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Methods 6 

Processing of the sequences 7 

Per sample fastq files of 16S metagenome amplicon sequences were kindly provided by the 8 

authors of the different studies [1, 6]. The reads were quality filtered for single end reads with 9 

sickle [7], and bases below phred score 36 and shorter than 100bp were trimmed. Only high 10 

quality filtered reads were mapped to full length 16S sequences from the Silva 119 release [8] 11 

using the usearch global algorithm implemented in VSEARCH version 1.9.6 [9]. The 12 

alignment results were directly converted to BIOM format using biom version 2.1.5 [10]. 13 

Consensus/majority taxonomy was added as metadata to the biom file. Finally, all BIOM files 14 

of each dataset were merged using Qiime version 1.9.1 [11]. The Silva 119 reference 15 

phylogenetic tree provided by Qiime (clustered at 97%) was filtered using the Qiime 16 

command filter_tree.py to keep Bacteroidetes taxa which were present only in wild plants. 17 

Subsequently, we built phylogenetic trees using the Phyloseq package in R, and for graphic 18 

purposes only branches with a relative abundance higher than 0.1% from the total amount of 19 

reads were kept. 20 

 21 

Description of plant and soils used in the studies 22 

In the study by Pérez-Jaramillo et al., 2017 [6], the wild and modern common bean accessions 23 

(Phaseolus vulgaris) were cultivated in the same soil in a pot trial under the same climatic 24 

conditions followed by characterization of the rhizosphere microbiome composition. For 25 



Cardinale et al., 2015 [4],  it is described in the main text that the experiments with Lactuca 26 

serriola, wild relative of lettuce, and four subspecies of L. sativa were done in the field in an 27 

experimental farm in Austria, followed by characterization of the rhizosphere microbiome 28 

composition. Nevertheless, the description of soil characteristics is not provided and therefore 29 

it is not possible to describe growth conditions for the plants neither. In the study by Zachow 30 

et al., 2014 [2], wild beet plants were collected in the drift line at the Mediterranean Sea coast 31 

in Slovenia. From the same region, soil from the coastal drift line was collected and used 32 

under unspecified greenhouse conditions in order to grow domesticated beet in the same soil 33 

than wild beet. For the study by Schlaeppi et al., 2014 [1], several field experiments and 34 

greenhouse experiments were done and four different types of soil were used. The root 35 

microbiome composition was characterized for Arabidopsis thaliana, Cardamine hirsuta, A. 36 

halleri and A. lyrata, while the rhizosphere microbiome composition was characterized for A. 37 

thaliana and C. hirsuta. The latter is an Arabidopsis relative species which diverged ∼35 Mya 38 

and is phylogenetically the most distant species. Finally, in the study by Bulgarelli et al., 2015 39 

[3], the microbiome composition of root and rhizosphere compartments of wild barley 40 

(Hordeum vulgare spp. spontaneum), a landrace and a modern variety of barley (H. vulgare 41 

spp. vulgare) were characterized. For this, two pot trials were performed with the three plant 42 

accessions in soils that were collected in the same location in two different years. All the 43 

information about plant accessions, soil type and experimental conditions are described in the 44 

supplementary tables S1 and S2.   45 

 46 

Statistical analysis 47 

In order to compare the different datasets we rarefied the OTU table up to 500 reads, which 48 

was the sequencing depth that allows us to work with most of the data sets available. All the 49 

data sets were included except for the data of Leff et al., 2017, for which sequencing depth, 50 



after processing with the method described above, did not reach the threshold implemented. 51 

For Alpha diversity metrics, the command alpha_diversity.py in Qiime was applied and the 52 

output files were retrieved and plotted in R using the package ggplot2 (v.2.0.0) [12]. As we 53 

did not observe significant differences in alpha diversity indexes between wild and 54 

domesticated accessions of the same plant species, the data was merged per plant species in 55 

order to illustrate exclusively differences between compartments (root/rhizosphere). For beta-56 

diversity calculations, a Bray–Curtis dissimilarity matrix was calculated and used it to build 57 

Principal Coordinate Analyses and Permutational multivariate analyses of variance (Adonis 58 

function) were performed to evaluate the significance of the variables tested, both retrieved 59 

from Phyloseq (v.1.10) [13] and Vegan (v.2.4-4) [14]. For the OTU level analysis, the 60 

function calculateEffectiveSamples from the metagenomeSeq R package (v.1.12) [15] was 61 

applied to the filtered OTU table and features with less than the average number of effective 62 

samples in all features were removed. For the analysis at OTU level, we used normalized 63 

tables applying a cumulative-sum scaling normalization. Then, a Zero-Inflated Gaussian 64 

Distribution Mixture Model was applied using the fitZig function from metagenomeSeq. With 65 

the coefficients from the model, we applied moderated t-tests between accessions using the 66 

makeContrasts and eBayes commands retrieved from the R package Limma (v.3.22.7) [16]. 67 

Obtained P-values were adjusted using the Benjamini–Hochberg correction method. 68 

Differences in the abundance of taxa between accessions were considered significant when 69 

adjusted P-values were lower than 0.05 at OTU level. Treemap (v.3.7.3) was used to visualize 70 

the significantly abundant OTU’s, the taxonomy, the adjusted P-value and per mil relative 71 

abundance in bubble graphs, in which the size of the bubbles indicates the relative abundance 72 

per hundred of the raw read counts.  73 
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