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ABSTRACIT
The complexities of the relationships between plant and soil microbial conmsueinain
unresolved«We determinglle associations between plant aboveground and belowground (root)
distributionsrand the communities of soil fungi and bacteria found across a divprsal fiarest
plot. Soil microbial community composition was correlated with the taxonomic and phgtage
structure of the aboveground plant assemblages even after controlling for diffdrescg
characteristics, but these relationships were stronger for fungi than for bacteria. In contrast to
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expectations, the species composition of roots in oucsmel samples was a poor predictor of
microbial community composition perhaps due to the patchy, ephemeral, and highly overlapping
nature of fine root distributions. Our ability to predict soil microbial composition was not
improved by incorporating information on plant functional traits suggesting that the most
commonly measured plant traits are not particularly useful for predicting thiepdbt

variability 1n_belowground microbial communities.
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INTRODUCTION

Soil microbes engage in complex feedbacks with plaierdleet al. 2004; Bevekt al. 2013),
although the specific mechanisms that link aboveground and belowground communities often
remain unresolved. Predicted associations between plant and microbial distributionmsrarise f
known planteffects onsoil conditions, including the amounts and types of organic carbon (C)
inputs, soihpHp@r soil nutrient availability through litter and root exuddtesmn der Heijderet

al. 2008; Prescott & Grayston 2013hese soil modifications can have dirant indirect

effects on"lecal'microbial communities favoring the growth of symbiotic bacteria and fungi
(including nitrogerfixing bacteria and mycorrhizal fungi) or microbial pathog@hardleet al.
2004).However;, plant and microbial assembly can also occur independently in response to
similar abiotic properties of saiHineset al. 2006) or can occur at different spatial and temporal
scalegBardgettet al. 2005), making it difficult to identify generalizable patterns and
associations between plants and belowground microbes.

Given the myriad of interactions between plants and microbes and their well-known
impacts oprecasystem functiGran der Heijdert al. 2008) it is often assumed that the
composition of‘belowground microbial communities and aboveground plant communities will
reflect onesanotheHowever, evidence to support tlissertions scarcgPrescott & Grayston
2013), with"some studies showing that plant community composstesignificant pedictor of
overall bacterial and/or fungal community compositbregionalor continentalscale studies
(Proberet al. 2015), and other studies unabldital the sameelationship(Talbotet al. 2014).
Evenwhensstudies are tightly controlleglcorrelation between plant species identity and overall
bacterial orfungal community composition mighianget al. 2012) or might nofMcGuire et
al. 2012)be present

Variousmethodological andcological factors could obscuiee detection of tight
associations.between plants and belowgrommcrobialcommunities. First, methodological
constraints.in.microbial detection and quantification mmake it difficult to identifypatterns
between above and belowground communities (Fierer & Lennon 2011). Sedbed, if
environmental factors structuring plant communities are distinct from thasstructurghe
overall composition of belowground microbial communities, relationships betweidual
plant species and microbial community structure would be unlikelyexample, some studies

show that soil pH can have a large influence on the composition of soil bacterial colsnuni
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but little influence on plant species composition, contributingn apparent disconnect between
plant communities and the bacterial communities found inBoaberet al. 2015).Third, plants
may influence belowground microbial communities via specific plant traits or attributes that are
not predictable from plant species identitgne such alitter C:N ratio, rmt exudate production,
or litter carben,chemistryThere is a growing body of evidence suggedtiag functional traits

or the evolutionaryelatednessf plants can often be more useful predictors of plant effects on
belowground biota than species idgn{De Deyn & Van der Putten 200%)inally, soll

microbial communities may not respond to aboveground plant distributions, but rather to the
fine-scaleldistributions of plant root networks, becausespiad¢ial scale oAboveground ground
canopies antielowground distributions of plant species may not be equivalent (Scales

2011).

In order to disentangle the associations between plant and belowground microbial
communitiesve combinedietailed microbial community analyses with integrated assessments
of belowground and aboveground plant distributions¢basideredhe taxonomic identities of
plants, thgphylagenetic relationshipamong plants, angplant functional traitsTo accomplish
these objectives we used marker gene sequencing to identify plant roots and characterize the
bacterialand fungal communities found in each of 625 soil samples collected from a 50-ha
tropical foresplot located on Barro Colorado Island, Panama, a plot that has been intensively
studied by plant ecologists for decades and has been a focdigpdiopicalresearch
investigatingiree coexistence aride maintenance of plant divers{tjubbell & Foster 1983).

We used this'dataset to determihe extent tavhich the variability in the composition of soil
bacterial and-fungal communitiasross the plot wgsredicted by above and belowground plant
species distributions. Wested the predictiothat the association between plants and
belowground microbial aamunities would be stronger for belowground than aboveground plant
distributionsbecauseoots are expected have important influences on the development of soil
microbial communities. In adin, we tested thRypothesighat phylogenetic relatednessd

the functional‘traits gblants wouldoeter predict belowground microbial distributiortsain plant
species identity alone sinogore closely related plant species would be expected to share
morphological and functional traits that are important farcstiring soil microbial communities
(Cantarekt al. 2015).
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METHODS

Soil Sampling. We collected 625 surface soil core2&cm diameter x 20 cm depth) from the

0.5 knf Barro Colorado Island (BCI) forest dynamics plot, Republic of Panama (9.15° N, 79.8°
W) (Hubbell & Foster 1983)etween October 4and December™ of 2010. Cores were

sampled 1 _nwestof the central 5 m grid marker in every other 20 m by 20 m qudtitiat¢re

was an obstructiothat precluded sampling in this locatiove sampled at aearby location. We
sampled even‘columns on odd rows and odd columns on even rows of the 20 m grid system,
resulting inapproximately 28 m spacing between nearest neighbor cores. Although oimgsampl
schemepravided far higher spatial resolution than nearly any comparable, stady
acknowledgesthaby collecting soil cores spac28 mfrom on another, we may still lack the
spatial reselutiono capturedetailed &ove-belowground relationships given the heterogeneous
nature of tropical forestsnd thesoils at this siteWe georeferenced the soil cores at all sites
using a differential GPS parameterized affine funcfitiolf et al. 2015).Locations of the cores

on both the plot coordinate system and a geographic coordinate system (WGS 1984 UTM Zone
17N,EPSG#32617) are available in Wetfal. (2015).

From eactsampled locationye collectedmineral soil (620 cm) excluding litter and
organic herizons, using bulk soil rather thast rhizosphere soil for subsequent molecular
analyses.of'microbial communities. Immediately after collecting the soil congaaed the
entire core in a Ziploc baghoroughly mixed the soil, arsibsample@pproximatelyl5 mL of
homogenizedoil (no roots)into a Whirkpak bagior microbial analysesSoils were frozen at
20°C on the"same day of collection and were subsequently transported to Barnard College,
Columbia University where they were stored2f’C until analysis. Prior to molecular analyses
we sievedsolls througtsterilized2 mm sieve to homogenize the microbial community and
remove any remaining rocks and non-soil fragments.

From.the remaining soil, we collected roots for molecular analysis and subd&@je
of soil for airdrying and subequent soil chemical analyses, which are describétblhet al.
(2015).Briefly; we analyzed BaGlextractable cationsand P from Mehlict8 extractions, total
carbon andtotalitrogen, and soil pH in bothJ4® and 0.1 M CaGlsolution.

Molecular analyses of microbial communities. Microbial diversity was assessed using high
throughput sequencing methods to characterize the variation in taxonomic marker gene
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sequences. For bacterial analyses, we sequenced the V4 hypervariable regid6 SfrERSA

gene using the 516{GTGCCAGCMGCCGCGGTAAand 806R
(GGACTACHVGGGTWTCTAAT) primer paifFiereret al. 2012). Althougtthis primer pair

also captures ®ehaea, theumber of 16S rRNA reads fronréhaea was very low in this dataset
(<2.2% of the.total number of phylotypes and <1.9% of total 16S rRNA sequences). For the
fungal analyses, we sequenced the first internal transcribed spacer (ITS1) region of the rRNA
operon‘usingthe ITSE-(CTTGGTCATTTAGAGGAAGTAA) and ITS2
(GCTGCGTTCTTCATCGATGC) primeragr (McGuireet al. 2013) The primers included the
appropriate lllumina adapters with the reverse primers also having arcemnrecting 12bp

barcode unique to each sample to permit multiplexing of samples. PCR product8 from a
samples wererquantifiagsing the PicoGreen dsDNA assay, and pooled together in equimolar
concentrations for sequencing on an Illlumina MiSeq instrument running the 2x150bp chemistry.
All sequencing runs were conducted at the University of Colorado Next Generation S&gjuenc
Faciiity.

Thesforward reads were demultiplexed using a custom Python script
(https://github:ecom/leffj/helpecodefor-uparse), with quality filtering and phylotype clustering
conductedwusing the UPARSE pipeline (Edgar 2013). For quality filtering, we usedea max
value of O:57(indicating that on average a maximum of 0.5 nucleotides were incorragtig@ss
in every sequence). Sequences were also dereplicated and singleton sequences were removed
prior to phylotype determinations. Representative sequences from the phylotypesréhaot
>75% similarte sequences contained in either the Greengenes 13_8 database (M&@bnald
2012) or thesWUNITE May, 2014 database (Abarendtaat. 2010) for 16S and ITS rRNA
sequences, respectively, were discarded. Raw sequeaceshen mapped to phylotypes at the
97% similarity threshold. Phylotype taxonomy was determined using the RDPietasili a
confidence.threshold of O(8Vanget al. 2007) trained on the respective databases for 16S and
ITS rRNA sequences. Sequencegresenting any phylotypes classified as mitochondria or
chloroplast.were removed. In orderréoluce potential amplicon sequencing biases, we first
removed samples with less than 10,000 sequences and then we normalized the sequence counts
using a cumulativesum scalingapproach (Paulsaet al. 2013). The total number of samples
included in downstream analyses was 556 for bacteria and 480 forRepgesentative
sequences, phylotype abundance tables, and corresponding sample information are publicly
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available in FigShare
(http://figshare.com/articles/Soil_microbial_communities_Barro_Colorado/1449286).

Determination of plant distributions. Abovegraind stem distributions were determined from the
2010 BCI census. Every woody and palm stefr) cm diameter at breast height (DBH) was
sampled. Treecommunity composition was determined for five neighborhpels(i.e. at 2.5,

5, 10, 15, 'and20 madii from the soil cores sampling pointsianas were excludefdom
subsequentanalysdzalms were included in all analyses antlile we recognize that they are
monocots and not woodyees, we use the term “tree” throughout the paper for ease of
distinguishingreanopy and subcanopy plant species from understory plant speciesn@viic

not included in‘the current study).

We assesseoelowground root distributions so we could simultaneously determine the
relationships between plant aboveground or bgtownd distributions and soil microbial
distribution patterns. We did this by conductmglecular analyses of bulk fine root samples that
were separatelom individual soil coresafterwashing soil through 0.1 mm sieveWe stored
thefine rootsfrem individual soil coresn a TrisLow EDTA (TLE) buffer solution until
dehydratien, by oven drying at 37 °C @maimogenization by montand pestlevith liquid
nitrogen Weusedapproximately 0.1 g of homogenized root tissue to extract DNA using a
modified CTAB DNA extractiontechniqugLi et al. 2007). We removed PCR inhibitors from
DNA extractsusing a standard bead-based DNA cleanup with 1.8x AMPure substitute (Rohland
& Reich 2022), Following DNA cleanup, we amplified root DNA using sequence-tapged
primers(Kresset al. 2009). We visually confirmed amplification success by running fragments
on 1.5% agarose and we normalized amplicons across plates by adgin@fIBCR product to
SequalPrep Normalization Kits (Invitrogen, Inc.) using the stahplatocol. After
normalization,.we combinedfL from each normalized sample in a single tube, concentrated
the combined DNA in a SpeedVac, and rehydrated the concentrated DNA with106mM
Tris-HCI. Tesapply sequence tags and sequencing adaptersht@amgplicon, we endepaired
and adenylated the rehydrated PCR amplicons by addipg &6 each amplicon pool toiL
End Prep Enzyme Mix (New England Biolabs), gl5reaction buffer, and 55 ddH,O. We
incubated this reaction for 25 minutes at 25 °C followed by 20 minutes at Y26 @dded LuL
of 25 mM 454 sequencing adapters (indexed) to the pool of normalized amplicons along with 1
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ML Quick T4 DNA ligase (New England Biolabs), and we incubated the ligation reamtih f
minutes at 25 °C followed by 10 minutes at°€5 Following ligation, we added 38L of
ddH,O to each reaction along with 48.6 AMPure XP beads (Beckman Coulter Inc.), and cleaned
reactions following the standard AMPure protocol. We used gPCR to quantify each pool of
amplicons, and we prepared an equimolar mixture of 1.0E8 copies by combining pools of
amplicons togetheandchecked the size distribution of amplicons using an Agilent BioAnalyzer
prior to'sequencingNVe sequenced the equimolar pools using either the Roche 454 FLX (1/8
lane) or the'454 Jr. (2 runs) at the UCLA Genotyping Core.

Prior to classifying sequences to species, we created a composite reference database by
combiningssequences from thatabase of BCI tredsom Kresset al. (2009).We supplemented
the compositeeference database with sequences f@Genbankor those species that occur on
BCI but wereabsent fronKress et al. (2009).0 classify sequence reads to woody plant species,
we first removed reads shorter than 400 bp from the dataset. Theamaegead core samples
having fewer than 30 total sequence reads, which we believe repraseheadplification
failures. Following this filtering, weerformed a BLAT search of all sequence reads to all
species in‘thescomposite databasmg a 98%similarity cutoff. We assigned a sequence read to
a given reference species by minimizing tioenber of base pair mismatchHegtween sequence
read and.reference daBecausebcL is not completely diagnostic for alloody plantspecies
on the BCI plot (Kress et al. 2009), we assigned ambiguous sequences (i.e. seqlemeswi
than one matching species and the same number of base pair mismatches) to species in the
reference databasy computing the relative abundance of plaéentialmatchesn the plan
neighborhoedvithin a distance of 15 m from the location of the soil @rd assigning species
identity based upon the potential match having the highest relative abundance (sunbas#dtal
area of all stems > 1 cm of the candidate species). WdexklEs mas our radius because this
value is the maximum estimated crown radius for individuals in the neighborhood arcbnd ea
sampling point{see below). If none of {hetential matchewere presenwithin the 15 m
neighborhoedwe removedhe ambiguous sequence from the analy¥#s.also removed
singletons (i.e..species with only one sequence present in)drooneghe data set. The total

number of root samples included in downstream analyses was 536.
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Plant functional traits and phylogeny. We obtainedhe following plant functional traits f&48

of the 288ree specietll woody and palm speciesl.0 cm DBH) found in the 20m
neighborhoods surrounding the soil coreeod density, fruit mass, seed mass, aveidgjd,
growth rate, mortality rate, leaf morphology (leaf area, leaf thickness, leaf mass per area), and
leaf elemental.chemistry (concentration of aluminum, calcium, potassium, magnesium,
phosphorous, nitrogen and carbon) (Wrighdl. 2010). For the 248 trespecies for which we
had trait'information, lpylogenetic relationships amotigese species were estimated according
to a maximurdikelihood phylogenyKresset al. 2009). After multiple sequence alignment
using MAEFT(Katoh & Standley 2013) and trimming of poorly aligned positions using
GBLOCKS(Castresana 2000phylogenetic relationshigsom root samples were estimated
with the FastTree approximate maxinlikelihood algorithm (Pricet al. 2010) and the mid-
point method for rooting.

The distance between plant assemblages as determined from their trait distributions was
calculated using the abundance weighted mean pairwise distance (MPD). MPD is defined as the
average funetignal distance separating two species drawn at random frenendifissemblages
(Webb 2000)PRlantphylogenetic assemblage distance was calculated using the abundance
weighted*dniFrac metrjavhich is defined as percent of branch length unique to any pair of
assemblage@ ozupone & Knight 2005). Functional trait apdylogenetic analyses were carried
out in the R environment (www.r-project.org) using the ape (http://ape-packagg aaldr

picante (http://picanteforge.rproject.org/) packages.

Statistical analyses. Patterns in fant and microbial communitsimilarity wererepresented by
non-metric multidimensional scaling (NMDS) using the Bi@yrtis distance metric after

Hellinger standardizatioWVe usedbartial Mantel tests controlling for the potential confounding
effects of topography (slope) and soil psigell asquantile regressiaas implemented in the R
packageguantreqg littps://cran dproject.org/web/packages/quantiety/determinghe
relationshigsbetween plant and microbial community distance matri@esstimate the
explanatoryspower ahdividual soil and topographical variables swil microbial communities

and tree assemblages, we used permutational multivariate analysis of variance (PERMANOVA).
Multivariate statistical analyses wamplemented using the packagevegan (http://vegan.r-
forge.rproject.org/) and ecodist (http://crasproject.org/web/packages/ecodist/).
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RESULTS AND DISCUSSION

Characteristics of the soil microbial communities at BCI

A total of of 33,480 bacterial and 24,610 fungal phylotypese detected across all samples
Each soil sampleollected from the 50-ha plot contained average d2,600bacterial
phylotypes.and 600 fungal phylotypes (Fig. $Dr trees,lie average number aboveground
species associated with each soil sample was 6, 17, 42, 64, and 83 at increasing neighborhood
distances(2.5,5, 10, 15 and 20 m radius, respectively) away from each soil sampliog,loca
with a total of 288 trees speciesuntedacross all samples. On average, dentified roots from
ninetree spegies in each soil core, wittotal of 203 tree species detected in all soil cFres
S1).We observed nsignificant relationship betwegratterns in plant and belowground
microbial richnessevels across th@.5 knf plot (Fig. S2.

At the phylum level, the soil bacterial communities were dominated by Protedacte
Acidobacteria, and Verrucomicrobia (34%, 21%, and 9% of 16S rRNA sequences, respectively)
The fungalreommunities were predominately composed of taxa within the Ascomgdota a
Basidiomyeota‘phyla (66% and 27% of the fund@&1 sequences, respectively) (Fi§)Jree
species from the orders Gentianales (20%), Malpighiales (18%) and Sap{i&&gsiominated
aboveground samples, while Gentianales (23%), Rosales (16%)e&&b4%) and Malpighiales
(10%) dominated belowground samples (5g.

Soil microbial"eemmunity composition is correlated with aboveground tree distributions

For both seilkbacteria and fungi, community similarity was weakly related to theagéogr

location of the sampl@~ig. S4. As has been demonstrated previously (Jafah 2007), tee
assemblage pattermgere correlated with topography and soil characteristics (Fig. S5), and some
of these same factovgerealsopredidive of fungal and bacterial community composition (Fig.
S5). In particulariree community composition was associated with slope (PERMANOVA: R
0.05, P < 0:001)while microbial community composition wassociateavith soil pH Bacterial
communities shoed a strongerrelationshipwith soil pH than théungal communities
(PERMANOVA: ¥ = 0.6, P < 0.001 and®= 0.06, P < 0.001, respectiveig. ). These

results are in line with other studies suggesting that the composition of soil bacterial
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commurities, and to a lesser degree soil fungal communities, can be strongly influenced by
differences in soil pHProberet al. 2015).

Both bacterial and fungal commundistance patterns wepssitively associatedvith
aboveground tree assemblatigtancepatterns gpatial visualization of ordination axes in Fig. 1,
Fig. 2, Fig..S6). We observed tlpssitive relationshifppetween soil microbial communities and
tree assemblagedter controlling for the potential confounding effects of shared environmental
and habitat'eoelationsby including topography (slope) and soil pH as covari¢fes 2). Thus,
the correlations between tree distributions and belowground microbial corgroomposition
were not just driven by shared responses to changes thadécteristicand topographgacross
the plot. Rather, our data suggest that the obsemedlations betweethe plant and soil
microbial communities are related to aboveground-belowground feedbacks (Bever 2003),
acknowled@ng that unmeasured environmehparameters or other biotic interactions miglsb
be contributing to the observed patterns. When wamghese same models using only the
largest trees in the plot (only those 27 tree species that had DBH values >Y50earicund
weaker assoeiatian(r = 0.13 and r = 0.16 for the largest trees at 20 m neighborhood compared
to r = 0.18"andr = 0.27 for the whole dataset at 20 m neighborhood, for bacteria and fungi
respectively). These results demonstrate that the correlations between soil microbial
commupities and aboveground tree distributions are not just driven by the lazgsshtthe
neighborhood analyses.

Fungal community composition showed a stronger relationship with aboveground tree
distributionsthian the bacterial communiti€sig. 2, Fig. S6), which is likely due to physiological
and ecological‘differences between these gréfzsinget al. 2013). Fungi tend to depend
more directly on plant products such as structural leaf litter compounds and rodesxuda
(Broecklinget al., 2008)and are key decomposers of plant necror(fasddyet al. 2008). Some
groups of fungi.also display resource-use specialization on individual organicNC and
compounds found in leaf litt¢McGuireet al. 2010). Surprisingly, the relationship between
arbusalar myeorrhizal fungi (Glomeromycotand aboveground tree community composition
was weakerthan the one observed for overall fungal community composition (r = 0.11, P < 0.01
for Glomeromycota compared to r = 0.27, P < GdyAall fungi).

When we compared the aboveground plant assemblage dédtarant spatial
neighborhood sizes (2.5, 5, 10, 15 and 20 m), we found that the correlations between
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aboveground tree community composition and bacterial or fungal community composition were
strongest athe largest neighborhood size (20 m) (Fig. 2, Fig. S6). In other words, if we want to
predict what types of bacteria or fungi we will find in an individual soil sample, it is most useful
to know what trees are within a 20 m radius of that sample. It was somewhat sgipasithe
identity of trees very close to the soil sample was not nearly as useful for predicting microbial
compositionpbecause we would expdetf litter inpus to be highest by treetoser tothe
sampling site:"Our finding that the 20 m neighborhood was more closely related to rhicrobia
composition'suggests that plant community information collected at that scalaoray
effectively capture thosglants that could be influencing soil at a given site. It may alsbabe
non-additive litter mixture effects due to canopy ovestpcturesoil microbes in ways that are
not predictable‘frornsinglespecies litteeffects (Chapmaet al. 2013).Additionally, differences
in phenology (in particular, litter fall) may be another potential explanation fattberved
relationships between tree assemblages and soil microbial community camnp&sit example,
a recent study found theriation in litter inputs explained a significant proportion of soil C:N
variability and<that particular tree species dominated the litter inptiisseasonal differences
(Uriarteet al. 2015). While litter phenology has not been explicitly evaluated on\B(tigbility
in speciesspecific litter phenology could explain the lack of a tight correlation betweengpidnt
microbial.eomposition at smalleeighborhood scaleparticularly if litter from amore
productive, neighborintree species was more influgh on microbial composition &t given
sampling poinand time.

While"phylogenetic relationships have been useful for explaining community agsembl
patterns fomawvariety of organisms (CavenBareset al. 2009), and phylogenetic information
can help gplain some of the variation in some lesfsociated microbial communities (Kembel
et al. 2014), incarporating phylogenetic information did not improve our ability to prediict
microbial distributions better thdmowing species identity, alone (Fig. 3, Fig. S7). One possible
explanation for/this finding is that the high taxonomic diversity of trees in thelpdoured the
relative effects of phylogenetic versus taxonomic distance, since these indices were highly
correlated (r=.0.86, P &001). Alternatively, thelanttraits thatshape belowground microbial
communities may not be predictable from plant phylogimg/to convergence in selected

phenotypic characteristi¢gursaret al. 2009).
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309 Root distributions are poor predictors of microbial community composition

310 While we found fairly strong relationships between aboveground tree composition and soil
311 microbial communities, there were only weak correlations betweenligiobutions and

312  microbialcommunity compositioFig. 1, 2,Fig. S, whichconflicts with ouroriginal

313  prediction This weak correlatiomwas maintained when wmnducted phylogenetic analyses of
314 the root communitie§ = 0.061, P < 0.001; r = 0.128, P < 0.001, for bacteria and fungi,

315 respectively)yFocusing solgl on the composition of Glomeromycota did not improve the

316 correlationwith'root compositiofr = 0.11, P = 0.11)This result may be due to the fact tte

317 distributions of aboveground treasdtheir rootsarenot well correlatedt this sitgJoneszt al.

318 2011), whiehdmplies that either aboveground or belowground spspessfic effects are

319 spatially decoupled or that specssecific root zones may not actually exist like they do for
320 aboveground neighborhoodghere is somevidence for the latter hypothesis from a recent

321 temperate forest studyhich found thateots from multiple tree species migrated to nutrient
322 enriched seil patches and diminished belowground species segregation across the forest
323 (ValverdeBarrantest al. 2015).

324 Another‘explanation for the weak relationship between root and microbial coropasiti
325 that rootsqare highly mobile and root distributions change quickly over time. tEhysoral

326  shifts in_mierobial communities may be uncoupled from the corresponding temporal dymdmi
327  roots at this siteThe average rate of fine root turnover for tree species in an adjacent forest was
328 ~120 days; althoughgnificant speciesspecificvariation likely existgYauvitt et al. 2009). In

329 addition the®microbes that atidely to be most affected by root dynamics may be rhizosphere
330 specialistsiiving on or around root surfaces rather than the microbes residinig soibul

331 Numerous studies have found that rhizosphere microbial communities are distimtuik soil
332 microbial communitiegPrescott & Grayston 201,330 speciespecific effects of tree roots may
333  be realized.at. much smaller spatial scales in the rhizosphereoihdrbe detected from the bulk
334 soil analysesonducted hereMore manipulative studies are clearly necessary to unravel these
335 alternative.explanations, as most studies tend to have an aboveground bias and veoyKittle w
336 has been done on the distributiongropical treeroots (lversen 2014).

337

338 Aretreetraits predictive of soil microbial community composition?
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339  While the taxonomic and phylogenetic metrics of tree assemblage composition weigedrrel
340  with belowground bacterial and fungal communitiég, aboveground leaf and stem traits were
341 not good predictors of microbial community composition. Overall funatiassemblage

342 distance based on traits using the abundance weighted mean pairwise functianed di&/ebb
343  2000) was netorrelated withsoil microbial community composition (Fig. 3, Fig.)S@iven

344  that there s a growing body of literature suggestmag plant trait information is useful for

345  predicting'ecommunity assembly and ecosystem seryize®eyn & Van der Putten 2005;

346  Cornwelletal™2008) we were surprised to find that most plant trait distributions were not well
347  correlated with microbial digbutions across the plot. However, it must be noted that most of the
348  work linking mierobial communities and microbialigediated processes to plant traits has been
349 done in temperate grassland ecosystems (Caetale2015), and it is possibtbat thepatterns
350 and processes documented in herbaceous ecosystems maybstived in diverse tropical

351 forests. It is also possible that other unmeasured traits, slitierasarbon chemistry aioot

352 traits (Cantarett al. 2015), are more important drigof microbial compositiorthan the traits

353 included inrourianalyses

354 We also‘explored specific relationships between individual assembkighted

355 functionaktraits and soil bacterial or fungal community composition. Although we did not

356 observe_ significantelationshig betweerthe overall, aggregated aboveground traits of the plant
357 assemblageand the composition of the soil microbial communities, several individual traits
358 showedweak correlations (Fig.8. Specifically,Al content in leaves artceemortality rate

359 were correlated withothbacterialand fungal community composition. The relationship with Al
360 may reflectithe'toxicity of that element to microbial c@ga & Cervantes 1996). For fungal
361 communities, carboand Ca content in leaves were atsorelated with community composition
362 (Fig. S§, which may be related to the effects of these plant traits on soil C and litter input
363 quantities, The relationship of leaf Ca concentrations and fungal composition liketysréhe

364 important role af Ca ifungal growth, nutrient uptake, and mycorrhizal symbi(Rera &

365 Callieri 1997)

366

367 CONCLUSIONS

368 Despite the high tree diversity, we found significant correlati@teeen tree composition, soil
369 pH, and the composition gbil microbial communities at the local scale. We also found
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399
400

correlationsbetween microbial composition and a subsetssemblag&veightedplant traits
The lack of strong relationships between soil microbial composition andistabutionswas
surprising, but may be related to the ephemeral and mobile nafiure dots. Since
aboveground tree composition is less dynatimém belowground fine root turnover, the
integrated effects of decadal litter inputs may be a more signif@etorr structuring soil
microbial communitieshan root inputs.
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FIGURES

Figure 1. Sampling sites, soil pH, and maps of community similarity (NMDS axis

scores)(A) Sampling sites for 625 soil cores (the 50 ha plot was divided into 20 x 20 m

guadrats)(B) Soil pH.(C) Solil bacterial communitiegD) Soil fungal communitiegE) Root
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assemblage$F) Tree assemblages. Interpolated values were calculated using inverse distance
weighting with squareeot distance.

Figure 2. Relationships betweg®\) soil bacterial communities ar{8) soil fungal communities
with tree assemblages at increasing spatial scales and root assemblages. Ditiarenges
assemblages.and communities estimasadg BrayCurtis distance Lines represent fitted

linear regressins between tree assemblages and associated bacterial or fungal communities
Statistics correspond to raiased partial Mantel tests controlling for differences in slope and
soil pH with"pvalues corrected for multiple comparisons by False Discovery(RBfe). Note

the difference in yaxis scales. Similar results were obtained using quantile regressityses

(Fig. S6.

Figure 3. Relationships betweg®) soil bacterial communities ar{8) soil fungal communities
with tree assemblage distaratethe 20m neighborhood radius around each soil core based on
taxonomic, phylogenetic and functional trait informati@mly the species for which we had trait
information were included in the analyskemes represent fittetihear regressions between
assemblageydistareand microbial community distangeStatistics correspond to railased
partial Manteltests controlling for differences in slope and soil pH withlpes corrected for
multiple cemparisons by False Discovery Rate (FDR). Dashed lines represengméoant
relationships. Note the difference irayis scales. Similar results were obtainedgisjuantile
regressioranalysegFig. S9).

SUPPLEMENTARY MATERIAL

Supplementary, Figure 1.Samplebased species accumulation curves (mean and 95%
confidencevinterval) fofA) plant assemblages af®l) soil microbial communities.
Supplementary Figure 2 Relationships betwed) soil bacterial community richness afi)

soil fungal. community richess with tree assemblage richness at increasing spatial scales and
richness ofoot.assemblages. Note the difference-axis scales

Supplementary Figure 3 Proportion of different taxonomic groups along the NMDS ordination
axis for(A).bacterial phyla(B) fungal phyla(C) root plant orders, an@) tree plant orders.
Supplementary Figure 4 Relationshipdbetween community dissimilarity and spatial distance
for (A) soil bacterial communities (r = 0.09, P < 0.001) @®)dsoil fungal communities (r =

0.13, P < 0.001). Note the difference imxis scales.
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Supplementary Figure5. Relationships among slope, soil pH, bacterial and fungal community
similarity, and similarity in either root or tree assemblages. Similarigpmmunities and
assemblages measured using the Bastis distance metric.

Supplementary Figure 6 Relationships betwed®) soil bacterial communities ar{B) soil

fungal communities with tree assemblages at increasing spatial scales and root assemblages
Community.and assemblage similarities measusaolg BrayCurtis distance Lines represent
fitted quantile'regressions between tree assemblages and associated bacterial or fungal
communitiesNote the difference in-gxis scales.

Supplementary Figure 7 Relationships betwedi) soil bacterial communities ar{8) soil

fungal communities with tree assemblage distatdbe 20 m neighborhood radius around each
soil corebased‘on taxonomic, phylogenetic and functional trait informaDaty. the tree

speces for which we had trait information were included in the anali$ess represent fitted
guantile regressions between assemblage distance and microbial community .di&itentiee
differencein yaxis scales.

Supplementary Figure 8 Relationships betwedi) soil bacterial communities ar{B) soil

fungal communities with difference in assemblaggghted average plant traitSnly a few of

the aggregated aboveground traits of the plant assemblaged density, fruit mass, seed mass,
averageDBH, growth rate, mortality rate, leaf area,fléackness, leaf mass per ayaad leaf
concentration of aluminum, calcium, potassium, magnesium, phosphorous, nitrogen and carbon)
showed significant albeit weak relationships with the compositidhe soil microbial
communitieskines represent fitted linear regressions. Statistics correspond tbase# partial
Mantel testsseontrolling for differences in slope and soil pH. In bold, p-values < 0.01 afte
correcting for multiple comparisons ogiFalse Discovery Rate (FDR)hese relationships were
assessed with the same subset of plant species (n = 93) for which complete trait and phylogenetic

information was available. Note the difference iaxys scales.
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