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Abstract 
 

A major goal in microbial ecology is to understand the factors that structure bacterial communities across space 

and time. For microbes that have symbiotic relationships with plants, an important factor that may influence their 

communities is host size or age, yet this has received little attention. 

Using tree diameter size as a proxy for age, we quantified the diversity of rhizobia that associate with an 

endemic legume, Acacia acuminata, of variable size across a climate gradient in southwest Australia. We 

examined the 16S rRNA diversity (V1-V3 hypervariable region) of rhizobia at the taxonomic level and at higher 

sequence level diversity within taxonomic groups. 

We identified 3 major taxonomic clades that associated with Acacia acuminata: Bradyrhizobiaceae, 

Rhizobiaceae, and Burkholderiaceae. Within these groups, we found extensive genetic variability, especially 

within Bradyrhizobiaceae. Using binomial multivariate statistical models that controlled for other factors that 

affect plant size and rhizobia community structure (climate and local soil characteristics), we determined that soil 

sampled at the base of larger Acacia trees was much more likely to contain a greater number of taxonomic clades 

and cryptic genetic variants within the Rhizobiaceae clade. 

 Despite strong influences of climate and highly heterogeneous soil conditions on rhizobial diversity, our 

results show that host tree size is a prominent factor in structuring nitrogen-fixing symbionts diversity across a 

large landscape. The identification of a positive relationship between plant host size and microbial diversity raise 

interesting questions about the role of plant host size in driving ecological processes that govern microbial 

community assembly. Specifically, our results suggest that hosts may modify the habitat of their surrounding soil 

to enhance growth (niche construction hypothesis) or that symbiotic microbes have large differences in dispersal 

capability. Our results also suggest that host plants may be analogous to ‘islands’, where larger legume hosts may 

accumulate diversity over time, through migration opportunities or in situ diversification. From a practical 

perspective, including plant size as an additional variable may assist sampling and analyses designs of future soil 

microbial studies.     

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted January 11, 2018. ; https://doi.org/10.1101/246611doi: bioRxiv preprint 

https://doi.org/10.1101/246611


Introduction 

 Plants are highly dependent on mutualistic soil bacteria in the rhizosphere for growth and reproduction 

(Hayat et al. 2010; Berendsen, Pieterse, and Bakker 2012). Despite their functional importance, we are only 

beginning to understand the major ecological forces that structure mutualistic bacterial communities in the 

rhizosphere. Host plant size and age are ubiquitous, highly variable traits in most (if not all) natural plant 

communities (Hara 1988; Menges 2000). Through the simple act of growing, plants modify their surrounding 

environment, which in turn can have important top-down effects on microbial rhizosphere diversity (Philippot et 

al. 2013) by altering numerous ecological and evolutionary processes (i.e. selection, drift, diversification and 

dispersal) directly relevant to community assembly patterns (Vellend 2010; Nemergut et al. 2013). Among the 

key mutualistic microbes in the rhizosphere, symbiotic nitrogen fixing bacteria (i.e. rhizobia) are critical to 

ecosystem function due to their intimate associations with legumes and their ability to directly convert 

atmospheric nitrogen into a plant available nutrient (van der Heijden et al. 2006; Kahindi et al. 1997). Here, we 

evaluate the influence of variable plant size, within a keystone legume species, on the diversity and structure of 

symbiotic rhizobia communities. 

Theoretically, host plant size and age have important impacts on soil microbe diversity. Through selection 

(i.e. niche-based processes), differences in diversity may be generated because hosts may actively or passively 

modify the rhizosphere as they grow and create more niches (i.e. “niche construction” (Odling-Smee et al. 2013)) 

(Meaden, Metcalf, and Koskella 2016; Marques et al. 2014; Micallef et al. 2009; Chaparro, Badri, and Vivanco 

2014; Wagner et al. 2016). Alternatively, larger hosts may create more habitable space compared to smaller hosts, 

thus harbouring greater diversity associated with greater immigration or in situ diversification opportunities (i.e. 

bigger or smaller island in the context of Island Biogeography Theory or Neutral Theory) (Hubbell 2001; 

MacArthur and Wilson 2015). For example, larger hosts may harbour greater microbial diversity because their 

surrounding rhizosphere has higher absolute amounts of hospitable space for soil microbes. Host age, which is 

highly correlated with plant size, may critically affect rhizosphere diversity due to ecological drift (leading to loss 

of diversity) or accumulation of lineages with slower colonization rates, leading to an increase in diversity 

(Nemergut et al. 2013). For example, as legume hosts become older, they may accumulate larger rhizobia 

populations, making mutation and in situ diversification more likely.   
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The impact of plant size on microbial diversity through selection or dispersal can be either positive or 

negative, however diversification or ecological drift are generally predicted to show a positive relationship. Given 

that any of these community assembly processes, in isolation or in combination, may lead to either a positive or 

negative relationship between plant size and soil microbe diversity, the aim of this study is to evaluate the extent 

to which such relationships exist in natural mutualistic microbe populations. To gain further insight into the effects 

of plant size in the face of other important environmental drivers acting at either highly localized (i.e. edaphic 

conditions) or regional scales (i.e. climate), we sampled communities over a complex heterogeneous landscape. 

The interaction between legumes and rhizobia provide an ideal biological system to evaluate relationships 

between plant size and mutualistic microbial diversity because symbiotic rhizobia also exist as free-living bacteria 

in the soil and are not entirely dependent on their plant host to reproduce or disperse to other habitats. This 

potentially allows more dynamic community assembly processes as plants increase in age or size. Furthermore, 

the functional significance of rhizobia towards legume growth and reproduction is firmly established.        

In this study, we examined the effect of host plant size on the diversity of rhizobia that originate from the 

surrounding soil of natural Acacia acuminata populations, a foundational species of the nationally endangered 

York gum (Eucalyptus loxophleba) -jam (Acacia acuminata) woodlands of the Western Australian wheatbelt 

(Prober, Standish, and Wiehl 2011). Using metagenomic 16S sequence data of symbiotic rhizobia isolated from 

bulk soils in vicinity of A. acuminata trees, we investigated the role of host size in influencing two levels of 

symbiotic rhizobia diversity: at large clade levels indicative of taxonomic levels, and at more cryptic genetic 

diversity levels within clade groups. We sampled rhizobia from the surrounding soil of A. acuminata host plants 

across the maximum climate gradient of the species range, capturing rhizobia diversity across a broad range of 

environments. Our analyses show that larger hosts are more likely to have a greater diversity of rhizobial taxa 

and a greater number of cryptic within-taxa genetic diversity, thus indicating the critical role that legume host 

size plays in shaping symbiotic rhizobia soil communities. We found host size is important for rhizobia diversity 

even after accounting for climate and soil related factors likely to be important for rhizobia diversity, at both local 

within-site, and regional between-site levels. 
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 Materials & Methods 
 Site selection and soil sampling 

             

Acacia acuminata is an endemic tall legume shrub or small tree restricted to south-western Australia. We 

sampled rhizobia from 24 sites where A. acuminata occurred. To select sample sites, we obtained A. acuminata 

occurrence records from the Atlas of Living Australia (ALA, www.ala.org.au) and associated temperature (mean 

annual temperature) and rainfall (mean annual rainfall) values. We chose sites to optimize three criteria: 1) 

maximize temperature and rainfall gradient; 2) minimize spatial autocorrelation in rainfall and temperature; and 

3) no correlation between temperature and rainfall values. Based on the available occurrence records in ALA, our 

final combination of sites ranged in mean annual temperature from 15.4C to 20.6C, and mean annual rainfall 

from 287mm to 612mm. Temperature and rainfall were not correlated in our final site list (r=-0.1560238, p=0.47). 

            We sampled soil during the winter season (July) when the soil likely contains higher numbers of viable 

rhizobia due to higher seasonal rainfall in the region and higher levels of nitrogen-fixation between the host and 

its rhizobial partner (Monk, Pate, and Loneragan 1981). At each site, we selected three A. acuminata trees at least 

50 meters from the road and at least 50 meters apart (where possible). We sampled three (5 cm diameter x 10 cm 

depth) soil cores within 50 cm of the base of each tree to obtain one pooled soil mixture for every sampled tree. 

We measured the circumference of each sampled tree and converted the measurement to diameter, as a proxy for 

plant age. We measured circumference at the base of each tree to accommodate comparison among different 

forms of A. acuminata, since this species  can also occur in more shrub like forms. While some sampling was 

from these more shrub like forms, we refer to each sampled plant as a ‘tree’ throughout this paper. Soil was stored 

at 4C until further processing in the lab. 

 Rhizobia isolation and DNA extraction 

           We isolated symbiotic rhizobia from field soil by harvesting legume nodules of Acacia acuminata grown 

in controlled growth chamber conditions inoculated with each field soil sample, where a field soil sample  

comprised a mixture of three soil cores collected from around the base of one Acacia tree. Wild collected Acacia 

acuminata seeds (‘typical form’, sourced from native seed collectors Nindethana Seed; www.nindethana.net.au/) 

were surface sterilized and pre-germinated on 1% agar plates for one week at room temperature (25C) in the dark. 
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Six randomly selected Acacia seedling replicates were grown in each field soil sample, in a randomized blocked 

design in a growth chamber. For each pot, the field soil was sandwiched between two layers of autoclaved 

vermiculite and planted with A. acuminata seeds. Plants were watered weekly with 10 ml of ¼ strength McKnight 

solution and autoclaved water. Plants were grown for 4 weeks, allowing ~ 2 weeks for nodule formation. We 

sampled 5 nodules from each Acacia seedling, and restricted nodule sampling to below the first layer of 

autoclaved vermiculite to avoid any potential contaminants. Control pots containing only sterile vermiculite were 

randomized throughout the growth chamber (n=10), which had few or negligible nodules at harvest. Surface 

sterilized nodules (using commercial bleach) were crushed with sterile forceps and tissue lysate was cultured on 

Yeast-Mannitol agar. Rhizobia cultures were grown for 7-15 days at 30C in the dark. Isolates were replated twice 

on YMA agar media to obtain a single rhizobia isolate. Genomic DNA was extracted using MoBio kits 

(UltraClean Microbial Isolation kit), following the standard kit protocol.   

In total, our sampled rhizobia collection consisted of ~1900 isolates, where ~30 rhizobia isolates were 

sampled from each Acacia tree (i.s. field soil sample), and ~90 rhizobia isolates were sampled from each site, 

representing an approximately equal sampling effort of rhizobia isolates for every Acacia tree and site. 

 

Sequencing 

 

Our unit of metagenomic sequencing in this study was at the tree level (n=72 trees, 3 trees/site, 24 sites 

in total). We prepared pooled rhizobia DNA samples at the tree level by suspending freshly grown cells using a 

1ul inoculation loop into 500 ul of sterile autoclaved distilled water, pooling ~25-30 isolates per sequencing 

sample. Pooled bacteria isolates were sent to AGRF for DNA extraction and 16S amplicon metagenomic 

sequencing, sequencing the v1-3 hypervariable region following standard AGRF amplification and library 

preparation protocols, producing 300 base-pair paired end reads from a single Miseq run. 
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Raw sequence data processing 

 

            For each metagenomic sample (i.e. Acacia tree) paired reads were merged (using Flash), creating ~ 450bp 

long reads after Illumina adaptor trimming. In each sample, after discarding chimeras using Decipher and all 

singletons, a preliminary BLAST showed that the top hit for each read expectedly returned rhizobia taxa 

(Bradyrhizobiaceae, Rhizobiaceae, and Burkholderiaceae). To reduce the occurrence of sequence error in our 

final sequence dataset, we removed any reads that made up less than 0.5% of a sample. Assuming that most 

culture plates represented a single colony, the theoretical maximum of approximately 30 rhizobia isolates was 

expected per sample. After we applied our sequence filtering steps, the number of unique reads present in each 

sample was below 30 (between 2 and 18 reads). Out of the total cultured isolates examined in this study 

(approximately 1900), we obtained 95 unique 16S unique reads (after filter steps were applied) classified as 

rhizobia across all samples.    

  

Environmental variables 

             

To examine relationships with our community data, we focused on three major classes of ecological and 

environmental factors: 1) climate; 2) physical and chemical soil characteristics; and 3) host size and host density. 

Mean annual precipitation and temperature were obtained from the Atlas of Living Australia (ALA: 

www.ala.org.au; also used for the preliminary site selection –see above), and are based on Bioclim (Fick and 

Hijmans 2017). For each soil sample, we measured 22 soil chemistry factors [see Table S1; analyses were carried 

out by CSBP (www.csbp-fertilisers.com.au)]. We measured the trunk diameter at the base of each tree that was 

sampled as a proxy of host size. We obtained estimates of site level host density using observation records 

available from ALA. We calculated site-level Acacia acuminata density using all occurrence record data for 

Acacia acuminata in South Western Australia found in the Atlas of Living Australia. We estimated Acacia density 

from point occurrence records using two-dimensional gaussian kernel estimation, implemented in the kde2d 

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted January 11, 2018. ; https://doi.org/10.1101/246611doi: bioRxiv preprint 

http://www.ala.org.au/
https://paperpile.com/c/egAxCz/g3fE
https://paperpile.com/c/egAxCz/g3fE
https://doi.org/10.1101/246611


function of the MASS package in R. Density was estimated within a grid with a rough resolution of 0.37 degrees 

latitude-longitude within each cell, which is capable of capturing among site variation. Values for each site were 

then assigned as the density of the cell in which they fell. All factors, with the exception of climate data, were 

measured at the soil sample level (i.e. tree level).                          

 

Data Analyses 

             

            The goal of our analyses was two-fold: firstly, to determine what environmental factors are associated 

with fine-scale rhizobia genetic diversity, as measured by the number of unique 16S reads and secondly, to 

determine whether richness responses to environmental factors depend on the major clade associated with a major 

taxonomic group. We first identified the major clades in our rhizobia sequence by inspecting the phylogeny. We 

used MUSCLE (Edgar 2004) to align all unique reads retained in our dataset and constructed a phylogeny in 

BEAST (Bouckaert et al. 2014). We identified 3 major taxonomic groups in our sample using BLAST (Madden 

2013) (one with reads blasting to the Bradyrhizobiaceae, one with reads blasting to the Rhizobiaceae, and one 

blasting to the family Burkholderiaceae). Therefore, in total we delineated 3 major clades (Figure 1).   

For soil (chemical and physical) characteristics, we collapsed the initial set of 22 variables into a smaller 

number using principal coordinates analyses. For our downstream analyses, we used the first four PC axes, which 

cumulatively explained ~70% of variation. When we inspected soil PC 1-4, we found no particular subset of soil 

factors that had particularly high loadings (Table S1, Figure S3).   

   In total, we analyzed 9 predictors in all subsequent statistical models (Mean Annual Temperature, Mean 

Annual Rainfall, Soil PC 1-4, Tree diameter, Latitude, Acacia Density). Given the large number of explanatory 

variables (relative to the available degrees of freedom), we used a model selection approach to determine which 

explained the most variation in our sequence diversity data. We determined that convergence and sample size was 

limited when we incorporated more than 4 variables, and so restricted model selection between a set of models 

which had no more than 6 environmental variables. A maximum of 4 environmental factors in each model gave 

us 10 degrees of freedom (excluding random effects; 4 * 2 clades interactions + 2 clade specific intercept terms). 

With 72 sample locations in total, this gives approximately 7 samples per degree of freedom, providing a 
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reasonable power in our models, while avoiding overfitting and still providing the ability to statistically infer the 

main effects of the most influential factors. The form of the models is described below. 

Statistical Model 

To model the 16S read data we used a multivariate model-based approach. The object of the analysis was 

to model the distribution of unique 16S reads with respect to a set of (at most) 6 environmental factors and the 

major clade they belonged to. We used a generalized linear mixed model (GLMM) with binomial errors to model 

the presence or absence of unique 16S reads in individual tree samples. Though our read data also included a 

measure of the abundance of each read in each sample, we did not model this data because it is not comparable 

between samples due to uncontrolled sources of variation in the total number of reads measured per identified 

read group. Specifically, preliminary DNA extraction trials on a subset of individual isolates showed large 

differences in total DNA yield, despite approximately equal cell inputs in the extraction protocol. Therefore we 

considered only the presence or absence of a read in a sample to be reasonably reliable data. Given this, our model 

estimates the effect of environment and clade on the probability of a read in an Acacia tree-level sample. An 

increased probability of reads in a tree-level sample is indicative of higher read diversity, and so this is a model 

of unique read diversity within the surrounding soil of an Acacia tree. 

We included random effects for the tree, the site, and the unique read in all of our models to fully account 

for any non-independence due to these hierarchical factors. Fixed effects include the effect of the clade to which 

a read belonged, and the clade by environment interactions, encoding the effects of each environmental factor for 

each clade independently. The equation describing our full model structure is:   

 

𝑦𝑦𝑖𝑖 ∼Binomial(𝑝𝑝𝑖𝑖) 

𝑝𝑝𝑖𝑖 = 𝛼𝛼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐[𝑖𝑖] + �𝛽𝛽𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐[𝑖𝑖],𝑗𝑗𝑥𝑥𝑖𝑖,𝑗𝑗 + 𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠[𝑖𝑖] + 𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡[𝑖𝑖] + 𝑅𝑅𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟[𝑖𝑖]

𝑘𝑘

𝑗𝑗=1

 

𝑆𝑆𝑠𝑠 ∼Normal(0,𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠2 ); 𝑇𝑇𝑡𝑡 ∼Normal(0,𝜎𝜎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2 ); 𝑅𝑅𝑟𝑟 ∼Normal(0,𝜎𝜎𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟2 ) 

  

where 𝑦𝑦𝑖𝑖is a response vector of ones and zeroes describing whether a particular read was found in a particular 

(tree-level) sample. 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐[𝑖𝑖], 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠[𝑖𝑖], 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡[𝑖𝑖], and 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟[𝑖𝑖] refer to the clade, site, tree, and read for record 𝑖𝑖. 𝛼𝛼𝑐𝑐 is 

a fixed intercept for clade 𝑐𝑐, and 𝛽𝛽𝑐𝑐,𝑗𝑗 is a fixed coefficient describing the effect of environmental variable 𝑗𝑗 on 
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reads that belong to clade 𝑐𝑐. 𝑘𝑘 is the total number of environmental variables in the model, and ranges from 1 to 

4, depending on the model. 𝑆𝑆𝑠𝑠, 𝑇𝑇𝑡𝑡, and 𝑅𝑅𝑟𝑟refer to the random effects for site 𝑠𝑠, tree 𝑡𝑡, and read 𝑟𝑟, respectively. 

𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠2 , 𝜎𝜎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2 , and 𝜎𝜎𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟2  are the variance terms for the random effects of site, tree and read, respectively. 

Models were fit using the R package lme4 (Bates et al. 2015). As an example, the command to run one 

of the above models with 4 environmental variables was as follows: 

 

glmer(present ~ 0 + clade + clade:env_1 + clade:env_2 + clade:env_3 + clade:env_4 

+ (1 | Tree) + (1 | Site) + (1 | Read), family = binomial) 

where present was a factor variable denoting presence or absence,  clade is a factor variable denoting the 

clade, env_i is environmental variable i, Tree is a factor variable denoting the tree, Site a factor denoting the 

site, and Read a factor denoting the read. 

We ran models for all possible combination of 4 environmental variables (for a total of 210 models). The 

model with the lowest AICc (Akaike Information Criterion with sample size correction) was retained as the top 

explanatory model and most subsequent analyses were based on it. AIC values were transformed to Akaike 

weights, providing conditional probabilities for each model (Burnham and Anderson 2003), which were used to 

estimate the relative importance of each environmental factor by summing the Akaike weights across all models 

containing each variable. Once a best model was chosen, we tested how well it conformed to model assumptions 

by examining its Dunn-Smyth residuals, which are designed to deal with non-gaussian integer response data 

(Dunn and Smyth 1996; Warton et al. 2017). We also tested its goodness-of-fit, by comparing the predicted read 

counts at individual Acacia tree samples with the observed counts. Predicted counts were calculated by summing 

the predicted probabilities of individual reads within each tree sample. 

Subsequent models (see “Separating Within and Between Site Effects of Environment”), were based on 

the best model according to AICc. 

Separating Within and Between Site Effects of Environment 

Our analysis was explicitly hierarchical, in that the data was measured within individual trees, which were 

found at different sites. Though we used hierarchical random effects in a mixed model to account for the non-

independence induced by this sampling strategy, it is still interesting to ask how much of the effects we see can 
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be attributed to within site differences amongst trees, versus between site differences. This information is lost in 

a simple linear mixed model, as it can only test for an overall effect (which therefore blends any within-site effect 

with any between-site effect). To examine within-site and between-site effects of the environment, we used a 

method known as contextual analysis (Snijders and Bosker 2011). In contextual analysis, the effects of a variable 

on the response is modelled as a regression of both the individual measured variable, and the mean of the variable 

for the group that the individual data point belongs to. Here, we modelled the presence or absence of a clade in a 

tree sample within a site as a function of the environment measured at the individual tree, as well as the mean 

environment for the site. With the exception of climate variables, all of our environmental variables were 

measured at the tree-level, and so we were able to decompose them into a site-level mean, and a tree-level 

deviation from the site mean. Mathematically, we created two new variables 𝑥̅𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠[𝑗𝑗], and 𝛥𝛥𝑥𝑥𝑗𝑗from each tree-level 

variable 𝑥𝑥𝑗𝑗 retained in the best model, such that: 

𝑥𝑥𝑗𝑗 = 𝑥̅𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠[𝑗𝑗] + 𝛥𝛥𝑥𝑥𝑗𝑗 

We included both the site-level mean 𝑥̅𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠[𝑗𝑗] and the tree-level deviation from the site-level mean 𝛥𝛥𝑥𝑥𝑗𝑗 in a new 

model (Table 3). The goal of this model was to see whether any of the variables measured at the tree-level were 

actually driving compositional changes in rhizobia mainly at the site-level, in which case it would be more 

difficult to rule out that the effect is not a result of local processes driven by the host tree, but rather by a potentially 

confounding site-level process. 

Interpreting Model Results 

We interpreted the results of the best model according to AICc by examining its parameter estimates and 

by generating useful combinations and summaries of parameters through parametric bootstrapping. 

Our model allowed us to estimate and evaluate the effects of each environmental factor on diversity of 

reads within each of our clades, but we were also interested in the overall diversity of reads. We were able to 

evaluate the effects of each environmental variable on read diversity by predicting how the number of unique 

reads was expected to change across environmental factors within each clade, and in total, using parametric 

bootstrapping to evaluate confidence intervals. We predicted data from our model for each set of bootstrapped 

coefficients on evenly spaced values of each environmental factor, within its observed range in our data, and then 

summarized that data to the predicted mean and confidence interval of counts before plotting them. We calculated 
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the predicted count of each clade in a tree with a particular environmental value by multiplying the predicted 

probability of a read in a tree by the total number of unique reads (thus giving us the expected number of reads 

for that clade). We also noted that the predicted changes in differ ent clades would lead to different patterns of 

clade-level diversity for different values of the environmental variables. To explore this further, we calculated the 

Gini-Simpson diversity index (Jost 2006), from the 

predicted counts and plotted the mean and confidence 

interval for this against each environmental variable. 

The Gini-Simpson diversity index measured the 

diversity of types (i.e. clades) as the probability that 

two randomly drawn individuals from the community 

are of different types, and is at a maximum when all 

types are equally likely to be found in a community. 

Results were examined by plotting the predictions and 

their confidence intervals (Figures 2 and 3). 

Results 
 

Out of the total input of ~1900 cultured 

isolates across all samples, we obtained 100 unique 

16S reads classified as rhizobia after filtering 

sequence data which are commonly found in 

association with Australian acacias (Lafay and 

Burdon 1998; Hoque, Broadhurst, and Thrall 2011). 

All unique 16S read sequences could be classified into 

3 distinct clades (Figure 1). Bradyrhizobiaceae clade 

had the most number of unique reads (62 unique 

reads), followed by Rhizobiaceae (33 unique reads), 

while Burkholderia was only represented by 7 unique 

reads. With the exception of Burkholderiaceae, at least 

one unique read from each major clade occurred in all 
Figure 1. Bayesian phylogeny of all unique 16S 
reads detected in this study. 
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soil samples (i.e. at every sampled acacia tree across all 24 sites), while Burkholderia was only detected in 2 soil 

samples across 2 sites. Due to the limited diversity and distribution of Burkholderia reads, we excluded this clade 

from our presented analyses, but inclusion or exclusion of this clade did not alter any inferences on 

Bradyrhizobiaceae and Rhizobiaceae.   

The best model for predicting our sampled 16S rhizobia diversity, according to AIC, included the 

following environmental variables: Mean Annual Rainfall, Soil PC 1, Host Tree Diameter, and Soil PC 2.  

 

Table 1. Importance of different factors in determining rhizobia community clade structure. Importance 
is calculated as the sum of Akaike weights for models containing the term. Excluded are any factors 
contained in all models (e.g. Clade, Intercept). 

Factor Importance 

Soil PC 1 0.97 

Annual Mean Rainfall 0.97 

Host Tree Diameter 0.80 

Soil PC 4 0.36 

Soil PC 2 0.34 

Latitude 0.19 

Soil PC 5 0.14 

Annual Mean Temperature 0.11 

Soil PC 3 0.07 

Acacia Density 0.04 

 

Additional confidence on the explanatory power of retained environmental factors in the best model was 

also reflected in the weighted importance of each factor estimated across all evaluated models (although Soil PC 

4 is slightly more important than Soil PC 2 across all models). More specifically, Mean Annual Rainfall, Soil PC 

1 and Host tree size were weighted with high importance when summing across all models that contained them 

(0.80 or higher), and all other factors had considerably lower summed Akaike weights (0.36 or lower; Table 1). 

Abiotic factors, mean annual rainfall and soil PC 1 had the highest importance (Table 1, 0.97), Acacia tree 

diameter also had a high importance (0.80), indicating that plant size (in addition to abiotic factors) is a strong 

predictor of rhizobial diversity. 
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Though AICc can choose the best model out of the set of models 

tested, it cannot say how well that model fit the data in an absolute sense. 

We found that the best model fit the 16S read data fairly well when we 

examined its residuals and its predicted values. We used Dunn-Smyth 

residuals, which are designed to deal with non-gaussian integer responses 

(Dunn and Smyth 1996; Warton et al. 2017). There was no evidence of 

violation of the assumptions of the GLMM (Figure S1), with good a good 

fit to normality of errors, and no evidence of non-homogeneity of variance. 

Predicted read counts from the models, when summarised at individual tree 

samples, showed a strong relationship with the observed read counts 

(Pseudo-R2 = 0.85; figure S2).According to our best model, Annual Mean 

Rainfall, Soil PC 1, Host Tree Diameter, and Soil PC 2 predicted rhizobial 

diversity at two broad levels: 1) at the unique 16S read level, and 2) at the 

major clade level (i.e. taxonomic level) (Figure 2 and 3). We describe these 

responses in greater detail below.     

Host tree diameter predicts rhizobia diversity within and 

among sites 

We found a greater likelihood of observing more clades and unique 

16S reads (Figure 2) from soil sampled at the base of larger A. acuminata 

trees. Furthermore, the likelihood of detecting a higher diversity of 16S read 

sequences within the Rhizobiaceae clade increased as tree size increased 

(Table 2; Figure 2). These analyses generally indicate that diversity among 

Figure 2. Total and clade level unique 16S read diversity responses to Acacia tree size Acacia tree 
diameter.  Estimates are based on model predictions, controlling for other correlated effects (soil 
chemistry).  95% confidence bands are based on parametric boot bootstrapping. Bottom panel shows 
the predicted mean and 95% confidence interval for Gini-Simpson diversity of clades as a function of 
tree diameter. The Gini-Simpson metric measures the probability that two randomly drawn reads 
belong to different clades.   
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and within clades was higher in larger trees, where changes in diversity patterns were being driven entirely by 

the presence or absence of unique reads within Rhizobiaceae. 

We further analyzed the possibility that Rhizobiaceae were more likely to occur at higher diversity in 

larger tree hosts within or among sites. In other words, was there evidence that higher diversity observed in larger 

trees was because some sites generally had larger Acacia trees, or was there evidence that even within sites of 

variable tree size, a higher diversity of rhizobia could still be observed at larger trees? As with the previous 

analyses, our results consistently show strong diversity responses in Rhizobiaceae, especially at the site level 

(Table 3). However, we also found a greater probability of observing higher Rhizobiaceae diversity (Table 3) for 

larger trees that occurred within a given site. In total, our analyses on the effects of tree size on rhizobia diversity 

show with confidence that Rhizobiaceae is much more likely to be present in larger trees, and this diversity sorting 

effect was even predictive for larger trees within sites when other highly localized factors (soil characters) are 

also included in the analyses. 

Table 2. Final ‘best’ generalized linear model (according to AICc), modelling the presence or absence 
of all unique 16S reads occurring in the metagenomic sample using clade specific diversity responses 
to environmental factors as predictors. 

Fixed Effects Estimate z value P(>|z|)  

    

Bradyrhizobiaceae (Intercept) -2.868 - - 

Rhizobiaceae (Intercept) -4.543 - - 

Bradyrhizobiaceae:Tree_diam -0.0073 -0.099 0.921 
Rhizobiaceae:Tree_diam 0.514*** 4.066 <0.0001 

Bradyrhizobiaceae:Env_ann_rain 0.284*** 2.598 0.0094 

Rhizobiaceae:Env_ann_rain -0.536*** -2.642 0.0082 

Bradyrhizobiaceae:Soil_1 -0.140 -1.389 0.164 
Rhizobiaceae:Soil_1 0.622*** 3.860 0.00011 

Bradyrhizobiaceae:Soil_2 0.0144 0.149 0.881 
Rhizobiaceae:Soil_2 -0.356164** -2.426 0.015 

   

Random Effects 
Number of 

Levels 
Estimated Variance Standard Deviation 

Site 24 0.147 0.383 
Tree 72 0.030 0.173 
Unique Read 95 1.856 1.362 

Note: *p<0.1; **p<0.05; ***p<0.01 
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Rainfall predicts rhizobia clade diversity 

We generally found strong patterns of rhizobia diversity associated with rainfall, with Bradyrhizobiaceae 

and Rhizobiaceae showing differential responses (Figure 2). We observed more clades at drier sites. When we 

Figure 3. Total and clade level unique 16S read diversity responses to rainfall and soil chemistry.  
Estimates are based on model predictions, controlling for other effects.  95% confidence bands are 
based on parametric bootstrapping. Bottom panel shows the predicted mean and 95% confidence 
interval for Gini-Simpson diversity of clades as a function of the same factors. The Gini-Simpson 
metric measures the probability that two randomly drawn reads belong to different clades. Soil PC1 
and Soil PC2 are the first two axes from a principal components analysis on 22 soil variables. 
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examined the diversity patterns of unique reads within each clade, we found that Rhizobiaceae had a greater 

number of unique reads at sites with low rainfall. In contrast, our fitted model shows a greater number of unique 

Bradyrhizobiaceae reads at high rainfall. When examining the net effect of all unique reads, we found higher 

genetic diversity at wetter sites (Figure 2). In total, our rainfall results are similar to tree size in that Rhizobiaceae 

occurrences and diversity appear to be limited to more restricted conditions (i.e. drier sites), while 

Bradyrhizobiaceae occur along the entire rainfall gradient, and showing higher levels of diversity at wetter sites, 

the net effect translating into higher total unique read diversity at wetter sites.   

 

Soil characteristics predict rhizobia diversity within and among sites 

We found strong patterns of diversity associated with soil characteristics. Similar to rainfall and host tree 

diameter responses, we found clade level diversity responses. However in contrast to rainfall and host tree 

diameter responses, we did not find any strong total read responses associated with soil PC1 and PC2. These 

results generally indicate a compositional shift in clades, but no general pattern of increase or decrease in diversity 

in response to soil characters. Generally, soil PC1 was quite weighted evenly by most chemical related factors 

variables, while PC2 was more uniquely weighted by physical factors compared to PC1 (soil texture and particle 

size; Figure S3). Further inspection of soil PC1 and PC2 indicate that PC1 is more strongly correlated with mean 

annual rainfall, while soil PC2 is more strongly associated with tree diameter (Table S3).       

 

Discussion 

In this study, we evaluated the effect of plant size on the diversity of rhizobial symbiont communities 

across variable abiotic climate and soil conditions within a single dominant legume species. In summary, we 

found that soil at the base of larger Acacia trees hosted a higher diversity of rhizobia. Specifically, we found that 

larger trees had a higher Simpson diversity index at the taxonomic clade level as well as at the unique 16S read 

level. Out of the 3 major taxonomic clades we identified in this study (Fig 1) Bradyrhizobiaceae was equally 

likely to be present across all host plant sizes. Therefore the increase in the diversity was primarily  
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Table 3. Final ‘best’ generalized linear model, modelling the presence or absence of all unique 16S 
reads occurring in the metagenomic sample using clade specific diversity responses to environmental 
factors as predictors. This model simultaneously accounts for variation within sites and between site 
effects by incorporating predictor values representing site-level means (“_mean”), as well as individual 
Acacia tree-level deviations from the site-level means (i.e. within-site effects; “_dev”) for each factor 
(except rainfall, which as a climate factor, did not differ between trees within a site).  

 

 Estimate z value P(>|z|)  

Bradyrhizobiaceae (Intercept) -2.90 - - 

Rhizobiaceae (Intercept) -3.28 - - 

Bradyrhizobiaceae:Tree_diam_mean 0.01928 0.081  0.94 
Rhizobiaceae:Tree_diam_mean 1.77*** 3.982 < 0.0001 

Bradyrhizobiaceae A:Tree_diam_dev -0.01 -0.118 0.906 
Rhizobiaceae:Tree_diam_dev 0.59649*** 3.041 0.002 

Bradyrhizobiaceae A:Env_ann_rain 0.328*** 2.648 0.00809 

Rhizobiaceae:Env_ann_rain -0.52012** -2.166 0.030 

Bradyrhizobiaceae A:Soil_1_mean -0.012 -0.170 0.866 
Rhizobiaceae:Soil_1_mean 0.492** 2.082 0.037 

Bradyrhizobiaceae A:Soil_1_dev 0.0135 0.082 0.935 
Rhizobiaceae:Soil_1_dev 1.072*** 2.845 0.0044 

Bradyrhizobiaceae A:Soil_2_mean -0.075 -0.604 0.546 

Rhizobiaceae:Soil_2_mean -0.33007 -1.612 0.107 

Bradyrhizobiaceae A:Soil_2_dev 0.154 0.828 0.408 
Rhizobiaceae:Soil_2_dev -1.104** -2.374 0.0176 

Random Effects Number of Levels Estimated Variance Standard Deviation 

Site 24 0.14 0.37 
Tree 72 0.024 0.16 

Unique Read 95 1.86 1.36 

Note: *p<0.1; **p<0.05; ***p<0.01 

 

driven by the presence or absence of Rhizobiaceae, which were much more likely to occur at the base of larger 

Acacia trees. Furthermore, when we examined the relationship between tree size and rhizobial diversity within 

each clade, we found a higher diversity of unique reads within Rhizobiaceae from soil found at larger trees, 

indicating that tree size also affected cryptic genetic variation. While accounting for other abiotic factors that also 

potentially covaried with host plant size, we found that climate (mean annual rainfall) and edaphic conditions 

were strongly associated with compositional shifts and that Rhizobiaceae in particular was highly responsive to 
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changes in environmental conditions. This suggests that Rhizobiaceae generally has a much narrower 

environmental range compared to Bradyrhizobiaceae, but its response to tree size was distinct to other 

environmental factors. 

Larger Acacia trees (on average) tend to be found at wet sites (Table S2), but even after incorporating 

rainfall into our analyses, tree size was still a strong determinant of rhizobia communities. In fact, our analyses 

showed that rainfall was negatively associated with Rhizobiacea diversity, such that the direct effect of rainfall 

and its indirect effect through its positive association with host size seem to be driving rhizobia diversity in 

opposing directions. We also showed that the tree size affect was as strong at the local within-site level as it was 

at the regional between-site level using a statistical method known as contextual analysis (Table 3), making it less 

likely that the effect is driven by a large-scale unmeasured confounding factor, and consistent with a mechanism 

driven by local-scale processes. We are not aware of many previous uses of this statistical method in ecology (but 

see Bradford et al. 2017), but a related method has been used in evolutionary biology – contextual selection 

analysis – designed to distinguish group selection from individual-level selection coefficients (Goodnight, 

Schwartz, and Stevens 1992). However, the method is well established in the social sciences (e.g. Davis, Spaeth, 

and Huson 1961; Enders and Tofighi 2007; Gelman et al. 2008; Snijders and Bosker 2011; Bell, Jones, and 

Fairbrother 2017), and would appear to have great potential in ecology, given that it allows modelling and testing 

of different effects of predictors at different scales. Rhizobial diversity patterns also responded strongly to local 

soil chemistry, in addition to larger scale factors acting at the regional site level (i.e. mean annual rainfall) (Table 

3). 

The finding that larger legumes have higher symbiotic microbe diversity in the surrounding soil has 

several implications for the community assembly processes of mutualistic microbes, which we discuss below. 

Our results are consistent with the hypothesis that as trees grow in size or age, they modify the habitat of 

their surrounding soil, generating niches that can support higher rhizobial diversity. This may therefore constitute 

an empirical example of niche construction, where an organism modifies its existing habitat and subsequently 

imposes selective forces on other interacting organisms (e.g. bacteria in the rhizosphere) at the community level 

(Odling-Smee et al. 2013). Modification of a plant’s own rhizosphere is by definition a highly local process and 

previous studies have shown that rhizobial population dynamics are also highly localized in that rhizobial 

population density is much higher in the immediate vicinity of legume roots, while soil meters away contains 
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significantly fewer rhizobia (Parker, Malek, and Parker 2006). Consistently, we find that the influence of tree size 

on rhizobial community assembly is also highly localized, since our results indicate that rhizobia (and 

Rhizobiaceae in particular), are strongly responsive to within-site variation in tree size.     

How Acacia acuminata or other plants actively or passively modify their rhizosphere requires further 

investigation. However, our data indicates a shift in soil chemical composition as a potential modification 

pathway, since we found that soil PC2 strongly predicts Acacia tree size (Table S2), and that one of the unique 

characteristics of PC2 is a much higher loading of ammonia (NH3) and iron (Figure S3). Prober et al. (2011) also 

found high levels of ammonia and iron at the base of Acacia acuminata sampled from soil in the same woodland 

habitats (i.e.York-gum jam woodlands). Given that iron has been identified as a critical and limiting element for 

nitrogen-fixation (Brear, Day, and Smith 2013), and that ammonia is a known product of biological nitrogen 

fixation reaction that can be utilized by legumes, our results raise the possibility that legumes are modifying 

chemical aspects of their rhizosphere to enhance nitrogen-fixation function and increase recruitment success of 

nearby legume seedlings. However, our study also demonstrates that other unmeasured changes associated with 

increasing tree size are likely to be taking place, given that tree size is still strongly explanatory even after 

controlling for soil conditions in our analyses.   

Apart from niche-driven differences, our results could also be explained by differences in dispersal 

capacity or competitive ability among rhizobial clades or taxa (Bissett et al. 2010). Given the wide distribution 

of Bradyrhizobiaceae, it is possible that Bradyrhizobiaceae has a much higher dispersal, establishment or 

competition capability and thus may be more important for new Acacia seedling recruitment, which is also 

consistent with the observation that Bradyrhizobium is more frequently found across Australia compared to 

Rhizobium (Lafay and Burdon 1998). If Rhizobiaceae has a slower dispersal or recruitment rate, it may only begin 

to become common in older plants, which have had more time to accumulate rhizobia lineages. 

The explanations above assert that rhizobial taxa exhibit different characteristics or particular habitat 

preferences. In contrast, species equivalency is one of the key assumptions of metacommunity dynamics in the 

context of neutral theory (Hubbell 2001), and is of increasing interest in microbial ecology (Dumbrell et al. 2010). 

Generally, we find the assumption of equivalency among our identified rhizobial clades unlikely. More 

specifically, under the assumption of neutrality, and its prediction of high diversity with larger area, we would 

expect a relationship with total unique reads and host size, but no relationship between clade diversity and host 
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size, since differential clade level responses imply non-neutral, higher level phylogenetic organization driving 

community assembly patterns. However, we found both unique read and clade level diversity associated with 

host size and strong clade specific responses to different abiotic conditions (climate and soil characteristics), 

suggesting that clades are not equivalent (although equivalency may hold within clades). More specifically, 

Rhizobiaceae appears to occur over a much narrower range of edaphic and climate conditions. Previous studies 

also find that differences in abiotic growth conditions is variable among rhizobial taxa and strains (Li et al. 2011; 

Han et al. 2009; Thrall, Bever, and Slattery 2008; Vuong, Thrall, and Barrett 2017), which together imply that 

species equivalency is unlikely in natural rhizobia populations. Together, these results build a stronger case for 

niche driven differences that will benefit from further experimental work. 

Few studies thus far have sought to explicitly examine the impact of plant size on microbial diversity 

among natural natural plant populations (though see Meaden, Metcalf, and Koskella 2016), despite the 

recognition that variation in plant size (reflected by either  the productivity or age of the habitat) is a prominent 

and highly dynamic feature of plant communities (i.e. natural forest stands are always a mixture of different age 

stages). Previous manipulative transplant work has shown that soil microbe communities change during the 

course of plant development (Wagner et al. 2016; Philippot et al. 2013), implying that plant age is likely to be 

generally important for microbes. At the same time, other manipulative studies have shown that inoculating 

legumes with a higher diversity of rhizobial strains leads to decreased host plant performance (Simonsen, Chow, 

and Stinchcombe 2014; Barrett et al. 2015). If diversity of rhizobia does reduce plant growth (perhaps due to 

interference effects) this opens the interesting possibility that the increase in diversity with larger plants could 

lead to a negative feedback effect that will eventually limit the ability of an Acacia tree to grow larger. 

To our knowledge this is the first ecological study to demonstrate a positive relationship between legume 

plant size and naturally occurring symbiotic rhizobial diversity. In addition to demonstrating a positive 

relationship between plant size and soil symbiont diversity, our study also demonstrates that the effect of tree size 

on microbial diversity is sufficiently strong that it can even be detected across a large complex landscape of high 

climate and soil variability. Together, these studies contribute to a growing body of evidence that plant size is 

important in structuring the diversity of soil microbe communities, and highlight the potentially important role 

of host size and age in modifying ecological processes in the rhizosphere. Finally, these studies provide additional 
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considerations that can be informative for future sampling design wishing to measure patterns of microbial 

diversity in natural populations.     
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Supplementary Information 
Supplementary Figures 
 
Figure S1. Dunn-Smyth Residuals from best model. Left panel shows quantile-quantile plot, showing model residuals match 
assumptions of normality nearly perfectly. Right plot shows that there is no evidence of non-homogeneity of variance in the residuals 
with respect to the predicted values. 
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Figure S2. Goodness-of-Fit for best model. Total Pseudo-R2 = 0.85. Panels show predicted vs. observed read counts within samples 
from individual Acacia trees for each of the two clades and the total.  
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Figure S3. Soil PC 1 and Soil PC2 biplot. 
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Supplementary Tables 
 
Table S1. Soil PC loadings.  
 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 PC11 

Soil_moisture 0.125 -0.156 -0.176 0.297 -0.390 0.151 0.148 -0.562 0.290 -0.307 0.057 

Soil_gravel -0.004 -0.210 0.212 0.430 0.077 0.033 -0.567 0.089 -0.191 -0.340 0.167 

Soil_texture 0.076 -0.230 0.189 0.444 -0.034 0.300 -0.130 -0.148 -0.178 0.524 -0.287 

Soil_ammonia 0.196 0.323 0.094 -0.176 0.003 0.099 -0.227 -0.229 -0.042 -0.135 -0.145 

Soil_nitrate 0.166 0.059 0.232 0.300 0.393 -0.415 0.163 -0.074 -0.098 -0.301 -0.036 

Soil_phosphorus 0.270 0.088 0.237 -0.041 0.165 0.002 -0.132 0.044 0.376 0.156 -0.561 

Soil_potassium 0.200 -0.317 0.168 -0.167 -0.218 -0.179 0.061 0.196 -0.117 -0.043 -0.082 

Soil_sulphur 0.239 0.273 -0.199 0.176 -0.131 -0.076 0.013 0.216 -0.127 0.113 -0.017 

Soil_carbon 0.267 0.095 0.298 -0.073 0.141 0.051 0.137 -0.094 0.353 -0.030 0.143 

Soil_conductivity 0.224 0.261 -0.268 0.198 -0.153 -0.114 -0.007 0.174 -0.057 0.035 -0.007 

Soil_PH_c 0.221 -0.259 -0.252 0.032 0.258 0.081 0.038 0.029 0.034 0.172 0.309 

Soil_PH_h 0.180 -0.314 -0.217 -0.128 0.263 0.170 0.046 -0.071 0.064 0.233 0.123 

Soil_copper 0.175 -0.296 0.032 -0.154 -0.393 -0.251 0.005 -0.109 -0.130 -0.021 -0.149 

Soil_iron 0.007 0.221 0.355 -0.071 -0.047 0.332 0.405 -0.220 -0.518 0.009 0.062 

Soil_manganese 0.200 0.155 0.059 -0.165 -0.046 -0.415 -0.333 -0.427 -0.194 0.382 0.313 

Soil_zinc 0.191 0.102 0.203 -0.247 -0.215 0.421 -0.361 0.207 0.127 -0.112 0.293 

Soil_aluminium -0.106 0.085 0.394 0.307 -0.282 -0.167 0.214 0.188 0.364 0.298 0.362 

Soil_calcium 0.333 -0.075 0.034 -0.039 0.211 -0.036 0.055 -0.127 0.080 -0.080 0.164 

Soil_magnesium 0.334 0.047 -0.112 0.099 -0.087 0.125 0.090 0.008 0.002 -0.138 -0.136 
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Soil_potassium_t 0.206 -0.311 0.169 -0.177 -0.198 -0.139 0.085 0.212 -0.097 -0.069 -0.065 

Soil_sodium 0.256 0.244 -0.243 0.164 -0.157 -0.008 -0.015 0.147 -0.050 0.048 -0.002 

Soil_boron 0.302 -0.043 0.043 0.077 0.125 0.171 0.221 0.246 -0.206 -0.039 0.146 

 PC12 PC13 PC14 PC15 PC16 PC17 PC18 PC19 PC20 PC21 PC22 

Soil_moisture -0.015 0.188 -0.043 0.205 -0.108 -0.173 0.013 -0.155 0.019 -0.019 0.011 

Soil_gravel 0.182 0.274 0.152 -0.207 0.179 0.025 -0.048 -0.021 -0.037 0.000 -0.001 

Soil_texture -0.070 -0.297 -0.251 -0.040 -0.146 0.030 0.077 -0.012 0.053 -0.027 -0.015 

Soil_ammonia 0.142 -0.189 0.403 -0.288 -0.561 -0.107 0.182 0.017 -0.015 -0.018 0.018 

Soil_nitrate -0.456 -0.223 0.010 0.184 -0.170 0.046 -0.147 -0.127 -0.056 0.006 -0.038 

Soil_phosphorus -0.052 0.381 0.175 0.218 0.227 -0.216 -0.008 0.051 -0.081 0.028 0.006 

Soil_potassium -0.015 0.175 -0.157 -0.070 -0.273 -0.028 -0.071 -0.050 0.087 0.156 0.696 

Soil_sulphur -0.052 0.118 0.174 0.037 0.102 0.153 0.220 -0.486 0.554 -0.158 0.019 

Soil_carbon 0.226 -0.146 -0.317 -0.479 0.184 -0.048 -0.303 -0.234 0.189 -0.083 -0.037 

Soil_conductivity -0.108 0.069 -0.213 -0.226 0.014 -0.185 -0.003 0.126 -0.467 -0.549 0.130 

Soil_PH_c -0.293 0.057 0.226 -0.169 -0.038 -0.448 -0.060 0.356 0.343 0.008 -0.015 

Soil_PH_h -0.063 0.163 0.282 -0.083 -0.113 0.381 -0.157 -0.406 -0.398 -0.066 0.011 

Soil_copper -0.094 -0.421 0.361 -0.157 0.468 -0.089 0.003 -0.056 -0.114 0.001 -0.068 

Soil_iron -0.185 0.345 0.102 -0.121 0.192 -0.030 -0.023 0.048 -0.061 0.004 0.015 

Soil_manganese 0.140 0.136 -0.116 0.262 0.012 0.011 -0.177 0.060 0.022 -0.012 -0.023 

Soil_zinc -0.448 -0.189 -0.103 0.286 0.024 0.034 -0.041 -0.067 -0.043 -0.044 0.007 

Soil_aluminium 0.024 0.022 0.349 -0.020 -0.131 0.109 0.087 0.126 -0.119 0.027 0.019 

Soil_calcium 0.030 -0.014 -0.189 -0.034 0.190 0.235 0.764 0.183 -0.097 0.108 0.089 
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Soil_magnesium 0.135 -0.064 0.111 0.096 0.028 0.561 -0.343 0.528 0.176 -0.083 0.034 

Soil_potassium_t 0.013 0.255 -0.174 -0.041 -0.310 0.026 0.084 0.032 0.050 -0.151 -0.667 

Soil_sodium -0.067 0.047 -0.120 -0.180 -0.011 -0.030 -0.116 -0.038 -0.204 0.769 -0.187 

Soil_boron 0.537 -0.218 0.092 0.438 -0.003 -0.330 -0.025 -0.104 -0.152 -0.001 0.002 

 
 
 
 
Table S2. Tree diameter, as predicted by other important predictors identified during model selection analyses.   

 Estimate t value P(>|t|)  

Intercept 0.47 - - 

Mean Annual Rainfall 0.010* 2.786 0.011 

Soil_PC1 -0.16 -1.296 0.20 
Soil_PC2 0.49** 3.138 0.0038 

Random Effects Number of Levels Estimated Variance Standard Deviation 

Site 24 0.68 0.83 
Note: *p<0.1; **p<0.05; ***p<0.01 

 
 
 
 
Table S3. Correlation matrix among variables retained in best model (based on AIC). Bottom diagonal are spearman correlation 
coefficients and upper diagonals are p-values.  
 
                Tree_diam_true  Annual Rainfall Soil_PC1        Soil_PC2 
Tree_diam_true           0.0145   0.9569   0.0034 
Annual Rainfall       0.2871          0.0007   0.8780 
Soil_PC1          -0.0065     0.3917       1.0000   
Soil_PC2           0.34078    -0.0184   0.000     
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