 (<0.001) 0.921 (<0.001)
MAXTWM  0.720 (<0.001) 0.633 (<0.001) 0.889 (<0.001)
MINTCM  0.926 (<0.001) 0.924 (<0.001) 0.903 (<0.001)



Supplementary Table 12 Pearson correlation®{values in bracketd)etween precipitation, and
maximum or minimum temperature legacies used hex@ @Annual precipitatiQfirent climate-
Annual precipitatiotsst clacial MaximunfOr €ach site; www.worldclim.org) with the rateafange of
precipitation, and maximum or minimum temperatusdcalated using the slope of a linear
regression between each of these climatic paramater time (years) using data from references

51 and 52. Acronyms of climatic variables are shaw8upplementary Table 1.

AP Legacy (used)
Slope AP (Lorenz et al. 2016) 0.780 (<0.001)

MAXTWM Legac
Slope MAXT (Lorenz et al. 2016) 0.864 (<0.001)

MINTCM Legacy (used)
Slope MINT (Lorenz et al. 2016) 0.805 (<0.001)



Supplementary Figure 1.Location of the sites included in the Drylands (/8), Americas (n =
48), Australia (n = 531), China (n = 300) and Nevuth Wales (n = 54) datasets.
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Supplementary Figure 2. Relative contribution of paleo (mid-Holocene andst &lacial
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longitude — and soil properties) as drivers of baat richness at the OTU level. Panels represent
results from Variation Partitioning modeling aimitegdentity the percentage variance of bacterial
diversity explained by past and current climateialdes across five independent large scale

datasets. Shared effects of these variable graepsdicated by the overlap of circles.
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Supplementary Figure 3. Relative contribution of paleo (mid-Holocene andst &lacial
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longitude — and soil properties) as drivers of baat community composition at the OTU level.
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Supplementary Figure 4.Structural Equation Modeling aiming to identifyethelative influence

of the main bioclimatic variables from climatic &ges and current climate (as identified by

Random Forest analyses) on soil bacterial commuitityess and composition. Current climate

and climatic legacies are allow to covary in thasalyses, however, we did not include that

information in this example. Acronyms of climatianables are shown in Supplementary Table 1.



b)

o,

t KoeBo dv

t AoeBa OsI

r eapmuen

t apnyjbuor

0.8 - Americas

0.6
0.4
0.2
0.0

-0.2

Il

-0.4
-0.6

l ssauyou jue|d
L sulajoud

L -0 oewoly

L IQ

r pueg

ro

r o3

t Aoebo 1INy

t Kaebe 08I

t Koebo Wad

t Roeba Dod

+ Aoeba DLaIML
L epmpe

t apnyibuo

0.8 - Global drylands

02
0.0

04
-0.2

a)

<
<

©
&
S
(&)
w9 v o v 9
_ - O o O T
- [ |
—]
[
—
O
—
| —
—
=
[r—
O
n
=
g
=
n
=
<
T T 1T 1
© ¥ N o N
~Oo O O O O O O
1) [ |

| ssauyou Jue|d
I In_

ro

L de

L Aoebo ©Dd

L AoeBo wad

L RoeBa OsI

+ Aoefa DLaIML
I AoeBo y3sd

t KoeBa ¥aw

t AoeBa dv

L Aoeboa 1INV

r apnjjeq

t apnybuon

I BN
I AoeBa dv

I AoeBa DOd

I AoebBa v3Sd

I KoebBo yaw

I AoeBea OSI

I AaeBa1 Wad

I AoeBa NV

- AoeBa DLaML
F @apnine’

I apnyibuoT

New South Wales

—_
[}

t Ssauyou jue|d
- Ausuap ying

L ge

ro

- Aoebe vasd
t KoebBa 1INV

t Aoeba Nad

t Aoeboa DO

r epnjjeT

t epnybuor

o R
c o o o

-0.2
-0.4

(ssepiun) N3S Wouj S)0919 [e}J0) pazipiepue)s

Supplementary Figure 5.Standardized total effects from structural equatimdels — this is the

sum of direct and indirect effects from plant daigr and/or climatic legacies, soil properties and

space on the richness of soil bacteria across ifidependent regional and global datasets.

Acronyms of climatic variables are shown in Sup@atary Table 1.
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equation modatcounting for the direend indirect effects

(plant diversity and/or soil properties) of clineategacies on bacterial composition (Bacterial

comm. 1) across five large scale datasets. Nundmgesent to arrows are path coefficients (P

values), and indicative of the standardized eSex of the relationship. Spatial influence (latieu

and longitude) were included to

control spatialoaatrelation; however, in this case, path

coefficients were not included for simplicity argktsize of the arrow represent the strength of the



relationship when significant. All variables areluded as independent observable variables. We
grouped the different categories of predictorsl (s@perties, climate legacies and spatial) in the
same box in the model for graphical simplicity. &fer simplicity, we only included those direct
effects from climate legacies on soil propertied ttould indirectly affect the diversity of bacteri
The rest of the effects from climate legacies oih p@perties are available in Supplementary
Tables 5 and 6.R= the proportion of variance explained. Signifieatevels of each predictor are
*P < 0.05, *P < 0.01. A small capital letter (a)da(o) adjacent to a particular chemical element
indicate that element if in an “available” or “ogded” form. Acronyms of climatic variables are

shown in Supplementary Table 1.
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Supplementary Figure 7.Structural equation modatcounting for the direend indirect effects
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comm. 2) across five large scale datasets. *P 5, 0*®@ < 0.01.

Rest of caption as in Supplementary Fig. 6.
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Supplementary Figure 8.Standardized total effects from SEM — this is shen of direct and
indirect effects from plant diversity and/or clintaiegacies, soil properties and space on Bacterial
comm. 1 (first axis of an NMDS analysis collapsinfprmation of bacterial composition at the

OTU level) across five independent regional andbglalatasets.
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Supplementary Figure 9.Standardized total effects from SEM — this is shen of direct and

indirect effects from plant diversity and/or clintaiegacies, soil properties and space on Bacterial

comm. 2 (second axis of an NMDS analysis collapsifymation of bacterial composition at the

OTU level) across five independent regional andbglaatasets.
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Supplementary Figure 10.Relative contribution of paleo (mid-Holocene andstL&lacial
Maximum), current climate and other predictors fipldiversity and/or space — latitude and
longitude — and soil properties) as drivers of twenposition of bacteria (reads/OTUSs) for
croplands and natural ecosystems of the Australiaseét. Shared effects of these variable groups

are indicated by the overlap of circles.
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Supplementary Figure 11 Structural equation modatcounting for the direeind indirect effects
(plant diversity and/or soil properties) of clin@ategacies on bacterial composition (Bacterial
comm. 1 and 2) for croplands and natural ecosystafitibe Australia dataset. The variables
included in this SE model are identical to that pnesented in Figure3c. Rest of caption as in
Supplementary Fig. 6.



Supplementary Figure 12.Changes in precipitation over the last 20000y irudRjue location

from North America using climatic information froraeferences 51 and 52.

Supplementary Figure 12 is available online as a Separate Excel file under the Supporting

Information for thisarticle.

Supplementary Figure 13.Changes in maximum temperature over the last 200089 unique

location from North America using climatic infornat from references 51 and 52.

Supplementary Figure 13 is available online as a Separate Excel file under the Supporting

Information for thisarticle.

Supplementary Figure 14.Changes in minimum temperature over the last 2009@9 unique

location from North America using climatic infornat from references 51 and 52.

Supplementary Figure 14 is available online as a Separate Excel file under the Supporting
Information for this article.
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Supplementary Figure 15.A priori structural equation modelccounting for the direcand
indirect effects (plant diversity and/or soil projpes) of climatic legacies on bacterial compositio

and diversity (richness).
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