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Resumo 

VIEIRA, L. D. Metagenômica de solos em paisagens agrícolas no Cerrado. 2022. 70 

f. Tese (Doutorado em Genética e Biologia Molecular), Instituto de Ciências 

Biológicas, Universidade Federal de Goiás, 2022. 

A comunidade microbiana no solo é altamente diversa e é composta principalmente de 

bactérias e fungos, sendo, a maioria dessas espécies ainda não descrita. Nesse trabalho 

nós objetivamos compreender os efeitos da composição da paisagem na diversidade da 

microbiota do solo. Especificamente, nós analisámos os efeitos da paisagem e de 

variáveis do solo na diversidade taxonômica e funcional da microbiota em paisagens 

agrícolas no Cerrado. Com o programa Kraken 2 nós conseguimos classificar uma 

média de 7.600 espécies com mais de 10 mil OTU (unidade taxonômica operacional, no 

inglês) classificadas por sítio de coleta e o programa Bracken reclassificou essas 

sequências para uma média de aproximadamente 3.800 espécies por sítio. As sequências 

classificadas como Archaea foram na sua maioria atribuídas ao filo Euryarchaeota e as 

sequências bacterianas foram predominantemente atribuídas aos filos Proteobacteria e 

Actinobactéria. A classificação com o MG-RAST utilizando a base de dados SEED 

subsystems classificou mais de 8,2 milhões de reads por sítio dentro das 28 categorias 

funcionais. Quanto aos índices de diversidade alfa, variáveis do solo e de paisagem 

influenciaram negativamente a diversidade Shannon, assim como o índice de riqueza de 

Margalef, as diversidades filogenéticas MPD e MNTD, além de riqueza e abundância de 

Archaea e Bacteria. Para a diversidade beta, encontramos uma interação significativa 

com variáveis da paisagem de forma do fragmento (APSI, do inglês average patch shape 

index), porcentagem de pastagem, de habitat e de floresta, e contaminação por crómio 

(Cr). Considerando todos os nossos resultados, nós encontramos um perfil taxonômico 

de Archaea e Bacteria de solos alterado pela paisagem agrícola. Além disso, os altos 



 

valores dos índices de diversidade alfa contrastando com os baixos valores dos índices 

de diversidade beta indicam alterações na riqueza das espécies e a sua heterogeneidade. 

Em conclusão, APSI e Cr são as duas variáveis preditivas que melhor explicam a 

diversidade e riqueza de Archaea e Bacteria em paisagens agrícolas no Cerrado. Nós 

verificámos que o uso intensivo da terra para a agricultura aumenta a riqueza e 

abundância de espécies de microrganismos do solo, reduzindo simultaneamente a sua 

diversidade. 

Palavras-chave:  

Estrutura da paisagem; Crómio; Diversidade taxonômica; Archaea; Bacteria.



 

Abstract 

VIEIRA, L. D. Soil metagenomics in agricultural landscapes in the Cerrado. 2022. 

70 s. Thesis (PhD in Genetics and Molecular Biology), Instituto de Ciências Biológicas, 

Universidade Federal de Goiás, 2022. 

The microbial community in the soil is highly diverse and is composed mainly of 

bacteria and fungi with most of these taxa currently undescribed. Here we aimed to 

understand the effects of landscape composition on soil microbiota diversity. 

Specifically, we analyzed the effects of landscape and soil variables in the composition, 

taxonomic, phylogenetic and functional microbial diversity in Cerrado agricultural 

landscapes. Kraken 2 was able to classify a mean of 7,600 species with more 10 

thousand OTU classification per site and Bracken reclassify it to a mean of 

approximately 3,800 species per site. Archaea sequences were mostly assigned to the 

highly diverse phylum Euryarchaeota and bacterial sequences were predominancy 

assigned to the phyla Proteobacteria and Actinobacteria. MG-RAST classification using 

the SEED subsystems database classified over 8.2 million reads per site within the 28 

functional categories. Regarding alpha diversity indexes, soil and landscape variables 

negatively influenced Archaea and Bacteria species Shannon diversity index, Margalef 

richness index, MPD and MNTD phylogenetic diversities, richness and abundance. For 

beta diversity, we found significant interaction with landscape variables of (APSI), 

percentage of pasture, habitat and forest, and local variable chromium (Cr). Taken 

together, our results show a taxonomical profile for Archaea and Bacteria of disturbed 

soils caused by changes in the landscape use. Also, the high values of alpha diversity 

indexes contrasting with the low values of beta diversity indexes indicate changes in 

species richness and its heterogeneity. Lastly, APSI and Cr are the two predictive 

variables that better explained the diversity and richness of Archaea and Bacteria in the 



 

Cerrado agricultural landscapes. We found that intensive land use for agriculture 

increases the species richness and abundance of soil microorganisms while reducing 

their diversity. 

Keywords: 

Landscape structure; Chromium; Taxonomic diversity; Archaea; Bacteria.
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Introduction 

 Natural landscapes have been transformed into agricultural landscapes all over 

the world, with approximately 11% of the planet’s land area covered by crops, and other 

30% devoted to pasture (Raven & Wagner, 2021). Expansion and intensification of 

agriculture in tropical areas, marked by a continued loss and rapid alteration of old 

rainforests, woodlands and semi-arid environments have caused conflicts between food 

production and nature conservation (Laurance et al., 2014). Agricultural intensification 

may threaten biodiversity due to the loss of undisturbed habitats, landscape 

homogenization, and the use of agricultural chemicals (Medan et al., 2011). Agriculture 

intensification may also affect the soil microbiota community, altering the composition 

and abundance of Archaea and Bacteria, and thus affecting key ecosystem functioning 

(Zhou et al., 2021). 

Soil microorganisms may play different roles in the ecosystem, from soil 

formation to nutrient input, affecting plant recruitment and growth (Schulz et al., 2013). 

The functional diversity of microbial communities can influence the stability, 

productivity, and resilience of the ecosystem in relation to stress and disturbance 

(Torsvik & Øvreås, 2002). Agricultural management might lead to a reduction in 

microbiome relative abundance (Ohigashi et al., 2021) and taxonomical and functional 

diversity (Muñoz-Arenas et al., 2020). The loss of microbial diversity in the soil can 

compromise key specialized functions such as organic matter decomposition (Singh et 

al., 2014) and reduction of heavy metal contamination (Wu et al., 2006; Kudo et al., 

2013). 

 Vegetative ground cover can strongly influence the diversity and structure of the 

soil bacterial community (Chu et al., 2011), but land use changes have contrasting 

effects. For instance, the conversion of grassland to arable fields did not affect diversity 
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or the abundance of nitrogen-fixing bacteria (French et al., 2017), but the transformation 

of tropical forests in rubber plantation lead to an increase of Operational Taxonomic 

Unit (OUT) and Shannon index of bacterial community (Lan et al., 2017). Such effects 

could be explained by the fact that landscape composition can alters the microbiome 

composition. In particular, flowering cabbage fields promote the predominance of 

Gammaproteobacteria class while Brassica fields can lead to the predominance of 

Bacilli class (Kumar et al., 2022). Most studies have looked for changes in microbiome 

composition given the effect of local factors such as vegetation cover composition 

(Montagna et al., 2018; Keet et al., 2019), heavy metal contamination (Zhong et al., 

2022), and fertilizer addition (Li et al., 2019). In particular, no studies have evaluated 

the effect of landscape composition on the structure and diversity of Archaea and 

Bacteria. 

 Soil nutrients and structure play important roles in microbial community 

composition and diversity (Wolińska et al., 2017), but this association may be altered 

due to agriculture intensification (Veldkamp et al., 2020). Nutrients like phosphorus and 

potassium change at forest patch edge and are influenced by the vegetation type and 

pedogenesis, respectively (Schröder & Fleig, 2017). In addition, agriculture 

intensification can also lead to soil heavy metal contamination due to the use of high 

amounts of agrochemicals (Slimane & El-Hafid, 2021). Heavy metal contamination 

changes microbial community composition and diversity, and also influences 

population density and typical activity of soil microbiome (Ashraf & Ali, 2007). For 

instance, sites exposed to hexavalent chromium (VI) experience a large reduction in 

bacterial diversity, greater than sites exposed to arsenic (Sheik et al., 2012). 

 The high heterogeneity in soil and vegetation types in the Cerrado ecoregion 

implies a diverse profile in microbiome composition and diversity (Procópio & Barreto, 
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2021). The Cerrado already lost more than half of its natural vegetation cover (Colli et 

al., 2020), such factor has an important influence on the microbiome diversity and 

composition. In this ecoregion a few studies show the predominance of the phylum 

Proteobacteria followed by Actinobacteria in pristine and disturbed soils respectively 

(Quirino et al., 2009). In Cerrado savannas the main genus found were Bradyrhizobium, 

Azospirillum and Rhizobium (Catão et al., 2014; Souza et al., 2016). 

 Here we address the effects of landscape structure and soil physicochemical 

characteristics on soil microbiota community in agricultural landscapes in the Cerrado 

ecoregion. We expect to find a soil microbiome (i) mainly composed by the phyla 

Proteobacteria, and (ii) with a functional profile consisting of a high number of reads 

assigned the categories of stress response and virulence, disease and defense. Because 

our sampling sites are predominantly surrounded by agricultural landscapes, and the 

change in vegetation cover can affect the functioning of the ecosystem (Potthast et al., 

2012). We expect that abundance, richness and diversity of Archaea and Bacteria are 

positively influenced (iii) by soil fertility, regardless of the vegetation type; (iv) by 

habitat amount (% habitat, % savanna, and % forest); (v) by landscape compositional 

heterogeneity (i.e., Shannon Diversity Index; SHDI). And negatively affected (vi) by 

the presence of heavy metal in the soil; (vii) by land cover change (% pasture and % 

agriculture); (viii) by fragmentation (higher number of patches); (ix) by the increase of 

patch complexity (higher Average Patch Shape Index; Shape Mean); and (x) by 

agricultural matrix dominance. 

Material and methods 

Study area 

The study area is part of the Long-Term Ecological Research (LTER) project 

called COFA-LTER (Functional Connectivity in an Agricultural Landscape), located in 
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Central-West Brazil in the Cerrado ecoregion (Figure 1). The area of this project is a 

mosaic composed of crops (mainly soybean and maize) and pasturelands (21.6%) 

interspersed by small remnants of natural vegetation, such as savannas (9.7%), riparian 

and seasonally dry forests (17.8%) and wetlands (1.1%, see details in Santos et al. 

2021). We mapped the land cover in the COFA-LTER landscape using visual 

digitalization and manual classification of high-resolution images of Google Earth from 

2019, freely available at the Geographic Information Systems QGis 2.4, with validation 

by field checking. The final map of the area corresponded to a 5 m spatial resolution, 

comprising 11 different land cover classes (Figure 1B): (i) water courses; (ii) savanna 

and open savanna; (iii) seasonal and riparian forests; (iv) wetland; (v) pasture; (vi) 

agriculture (corn or soybean); (vii) rural building; (viii) mining; (ix) urban area; (x) road 

and train rail, and (xi) Eucalyptus spp. plantation. 

Soil sampling design 

To survey the microbiome and estimate alpha and beta diversity we randomly 

selected 32 sampling sites in the COFA-LTER area (Figure 1B, Table S1). The 

sampling sites were in landscapes composed of different amounts of savanna, forests, 

agriculture and pasture (Figure 1B, Table S1). 

In each sampling site we collected soil for metagenomics and physicochemical 

analyses. We first cleaned the sampling site by removing the leaf litter on the soil 

surface. Soil samples were collected using an alcohol-sterilized auger to a depth of 

approximately 20 centimeters. Any visible root, plant material, or rock was manually 

removed before sieving the collected soil (2 mm sieve). For metagenomics, at each site 

we collected the soil and stored it in four sterile centrifuge tubes. For physicochemical 

analyses, we collected 500 grams of soil and stored it in clean and dry plastic bags. Soil 

samples were collected in January/2020.
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Figure 1. Geographical distribution of sampling sites in the COFA-LTER (Long-Term Ecological Research) study area. (a) The landscape in Central Brazil, in Goiás State 
(GO), within the Cerrado ecoregion (in gray). (b) Land cover composition. Black dots are the 32 sampling sites. (c) Example of multiscale approach used to calculate the 

landscape metrics, buffers of 100, 200, 500, 700, and 1000m. 
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Soil physicochemical analyses 

 For physicochemical analyses, we use the facility provided by SOLOCRIA 

Laboratory (Goiânia, BR). Soil physical composition was accessed by the amount of 

organic matter (g/dm3), percentage of clay, sand, and silt (g/Kg), and also the pH 

(CaCl2). For chemical composition, we obtained soil concentrations of cadmium (Cd, 

ppm), chromium (Cr, ppm), nickel (Ni, ppm), lead (Pb, ppm), exchangeable cations 

calcium (Ca2+, cmolc/dm3), magnesium (Mg2, cmolc/dm3), aluminum (Al3+, 

cmolc/dm3), and hydrogen (H+, cmolc/dm3), phosphorus (P, ppm), potassium (K, 

ppm), and zinc (Zn, ppm). In addition, we calculated cation exchange capacity (CEC, 

meq/100 ml soil) and percent base saturation (BS = [(Ca2+ + Mg2+ + K+)/CEC] × 

100). 

High-throughput DNA sequencing, raw data processing, and metagenome 

assembly 

 Soil DNA was extracted using the DNeasy PowerSoil Pro Kit (Qiagen, DK), 

following the manufacturer's instructions. DNA quality was checked and measured 

using a NanoDrop spectrophotometer (Thermo Fisher Scientific, US) at A260/280 nm. 

DNA sequencing was carried out in Novogene Corporation Inc. (Sacramento, CA), 

using the Nextera XT DNA Library Preparation Kit (Illumina, US) and Illumina 

NovaSeq 6000 to generate paired-end 2x150-bp reads. All reads were trimmed for 

adapters using Trimmomatic v. 0.39 (Bolger et al., 2014) with the following parameters 

and instructions: -phred33; base quality encoding; the “TruSeq3-PE-2” fasta file with 

adapters to be removed; removing nine bases, regardless of quality, from the beginning 

of the read; scanning the read with a 4-base wide sliding window, cutting when the 

average quality per base drops below 15; and dropping reads which are less than 36 

bases long after the above steps. Reads were checked before and after filtering with the 
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software FastQC v. 0.11.9 for quality control. With the filtered data we performed de 

novo shotgun assembly for each sampling site, using metaSPAdes with default 

parameters (Nurk et al., 2017). 

Taxonomy and functional assignment  

To assign the taxonomic profile to the sequences we analyzed the aligned 

metagenomes using Kraken 2 (Wood & Salzberg, 2014), with RefSeq Archaea and 

Bacteria database (accessed in April 2021). Then, we estimated taxa abundance for each 

sampling site with Bracken v. 2.7 (Lu et al., 2017), exclusively accepting taxa with 

more than 10 assigned sequences. Bracken files were generated for different taxa levels 

for further analysis. For results visualization we generated graphs using Pavian v.1.0 

(Breitwieser & Salzberg, 2020). The results from all sampling sites were concatenated 

using the combine_reports tool implemented in the suite KrakenTools v. 1.2 

(https://github.com/jenniferlu717/KrakenTools), and data visualization was done with 

Krona v. 2.8.1 (Ondov et al., 2011).  

Sequence annotation was performed in the Metagenomics Rapid Annotation 

with Subsystems Technology online server (MG-RAST) v. 4.0.3 (Meyer et al., 2008), 

accessed in May 2022, using the reads filtered and free from adapters. We used default 

settings and removed all possible host-specific sequences (e.g., human and mouse). For 

the functional assignment we used the following databases: the Clusters of Orthologous 

Genes (COGs, Tatusov et al., 1997); the evolutionary genealogy of genes: Non-

supervised Orthologous Groups eggNOG, Jensen et al., 2008); the KEGG 

ORTHOLOGY (KO, Kanehisa et al., 2016); and the SEED Subsystems (Overbeek et 

al., 2014). We also performed a taxonomical classification using the MG-RAST to 

compare with Kraken 2 classification. 
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The International Committee on Systematics of Prokaryotes (ICSP) changed 

bacteria and archaea phyla in the second half of 2021. Since we built our database 

before the changes, we used the previous phyla classification in our study (for more 

information see Oren et al., 2021; Oren & Garrity, 2021). 

Analyses of microbial community alpha and beta diversities 

 Using the complete Archaea and Bacteria dataset, which were assembled using 

the tool combine_reports (see above), we calculated the richness as the number of 

species present in each site. Meanwhile, abundance was calculated as the number of 

sequences assigned for each species in each site. Alpha diversity (the mean diversity of 

Archaea and Bacteria species in each site) was calculated as both indexes of Shannon 

and Simpson that were estimated using the function diversity, included in the R package 

vegan v. 2.6-2 (Dixon, 2003). Then, we estimated species evenness (describes the 

abundance distribution among species in a community), using the evenness function 

implemented in the R package tabula v. 1.8.0. We also estimated Margalef, and 

Menhinick richness indexes using the functions margalef and menhinick from the R 

package abdiv v. 2.2.0 (https://github.com/kylebittinger/abdiv). 

 Next, we built a phylogenetic tree for further analysis using SED text editor and 

the KrakenSummary, a function inside of the python package krakenplot 

(https://github.com/clintval/krakenplot). We assessed phylogenetic alpha diversity for 

each site using the Archaea and Bacteria occurrence and the phylogenetic tree. We 

calculated the Mean Phylogenetic Distance (MPD) and Mean Nearest Taxon Distance 

(MNTD) using the picante v. 1.8.2 (Kembel et al., 2010) R package considering 

cophenetic phylogenetic tree and weighted abundance. We used phylogenetic and 

taxonomic diversity indexes as response variables related to the diversity and richness 

of Archaea and Bacteria. 
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To quantify the differences in microbiome composition between the pairs of 

sites, we estimate beta diversity using the Sørensen dissimilarity index (βSOR) (Bryant et 

al., 2008). We also calculated beta diversity considering spatial turnover (βSIM) and 

nestedness (βSNE) components (Baselga, 2010). To perform these analyses, we first 

converted the abundance dataset into a presence-absence dataset, and used the betapart 

v. 1.5.6 R package (Baselga & Orme, 2012). 

Multi-scale landscape variables 

 Because the scale-of-effect of landscape metrics in the soil microbiota 

community is unknown, we obtained multi-scale landscape metrics using concentric 

buffers around each sampling site (Jackson and Fahrig, 2015). We generated buffers of 

100, 200, 500, 700, and 1000 m radii considering each sampling site as the central point 

of each landscape (Figure 1C). We calculated the percentage of habitat (as the total 

vegetation cover in each landscape, i.e., % of savanna + % forest), the percentage of 

savanna and the percentage of forests as proxies of habitat amount. To account for the 

effect of land cover changing, we calculated the percentage of pasture and the 

percentage of agriculture (mainly soybean and maize), the two major agricultural cover 

in the landscapes, and the dominant matrix corresponding to the matrix with a higher 

proportion in the landscape. The number of patches (NP) and average patch shape index 

(APSI) were calculated as proxies of fragmentation. APSI measures the complexity of 

the patch shape compared to a standard shape (square) of the same size, and increases 

without limit as the patch shape becomes more irregular (McGarigal et al., 2012). We 

calculated the shape index, considering all natural vegetation types (forests + savannas) 

as a unique class, and calculated the mean of these values for each landscape, ignoring 

the 0 values. When the landscape was entirely occupied by a single patch, then shape 

index = 1, assuming the patch is regular. To account for the effects of the diversity of 
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different land cover classes we calculated the landscape compositional heterogeneity 

using Shannon Diversity Index (SHDI) (Fahrig et al., 2011). All landscape metrics were 

calculated using Fragstats (McGarigal et al., 2012). 

Statistical analysis  

For alpha diversity analyses we first identified the scale-of-effect of the 

landscape variables as the scale where the model had the highest coefficient of 

determination (R2; Jackson and Fahrig, 2015). We performed a multiscale test of 

independence for multivariate vectors using the R multifit function (Huais 2018). The 

buffer sizes of 100 and 200 m radii had all zero inflated categories removed and then 

were tested for all landscape metrics in the downstream analysis. The remaining 

categories were SHDI, APSI, and percentage of habitat. Next, we verified the 

multicollinearity among the explanatory variables. For landscape variables we ran a full 

linear model for the selected variables in the scale-of-effect analysis and then estimated 

the variance inflation factor (VIF). We used a stepwise approach to eliminate models 

with VIFs > 3.0 (Zuur et al., 2010). For soil variables we calculated Pearson’s 

correlation coefficient between all variables using the corrplot v. 0.92 R package 

(https://github.com/taiyun/corrplot), and eliminated variables with values > 0.5. We also 

removed the soil variables lead (Pb), nickel (Ni), and cadmium (Ca) due to the lack of 

variation among sampling sites. We also analyzed the spatial autocorrelation in 

response variables using Moran’s I test implemented in the ape v. 5.6-2 R package 

(Paradis et al., 2004). We found no significant autocorrelation in any alpha diversity 

index (Table S2). We tested the error distribution of each response variable using the 

function descdist implemented in the package fitdistrplus v. 1.1-8. 

 Finally, we used Gaussian error distribution for diversity and richness indexes 

and negative binomial distribution for richness and abundance coupled with model 
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selection based on AIC (Akaike’s information criterion) to select the most parsimonious 

models that explain alpha diversity using landscape metrics selected in the previous 

steps (the scale-of-effect and collinearity) and soil metrics separately. We expected 

different responses between savanna and forests due to differences in soil type and 

fertility, abbreviated hereafter as VT. Thus, for soil physicochemical variables we ran 

the model selection with interaction terms between soil variables and vegetation type. 

We also ran a null model (y ~ 1) composed only of the intercept of the response 

variable, representing a null effect of the predictors on the response variable (Burnham 

and Anderson, 2002). We estimated AIC corrected for small sample sizes (AICc), the 

difference between each model and the best model (ΔAICc), and the relative 

contribution of each model to explain the observed pattern (wAIC). Models with ΔAICc 

< 2 were considered as equally likely to explain our data (Zuur et al., 2009). Whether 

the null model was included as a plausible model, we consider no effect of landscape or 

soil variable on the response variable, since it is the model with the lower number of 

parameters (Crawley, 2012). After choosing the best models for landscape metrics and 

soil variables, we perform a joined analysis to select the predictive variable that best 

explains each response variable. For this, we ran AIC selection comparing only the best 

models for landscape and soil variables considering each alpha diversity index. 

 We analyzed the relationship of beta diversity, turnover and nestedness 

components coupled with landscape structure and soil variables using Multiple Matrix 

Regression with Randomization (MMRR) (Wang, 2013) implemented in the lgrMMRR 

function, part of the PopGenReport v. 2.2.2 R package (http://www.popgenreport.org/). 

To obtain the matrices of landscape and soil variables, we calculated the difference in 

landscape metrics at 100m spatial scale between each pair of sampling sites, and the 

difference in soil variables. We also used a geographical distance matrix to account for 
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spatial autocorrelation. We performed 10,000 random permutations to obtain the 

statistical significance of matrix correlations. All the steps from the section material and 

methods are summarized in the figure 2.
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Figure 2. Workflow of analyses, each color indicates an analysis category.
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Results 

Taxonomy assignment 

 Whole genome sequencing of the 32 samples of Cerrado soil generated > 960 

million paired reads or > 288 Gbp of sequence data (Table S3). After trimming and 

filtering > 946 million paired reads remained in the data set, a mean of > 29 million 

paired reads per sampling site (Table S3). Further on quality control, we obtained high 

quality raw data, with phred score ranging from 34 to 36, and the FastQC software 

mainly showed changes caused by the cut of adapters. 

 Kraken 2 revealed high percentage of novelty and high diversity in the soil 

microbiome, with c. 70% of sequences in each sample classified as unassigned, i.e., 

from unknown organisms. Kraken was able to classify a mean of 7,600 species per 

sampling site with more 10 thousand OTU (Operational Taxonomic Unit) classified per 

site. Bracken reclassified the species to a mean of c. 3,800 species per site (Figure S1 

and Table S4). Bracken reclassification represents a species loss of 50%, following the 

threshold of 10 sequences assigned via Kraken 2. Assigned sequences represented two 

domains, Archaea and Bacteria, due to the construction of the database from RefSeq. 

Bacteria predominated in the assigned sequences, accounting for over 99% of the 

classified sequences in any sampling site (Table S4). 

 Most Archaea sequences were assigned to the highly diverse phylum 

Euryarchaeota, followed by the phylum Thaumarchaeota (syn. Nitrososphaerota) 

(Figure 3). The Natrialbaceae family was the most frequent among archaea families in 

the dataset along with Halorubraceae and Haloarculaceae. Halorubrum was the most 

abundant Archaea genus, and Halobacterium hubeiense the most abundant species. 

 Bacteria sequences were predominantly assigned to the phylum Proteobacteria 

(syn. Pseudomonadota) in 28 of the 32 sampling sites. Followed by Actinobacteria (syn. 
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Actinomycetota) that were the most assigned phylum in 04 remaining sites (Figure S2). 

At family level, most Bacteria sequences belonged to Bradyrhizobiaceae and 

Streptomycetaceae. Most sequences belonged to five bacteria species: Bradyrhizobium 

diazoefficiens (syn. Bradyrhizobium japonicum), followed by Bradyrhizobium 

erythrophlei, Burkholderia ambifaria, Cupriavidus metallidurans, and lastly Delftia 

acidovorans (Figure 4 and Table S4). 

 MG-RAST taxonomic classification was similar to Kraken 2 for domain, 

phylum, class, order, and family, but not at the genus level. At domain level, Archaea 

had lower percentage of reads classification in MG-RAST than in Kraken 2 (c. 0.3% in 

each sampling site). For Bacteria, although we found Bradyrhizobioum genus among 

the most common with MG-RAST classification, we found a higher number of genera 

classified in our samples with MG-RAST than with Kraken 2 (Figure 5). Contrasting 

with others sites, that had Conexibacter or Bradyrhizobioum as the most abundant genus 

in the sample, site 30 had the Anaeromyxobacter genus as the most abundant (Figure 5).
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Figure 3. Classification of the most abundant representants at each taxonomy level for the domain 
Archaea. for the combined dataset of the 32 sampling sites. Above each bar is the number of sequences 
assigned to that taxonomic level.
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Figure 4. Bacteria classification using Kraken 2 and reclassification with Bracken for the combined dataset of the 32 sampling sites. An interactive version of this image is 
attached in html format.
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Figure 5. Number of sequences obtained for each genus in each sampling site. Classification was obtained MG-RAST. 
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Functional assignment 

 MG-RAST functional annotation defined 50% of the reads as unknow protein 

(~4.7 million reads), c. 49% were defined as annotated protein (~4.5 million reads), and 

0.1% were defined as ribosomal RNA (~8 thousand reads). 

 For the COG database, MG-RAST classified a mean of ~4.3 million sequences 

per sampling site in the categories Metabolism (~1.9 million sequences), Cellular 

Processes and Signaling (~865,144 sequences), Information Storage and Processing 

(~694,555 sequences), and Poorly Characterized (~885,019) (Table S5 and Figure S3). 

The NOG database, which have the same categories as COG, had less sequences 

classified (approximately 257 thousand sequences for each site) and the majority of 

sequences was in the poorly characterized category (a mean of ~198,710 sequences) 

(Table S6 and Figure S4). Next, with the KEGG database, MG-RAST assigned a 

category for ~ 3 million sequences per sampling site, mostly belonging to metabolism 

category (a mean of ~1,8 million sequences) followed by environmental information 

processing (a mean of ~550 thousand sequences) (Table S7 and Figure S5). With 28 

categories, the SEED subsystems database was the one with most sequences classified 

(a mean of ~ 8.2 million sequences). Most sequences were assigned to housekeeping 

functions (Table S8 and Figure 6).
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Figure 6. Subsystem classification with MG-RAST software. 
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Effects of landscape structure and soil on alpha diversity 

 Richness of Archaea and Bacteria was represented by a total of 4,676 species 

with a mean 3,757 species per sampling site (Table S9). Abundance, calculated as the 

number of sequences assigned for each species in each site, had a mean of 

approximately 1.3 million sequences assigned per sample. Shannon and Simpson 

diversities, measured using species presence and its abundance, had values ranging from 

5.851 to 6.075 and from 0.993 to 0.995 respectively (Table S9). The Margalef richness 

index showed more variation compared to the other indexes measured, with values 

ranging from 75.644 to 92.850 (Table S9). 

 We found standard levels of lead, cadmium and nickel (heavy metals) in the 

sampling sites, based on the threshold determined by the Brazilian National 

Environment Council (CONAMA, resolution Nº 430 from 2011). Hexavalent chromium 

[Cr (VI)] was the exception, appearing with higher values than the recommended for 

agricultural sites in three different samples (Figure S6). As for the exchangeable cations 

capacity (CEC) and micronutrients, values were similar between sites whereas variation 

was only clear in calcium (Ca), and in a smaller scale for Zinc (Zn). Regarding CEC and 

base saturation (BS), the values varied similarly, with the higher values on both metrics 

found in collection sites of riparian forest (Figure S6). The soil texture, measured by 

composition (clay, silt, and sand), varied greatly for each collection site, with silt as the 

component less present (Figure S6). Soil pH ranged from 4.2 to 5.7, showing an acidic 

characteristic. 

 Overall, individual models showed that the landscape variables that affect 

microbiome community are average patch shape index (APSI), landscape compositional 

heterogeneity (SHDI), and percentage of forest (Table S10). Shannon diversity index 

were affected by APSI at 500m, Menhinick by percentage of forest at 700m, evenness, 
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Margalef and richness by APSI at 200m, and mean phylogenetic distance (MPD) by 

SHDI at 100m. Abundance and mean nearest taxon distance (MNTD) were equally 

affected by two different predictive landscape variables, APSI at 200m and 700m 

(abundance) and SHDI at 100m and APSI at 1000m (MNTD). 

 After removing soil variables with results higher than 0.5 in the multicollinearity 

matrix and variables with no variation, only seven from the original 18 variables remain 

(Figure S7). Between the most parsimonious models for local variables chromium (Cr) 

was the one that affects more response variables. For Simpson, Menhinick, and species 

evenness no model of soil variable was selected, since for these three the null model had 

results of ΔAICc <2 (Table S11). Four models from soil variables showed significant 

interaction with natural vegetation cover (ΔAICc < 2), for richness and Margalef we 

found small difference in the slope for forest and savanna. For abundance and MNTD 

the effects of the soil variable, hydrogen (H) and potassium (K) respectively, differ 

between natural vegetation cover (Figure S8 and Table S11). 

 Together, soil and landscape variables significantly influenced Archaea and 

Bacteria species Shannon diversity index, Margalef richness index, MPD and MNTD 

phylogenetic diversities, richness and abundance (Table 1). Specifically, APSI at 200m 

spatial scale (b = 0.056; p < 0.001) had a positive effect, and Cr, in savannas (slope = -

0.031; p = 0.017), had a negative effect in Archaea and Bacteria richness (Figure 7a), 

the same was found for Margalef richness index (APSI slope = 0.927; p <0.001 and Cr 

slope = -0.102.) (Figure 7d). APSI at 200m spatial scale (slope = 0.135; p = 0.016) and 

Cr (slope = 0.016; p = 0.04) had positive effects in the abundance of Archaea and 

Bacteria (Figure 7b). Shape Mean at 500m spatial scale (slope = 0.051; p = 0.002) and 

cation exchange capacity (CEC) (slope = 0.006; p = 0.023) had positive effects in 

Shannon diversity index (Figure 7c). SHDI at 100m spatial scale (slope = -0.172; p = 
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0.045) and phosphorus (P) (slope = -0.035; p = 0.049) negatively affected MPD (Figure 

7e). Lastly, SHDI at 100m spatial scale (slope = -0.104; p = 0.049) and potassium K 

(slope = -0.350; p = 0.046) had negative effects in MNTD phylogenetic diversity 

(Figure 7f). 

Table 1. Model selection for joined models of soil and landscape variables. MPD mean phylogenetic 
distance, MNTD mean nearest taxon distance, Cr Chromium, VT vegetation type cover, APSI Average 
Patch Shape Index, CEC cation exchange capacity, P phosphorus, K potassium, df degrees of freedom, 
ΔAICc difference between the AICc value of a given model and the model with the lowest ΔAICc value 
in each set. 

Response variables  Model df ΔAICc Model weight 
Richness  ~Cr*VT + APSI (200m) 9 0 0.995 
Abundance  ~Cr + APSI (700m) 4 0 0.935 
Shannon  ~CEC + APSI (500m) 4 0 0.992 
Margalef  ~Cr*VT + APSI (200m) 9 0 0.993 
MPD  ~P + SHDI (100m) 4 0 0.999 
MNTD  ~K + SHDI (100m) 4 0 0.967 

 

Effects of landscape structure and soil on beta diversity 

 The extent of change in the composition of Archaea and Bacteria communities 

throughout the sampling sites, estimated by the Sørensen‐based multiple‐site 

dissimilarity index, ranged between 0.037 and 0.133 and showed higher differentiation 

among the 06, 27, 29, and 30 sampling sites (βSOR = 0.518; Figure 8a). The turnover 

component accounted for the majority of the overall β diversity (βSIM = 0.377; Figure 

8b), compared to the nestedness component (βSNE = 0.141; Figure 8c), meaning that 

variation in diversity between community was mainly due to the species replacement. 

The turnover component variation ranged from 0.010 to 0.042 and the nestedness 

component variation ranged from 0.001 to 0.061. 

 Average patch shape index (p < 0.001), % pasture (p = 0.022), and % vegetation 

cover (0.035) significantly explained the variation in beta diversity (R2 = 0.687) among 

sites (Table S12). For soil variables, only chromium (p = 0.027) significantly explained 

variation in beta diversity (R2 = 0.273) (Table S12). We found no effects of landscape 
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variables in the turnover component (Table S13). Percentage of sand (p = 0.042) and 

clay (p = 0.047) had significant effects in the turnover component (R2 = 0.051) (Table 

S13). However, APSI (p < 0.001, R2 = 0.546) and of Cr (p = 0.049, R2 = 0.154) 

significantly affected the nestedness component (Table S14).
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Figure 7. Relationship between soil and landscape variables and Archaea and Bacteria diversity. The dark blue-green-yellow color gradient in the response surfaces 
correspond to response variables values from low to high, respectively. Cr Chromium; Cr*VT Chromium accounting for different natural vegetation cover; APSI average 
patch shape index; SHDI compositional heterogeneity; MPD mean phylogenetic distance, MNTD mean nearest taxon distance. 
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Figure 8. Beta diversity of Archaea and Bacteria between pairs of sampling sites in agricultural 
landscapes. A beta diversity; B turnover component; C nestedness component. 
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Discussion 

 Our results show a high percentage of novelty in taxonomical and functional 

classification, with c. 70% of unknow species and 50% of unknow protein or ribosomal 

RNA. Our results also indicate high alpha diversity and low beta diversity. This contrast 

between alpha and beta diversity might be an early sign of homogenization by altering 

the relationship among the average species richness and its heterogeneity (Hewitt et al., 

2010). Our findings show that Archaea and Bacteria community structure and diversity 

(alpha and beta) are shaped by landscape structure and by heavy metal contamination.  

Average patch shape index (APSI) positively affected abundance, richness, 

evenness, and alpha phylogenetic diversity (MNTD), and negatively affected 

Margalef’s richness index and Shannon diversity index. Irregular patch shape reduces 

plant functional variability (Arellano-Rivas et al., 2018) and plant richness (Santos et 

al., 2022). Chromium concentration in soil also affected Archaea and Bacteria 

community structure, positively affecting abundance and richness and negatively 

affecting Margalef’s richness index. The higher amount of Cr found in our results can 

be traced back to anthropogenic activities in the surrounds of the sampling sites. 

Contamination by Cr is widely present in soil due to its use as a pesticide to preserve 

wood. The presence of high levels of Cr can have disadvantageous effects on soil, 

affecting nitrification, aerobic nitrite oxidation, and the metabolic function of microbial 

communities (Li et al., 2020), also affecting their diversity and abundance (He et al., 

2016).  

Taxonomy assignment 

 The percentage of taxa classification using Kraken 2 (~ 30%) are within the 

expected, once taxonomical classification in metagenomics studies is determined 

mainly by the composition of the database (Nasko et al., 2018; Ye et al., 2019). 
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Although RefSeq database is in constant growth, with over 1,000 Archaea species and 

almost 100,000 Bacteria species, shotgun metagenomic studies usually classify ~ 30 to 

60% of the sequences (Cissell & McCoy, 2021; Seitz et al., 2021). Approximately half 

of the species classified by Kraken 2 were lost in Bracken’s reclassification because 

species with less than 10 sequences assigned were excluded. The Bayesian method 

implemented by Bracken reassign the results of Kraken 2 to mitigate the problem of 

database continuous update, resulting in a more accurate species-level assignment (Lu et 

al., 2017). 

 The Proteobacteria was the largest and most diverse phylum in our samples. 

Characterized by gram-negative bacteria, Proteobacteria has high morphological 

diversity, and its community structures can be used as a bacterial indicator for changes 

in soil environmental factors associated with land-use change (Kim et al., 2021). 

Proteobacteria tend to be dominant in the Cerrado soil, even in areas changed by 

anthropogenic activities (see more in Procópio & Barreto, 2021). Actinobacteria, 

another abundant phylum in the Cerrado soil (Pessoa-Filho et al., 2015; Souza et al., 

2016), was also highly diverse in our samples. Interestingly, Actinobacteria is usually 

more abundant in tillage and pasture areas (Quirino et al., 2009; Souza et al., 2016). 

 We found a prevalence of Bradyrhizobium genus in our samples, following 

Kraken 2 classification. Although Bradyrhizobium is found in both native and disturbed 

environments the genus seems to be better adapted to agriculture areas (Procópio & 

Barreto, 2021). Bradyrhizobium diazoefficiens the most common species in our samples 

is a soybean N2-fixing endosymbiont (Itakura et al., 2008; Mathis et al., 1997). The 

predominance of this species was expected once our sampling sites are surrounding by 

soybean plantation and B. diazoefficiens is the most abundant rhizobial species in the 

soybean rhizosphere (Liu et al., 2018). Bradyrhizobium erythrophlei, the second most 
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abundant species, is also highly present in soil samples associated with plant roots 

(Michel et al., 2017; Yao et al., 2015), and together with B. diazoefficiens can be found 

in association with soybean rhizosphere (Liu et al., 2021). 

 The high concentration of heavy metal in our sampling sites may have affected 

the community structure leading to the high abundance of heavy metal tolerant species. 

For instance, Cupriavidus metallidurans the most abundant species in sites 15 and 23, is 

a heavy metal resistance species with several genetic adaptations and a complex 

transcriptional network related to heavy metal metabolism (Janssen et al., 2010; 

Monsieurs et al., 2011). Furthermore, Anaeromyxobacter was found in all sampling 

sites, but was the most abundant genus in the site 32. Composed by Anaeromyxobacter 

dehalogenans, Anaeromyxobacter has prominent role in reducing metals such as 

uranium and iron in contaminated soils (Sanford et al., 2002; Wu et al., 2006). 

Functional assignment 

 The functional assignment for Bacteria and Archaea in the 32 sites resulted in 

different profiles relaying on the database, both for category and for number of 

sequences classified. Although we found significant differences in Bacterial 

composition between sites, especially the sites with higher levels of Cr, the same was 

not observed for most functional categories. These functions represent core resources 

such as cell growth, signal transduction, and material metabolism, so they might remain 

unchanged even under stress of soil Cr contamination (Liu et al., 2022).  

 Motility and chemotaxis categories were highly abundant in sites 31 and 32, that 

were close to streams in a riparian forest. Motility and chemotaxis genes tend to be 

more abundant at less structured soils close to water courses and high organic matter 

(Dini-Andreote et al., 2018), and play a role in multiple functions in microbes 

physiology, such as nutrient acquisition, expansion of population range and biofilm 
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formation (Colin et al., 2021). Most genes in chemotaxis and motility categories 

decreases in abundance with the land use conversion (Berkelmann et al., 2018, 2020). 

Alpha diversity 

 To our best knowledge no study was conducted in order to search for 

correlations between soil microbiome and landscape structure. Our main goal with 

diversity and richness indexes was to look for the effects of soil and landscape variables 

in the taxonomic composition of Archaea and Bacteria in the soil of Cerrado 

agricultural landscapes. Alpha diversity was mainly affected by the vegetation shape 

(average patch shape index) at medium spatial scale (200 and 500 m), followed by the 

landscape compositional heterogeneity (SHDI). 

 We found that Archaea and Bacteria Shannon diversity decreases with the 

increase in irregular patches in the landscape. Irregular shapes, with angular edges 

(higher complexity), present smaller core habitat areas (Laurance & Yensen, 1991) and 

thereby, are less effective in protecting and preserving native species (Collinge, 1996). 

Phylogenetic diversity increased with the increase of compositional heterogeneity, 

supporting the mosaic concept proposed by Duelli 1997 and revised by Fahrig 2017. In 

fact, for the Cerrado ecoregion a more diversified mosaic leads to higher local plant 

diversity (Santos et al., 2022). Percentage of forest had a positive effect in the 

Menhinick richness index. Landscape composition, including higher proportions of 

forest, is found promoting the assemblage of Proteobacteria and Actinobacteria (Kumar 

et al., 2022). 

 We found that chromium concentration was the principal soil variable associated 

with richness and diversity of microbiome diversity in the agricultural landscapes. Our 

results also indicated that CEC, phosphorus, potassium and hydrogen have an influence 

on alpha diversity. These results corroborate previous studies that suggest CEC as a 
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main abiotic factor correlated with Protist community structure (Araujo et al., 2018), 

and that phosphorus and potassium are the two principal biogenic macronutrients and 

play important roles in microbial physiology (Chamberlain et al., 2020). Soil variables 

were associated with different vegetation cover for phylogenetic diversity and 

abundance. The type of vegetation cover alters soil properties and it is able to modify 

the composition and diversity of the soil bacterial community (Dinakaran et al. 2019). 

Changes in land use and land management also influence changes in bacterial 

community composition (Bevivino et al., 2014). 

Beta diversity 

 The values of beta diversity based on Sørensen multiple-site dissimilarity index 

among sampling sites was similar to results found along an Alpine succession gradient 

and it is low compared to plant and fungal communities (Montagna et al., 2018). The 

low beta diversity may indicate a homogenization, with a low number of different 

species between sites. Similar results were found in land use change at the Amazon 

rainforest, with increase in alpha diversity and a decrease in beta diversity as the forest 

is converted in agricultural systems (Rodrigues et al., 2013). The sampling site 30 

contributed disproportionately to the beta diversity most likely due to the higher 

concentration of chromium. 

 The turnover component accounted for 72.7% of the beta diversity, while the 

nestedness component accounted for 27.3%. The results implies that the changes 

between sites in Archaea and Bacteria are mainly driven by the replacement of some 

species by others (Baselga, 2010). Several studies have reported the changes in bacterial 

community via species turnover such as, in response to nitrogen enrichment (Liu et al., 

2022), and under humic acid amendment (Li et al., 2019). Also, species turnover is 
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higher in heavy metal contaminated soils than in the non-contaminated soils (Zhong et 

al., 2022). 

Conclusion 

 We found that intensive land use for agriculture increases the species richness 

and abundance of soil microorganisms while reducing their diversity. Changes in 

fragment shape, compositional heterogeneity of the landscape, and chromium 

contamination were the main factors that led to the loss of microbial diversity. Taking 

together our results show that rather than eliminating Archaea and Bacteria species 

number, land use changes are modifying community’s structure through species 

turnover. Our results reinforce that fragmentation and habitat loss in the Cerrado 

ecosystem caused by land use change has altered the composition of the soil microbiota. 

The change in structure and diversity of Archaea and Bacteria leads to loss and/or 

change of fundamental soil functions such as nutrient cycling, thus affecting plant 

establishment and dispersal. 
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Appendix  

 

Figure S 1. Number of species assigned with Kraken 2 according to RefSeq database and the number of 
species reclassified by Bracken for each sampling site.
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Figure S 2. Relative abundance of each phylum assigned by Kraken 2 for each sampling site.
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Figure S 3. Number of sequences for each functional category and sampling site obtained with MG-
RAST against the COG database.
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Figure S 4. Number of sequences for each functional category and sampling site obtained with MG-
RAST against the NOG database.
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Figure S 5. Number of sequences for each functional category and sampling site obtained with MG-
RAST against the KEGG database.
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Figure S 6. Local variables selected after multicollinearity analysis. CEC cation exchange capacity; Cr 
chromium; H hydrogen; K potassium; P phosphorus; pct_Clay percentage of Clay; Zn zinc.
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Figure S 7. Pearson’s correlation between soil physicochemical variables. Color gradient represents 
correlation strength between variables.
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Figure S 8. Local variables influence on alpha diversity of microbiome community in agriculture 
landscapes. The lines correspond to the linear regression fit to each vegetation type, and the shaded area 
indicates the 95% confidence interval. 
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