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RESUMO 

Dinâmica espaço-temporal da comunidade microbiana de solos cultivados com cana-de-
açúcar 

 
As condições ambientais que podem modular a dinâmica da comunidade microbiana em 

solos de culturas são pouco conhecidas. O presente trabalho foi dividido em três partes 
essenciais, onde i) discutiu-se modelos e teorias ecológicas para a exploração microbiana em 
solo agrícolas, argumentando-se que os modelos ecológicos que particionam as comunidades 
microbianas, poderiam aumentar a resolução entre interações microbianas e o ambiente, ii) 
desenvolveu-se um modelo probabilístico baseado na freqüência de ocorrência de micro-
organismos através de sistema identificando a comunidade microbiana “core”. O modelo 
baseou-se na distribuição de Poisson, sendo este testado em quatro conjuntos de dados 
disponíveis no Projeto “Earth Microbiome”, e iii) identificou-se as comunidades bacterianas e 
fúngicas core em solos cultivados com cana-de-açúcar, verificando-se quais componentes 
abióticos poderiam modular a composição dos grupos. Com isso,  elevou-se a resolução das 
interações ambiental e microbiana, indicando que o core microbiano e as comunidades 
microbianas variáveis são moduladas por componentes abióticos distintos. Observou-se 
também que as comunidades core e variável possuem funcionalidade potencial distinta, como 
fixação de nitrogênio mais predita para o core bacteriano e processo de nitrificação para a 
comunidade variável de bactérias. Os resultados do presente trabalho elevam o conhecimento 
da dinâmica e funcionalidade microbiana, ajudando a revelar e explorar o microbioma do 
sistema de cultivo. 
 
Palavras-chave: Cana de açúcar; Comunidade microbiana; Distribuição de Poisson; Modelos 

ecológicos 
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ABSTRACT 

Spatial and temporal dynamics of the microbial communities in soils cultivated with 
sugarcane 

 
The environmental conditions driving the microbial community dynamics in crop soils 

remain unclear. Here, we focused on the spatial and temporal dynamics of microbial 
communities in soils cultivated with sugarcane under different soil managements, during two 
years. Our work was divided into three essential parts, where i) we discuss ecological models 
and theories for the microbial exploration in crop soils, arguing that those ecological models, 
which partitioned the microbial communities, may increase the resolution of the 
environmental and the microbial interactions; ii) we developed a probabilistic model based on 
the occurrence frequency of microorganisms across systems identifying the core microbial 
community. The model is based on the Poisson distribution, and it was tested in four datasets 
available in the Earth Microbiome Project; iii) we identified the core bacterial and fungal 
communities across soils cultivated with sugarcane, verifying which abiotic components 
could drive the composition of groups. We increased the resolution of the environmental and 
the microbial interactions, showing that the core and the variable microbial communities are 
driven by distinct abiotic components. We also observed that the core and variable microbial 
communities harbor distinct potential functionality, as nitrogen fixation being more predicted 
to the core bacterial commmunity, and nitrification process for the variable bacterial 
community. Our finds increase the knowledge of microbial dynamics and functionality, 
helping to reveal and explore the crop system microbiome.  

Keywords: Sugarcane; Microbial community; Poisson distribution; Ecological models 
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1. INTRODUCTION 

The soil is considered one of the most important sources of microbial diversity, showing 

vastly functionality in this system (Bhat, 2013). The crop systems have been described as 

artificial systems, where the most of the soil and environmental conditions are adjusted for the 

crop development (Odum and Barrett, 2005). It is known that the management of soil triggers 

differentiation in the structure and composition of the microbial communities (Ciccolini et al., 

2015). However, the distribution of microbial communities linked with environmental 

conditions is poorly understood. 

For sugarcane, one of the most important crops in Brazil, the microbial diversity 

associated has been described, as endophytes (Stuart et al., 2010) and associated with roots 

(Luvizotto et al., 2010; Yeoh et al., 2015). Souza et al. (2016) identified a core bacterial and 

fungal communities across soil and sugarcane organs. Durrer et al. (2016) indicated that soil 

characteristics (chemistry and physical), and crop managements were the main drivers of the 

bacterial community in soils cultivated with sugarcane. Besides the importance of these 

strategies of drivers identification, the understanding of microbial distribution across space 

and time, and also their connections with abiotic components, such climate or soil 

characteristics are necessary.  

Here, we focused on the spatial and temporal dynamics of microbial communities in 

soils cultivated with sugarcane under different soil managements, sampled along a period of 

two years. Aiming to clarify the correlation between the microbial community and abiotic 

components, we applied an ecological model based on the occurrence frequency of 

microorganisms across the geographical space and along the time. The “core community” is a 

term used for animal and plants, defining a group of organisms that are ubiquitous in a given 

habitat (Hanski, 1982). In microbial ecology, the term core microbial community could refer 

to microbial genes or taxa occurring in a set of samples in a given ecosystem (Shade and 

Handelsman, 2012). However, the identification of the microorganisms that belong to the core 

microbial community is based on arbitrary cutoffs, which could limit the knowledge of 

system correlations.  

 Our work was divided into three essential parts. The first part aimed to discuss 

ecological models and theories for the microbial exploration in crop soil, arguing that the 

ecological models, which partitioned the microbial communities, may increase the resolution 

of the environmental and the microbial interactions. In the second part, we developed a 

probabilistic model to identify the core microbial community. The model is based on the 
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Poisson distribution and it was tested in four datasets available in Earth Microbiome Project 

(EMP; http://www.earthmicrobiome.org). In the third part, we used this method to identify the 

core bacterial and fungal communities across soils cultivated with sugarcane, and also verified 

what abiotic components, such soil characteristics (chemistry and physical, crop management, 

and climate) could modulate the core and variable microbial communities.  
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2. THE ESSENTIALITY OF ECOLOGICAL MODELS AND THEORIES FOR THE 

MICROBIAL EXPLORATION IN CROP SOILS 
 
Abstract 

The importance of microbial community structure and functionality in crop systems is 
becoming better recognized. The list of functions attributed to microbes in soils is growing, 
and several drivers of microbial community composition and functioning have been 
suggested. In this scenario, the improvement of the knowledge about microbial system must 
also lie on ecological theories, as those derived and extensively used for communities of 
animals and plants. Here, we reviewed the current ecological therioes applied for microbial 
communities, discussing the importance of ecological models based on abundance (rare and 
dominant), frequency occurrence (core and variable) and generalist-specialist, and argued that 
the link between the most significant environmental drivers and the assemblage and 
functioning of microbial communities in crop systems may be better achieved using 
ecological theories. We also indicated the limitations of ecological models application in 
microbial systems. We believe that these approaches, based on ecological theories and 
modeling, would better reveal the integration of microbial communities with abiotic 
components of the crop systems. 

 
Keywords: Crop systems; Ecological models; Ecological theories; Soil microbiology; 

Environmental drivers 
 
2.1.  Introduction 

Different from natural systems, the crop systems could be considered as artificial 

systems, where the most of the soil and environmental conditions are adjusted to promote the 

crop development (Odum and Barrett, 2005). The soil is considered one of the most colonized 

systems by microorganisms, hosting approximately 109 microbial cells per gram of soil 

(Torsvik and Øvreås, 2002), distributed along 10 to 30 thousand distinct microbial genomes 

(Roesch et al., 2007). The microbial functionality in crop soils is vastly described (e.g. 

decomposing organic matter, promoting plant growth, and harnessing biogeochemical cycles). 

It is also known that the management of soil triggers differentiation in the structure and 

composition of the microbial communities (Ciccolini et al., 2015).  

Previous research has established that soil affect the microbial communities in crop soils. 

For example, soil chemistry and physics, including pH, potassium, phosphorus, and 

granulometry; or crop managements composed by the addition of vinasse, charcoal or the 

mechanical harvesting were the main factors which modulate the bacterial community in soils 

cultivated with sugarcane (Durrer et al., 2016 in press). Thilagar et al. (2016) suggested a 

microbial consortia composed by Funneliformis mosseae and Bacillus sonorensis which could 
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reduce by 50% the application of chemical fertilizer in chilly crop, and also improved the soil 

health. These strategies, however, does not provide solid results, exportable to any cropped 

area, limiting the development of general approaches to manage microbial communities in 

crop soils. It is possible to conceive the idea that it might be achieved by the use of strategies 

better focused in general characteristics and responses of microbial systems, as those provided 

in ecology-based approaches. 

Most of the ecological theories were developed to study communities of animals and 

plants, but their application on microbial community studies have been increased (Prosser et 

al., 2007). The diversity-stability hypothesis, the intermediate disturbance hypothesis (IDH), 

and the taxa-area relationships are important examples of ecological models applied for 

microbial communities (Ogilvie, 2012). Besides the importance of the results reported by the 

use of ecological theories, the capacity for prediction in microbial ecology is unexplored, 

stating the major challenge for the improvement of the exploration of microbial communities 

in crop systems. It is believed that efforts on the modeling applied to microbial communities 

may improve the knowledge of the system functioning (Wade et al., 2016). 

Here, we argued that the link between the most significant environmental drivers with the 

microbial community across the crop systems may be better achieved using ecological 

theories integrating the microbial partition, such as the differential analysis of the core and 

variable members of the microbial community. Next to it, we ask for new approaches that 

allow the proper determination of these fractions of microbial communities, as others, to 

improve the ecological concepts for microbes. 

 
2.2. Establishing background for crop soils 

Before deeping in the description of the soil microbial community importance, it is 

essential to properly address the characteristics of cropping systems. Also defined as 

agroecosystems, crop systems are dominantly composed of animals and plants under artificial 

selection, aiming to increase the production of specific food crops and other products (Odum 

and Barrett, 2005). The artificial selection could be expressed as humankind control such 

animal labor, fertilizers, pest controls, and irrigation (Odum and Barrett, 2005).  

The differentiation of crop systems begins with de source and quality of litter, which 

selected specific decomposer communities, resulting in more homogeneous litter chemistry 

during the decomposition, possibly directly affecting the turnover and stabilization of soil 

carbon (Wickings et al., 2012). The number of different crop plant in the field also affect the 
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carbon and nitrogen ratio of the system, which has been used to estimate the kinetic of organic 

matter mineralization (Manzoni and Porporato, 2009). For example, the increment of one or 

more crops in rotation increased the total soil carbon in 8.5% and nitrogen in 12.8%, what 

also increases the microbial biomass in soils (McDaniel et al., 2014).  

Another important characteristic of the crop systems is the management of soil and the 

fertilization process, which adapt the system for the crop cultivation, targeting the highest 

possible production. For example, the conventional cultivation of sugarcane includes types of 

tillage, such plowing, harrowing, and subsoiling, which aimed to reduce the physical 

resistance of soil structure on the plant root (Grant and Lafond, 1993). The sugarcane is 

harvested every 12 to 18 months of cultivation, along a cycle of five years. In the harvested 

process, the sugarcane straw is separated from the steam and left under the soil surface (Bell 

et al., 2007). The soil chemistry is adjusted annually to attend the sugarcane demand.  

The main nutrients applied in soils for sugarcane cultivations are nitrogen, 

phosphorus, potassium, calcium, magnesium, and sulfur, besides the use of micronutrients 

like the bore, cupper, manganese, molybdenum and zinc (Malavolta et al., 1997). The 

hydrogen potential (pH) is one of the main environmental factors mandatory for crop 

cultivation. According to Dick et al. (2000), the pH affects the nutrients availability to 

microbial community activity. The pH has been also described as a predictor of soil bacterial 

community distribution (Lauber et al., 2009). Thus, the relevance of the microorganisms in 

the crop system cultivation has to continue increase, leading agriculture to new levels of 

productivity and sustainability. 

 
2.3. The relevance of microbial community for soils 
 Microorganisms are the greatest source of biodiversity on the planet, present in all 

three domains of the tree of life, encompassing the Bacteria, Archaea and Fungi (Eukaryote) 

(Hug et al., 2016). The great microbial diversity sustains the occurrence of microbes in every 

terrestrial environment (Prosser et al., 2007). Among them, soil appears as one of the most 

abundant in microbial cells and listed among the most diverse systems on Earth (Torsvik and 

Øvreås, 2002; Roesch et al., 2007). 

The soil is the major source of the microbiota associated with plants. For example, 

Zarraonaindia et al., (2015) evaluated the bacterial communities associated with grapevine 

organs - such leaves, flowers, grapes and roots – and compared it to those in soils, along two 

growing seasons. The authors found a shared bacterial community between the soil and the 
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grapevine organs. The authods also indicated pH and C:N ratio as the major environmental 

drivers of the soil bacterial community, directly reflecting on the bacterial community 

associated with grapevine organs. 

Regarding the microbial functions in the soil, different communities are linked to the 

catabolism of organic compounds, and subsequent formation of new compounds, driving the 

development of interactions, as those between plants and microbes (Griffiths et al., 2006). 

The microbial functionality in crop soils is vastly described in the literature, where it is 

remarked its role in the decomposition of organic matter (Schultz and Urban, 2008), 

promotion of plant growth (Gumiere et al., 2014), suppression of plant diseases (Mendes et 

al., 2011), degradation of contaminants (Glick, 2010), stabilization of soil structure (Wakelin 

et al., 2008), and especially in the biogeochemical cycles, such carbon (Hussain et al., 2011), 

nitrogen (Nelson et al., 2016), phosphorus (Wakelin et al., 2007) and sulfur (İnceoğlu et al., 

2013). 

In crop systems, the management of soil drives the structure and composition of the 

microbial communities, triggering a series of events that interfere in the crop plant 

development. For example, the denitrification process is considered one of the major losses of 

nitrogen in form of nitrous oxide, in a process associated with bacteria and fungal activities 

(Herold et al., 2012). Some conditions in soils are known to promote higher rates of 

denitrification, as for example, the positive correlation between the potential denitrification 

rate of bacterial community and the soil pH (Herold et al., 2012). In Table 1, several studies 

with similar observations are listed, identifying the most important drivers of the microbial 

community and their relevance for the cropping system. Thus, climate conditions such 

temperature and precipitation; soil chemistry, physics, crop management, and also the 

historical use of the lands may affect and shape the soil microbial community. Overall, there 

is no dominant driver connected to variations of different microbial communities across the 

crop systems.Then, we can argue that better understanding of the link between the most 

significant drivers with the microbial community across the crop systems may be achieved 

using mathematical modeling based on ecological theories (see Wade et al., 2016; Prosser et 

al., 2007). 
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Table  2.1 - Different crop systems and the drivers of the microbial communities composition 

Crop system Microbial 
Community Main results Reference 

Wheat-maize 
Abundance of 

ammonia oxidizers and 
denitrifiers 

The application of nitrogen, phosphorus 
and potassium fertilizer increased the N2O 
emission 

(Dong et al., 
2015) 

Wheat Rhizobacterial 
community 

The moisture availability was the major 
driver of soil bacterial community 
dynamics 

(Yang et al., 
2013) 

Intercropped durum 
wheat and faba bean 

Total bacterial and 
fungal communities 

The fertilization of phosphorus was the 
main driver of microbial communities in 
this field trial 

(Tang et al., 
2016) 

Mediterranean peaty 

Arbuscular 
mycorrhizal fungi 
(AMF), and total 

fungal community 

The land-use intensification resulted in 
changes of the AMF and total fungi 
communities. The base saturation and 
exchangeable calcium were significant 
drivers of the total fungi composition. The 
base saturation was also correlated with 
AMF variance. 

(Ciccolini et al., 
2015) 

Sugarcane Total fungal 
community 

The soils characteristics and climate 
variables explained respectively 2.88% 
and 2.93%. The most significant driver 
identified was the geographical distance 
explaining 50.75% of fungi variance. 

(Gumiere et al., 
2016) 

Rice Methanogenic 
microbial community 

The temperature was the main driver 
identified which defines the structure and 
function of the methanogenic microbial 
community. 

(Conrad et al., 
2009) 

Arabica coffee 
Arbuscular 

mycorrhizal fungi 
(AMF) 

The soil pH, nitrogen, and phosphorus 
availability were the significant drivers of 
the AMF community composition. 

(De Beenhouwer 
et al., 2015) 

Tomato Total bacterial and 
archaeal communities 

The antecedent cover crop showed a 
significant effect on the microbial 
community of tomato rhizosphere. 

(Maul et al., 
2014) 

 

2.4. Ecological theories and models for microbial systems in crops 
 Ecology aims to classify organisms, understand their environment and identify forces 

of nature which can act upon these groups (Odum and Barrett, 2005). The majority of 

ecological theories were developed based in studies of animals and plants, and later adapted 

for microorganisms (Prosser et al., 2007). However, several distinctions are clear among 

microbes and other groups of living organism. The first is associated with the required 

adaptation of the species concept, primarily defined as a group of interbreeding natural 

populations, that is reproductively isolated from other groups (Mayr, 1970). As microbes are 

mostly asexual, a species can be considered as made of individuals with identical ecological 

properties, i.e. occupy the same niche or developing the same function based on the same 

biological system (Cohan, 2002). We know little on microbial ecology about simple things in 
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the species concept of plants and animals, as for example, intraspecific variation, yet poorly 

explored as bacterial individuality. As the most of the ecological theories depend on species 

concept, we can suggest that their application on the microbial communities requires a 

different perspective from that applied for macro-organisms. 

The diversity-stability hypothesis, intermediate disturbance hypothesis (IDH), and  taxa-

area relationships, are important examples of microbial ecological theories (Ogilvie, 2012). 

The diversity-stability hypothesis states that the species richness (averaging effect) or 

functional diversity (diversity effect) sustain the ecosystem stability (reviewed by McCann, 

2000). It has been observed that decreasing the microbial diversity of pasture soils resulted in 

a decrease of plant decomposition resilience, when soils are exposed to heat or contaminated 

by copper (Griffiths et al., 2000). A study comparing 21-year of bioorganic and conventional 

farming systems indicated that the increased biodiversity in organic plots may reduce the 

dependence of external inputs, as fertilizers (34 to 53%) and pesticide (97%) (Mäder et al., 

2002). Thus, the crop systems based on conventional managements would simplify the 

ecological communities, making the system more suitable for invasions of exogenous 

organisms (McCann, 2000). Also, in this scenario, plant nutrition and protection would be 

more dependent of human inputs. 

Another hypothesis also applied for microbial communities is the IDH. Firstly presented 

by Connell (1978), the IDH states that given a gradient of disturbance, the “intermediate” 

position would have a maximum diversity. Analyzing the dataset provided by Mendes et al., 

(2011),  van der Voort et al., (2016) observed that the suppressiveness of soils was reduced by 

a heat impact, and the alpha diversity was higher in those samples. The authors suggested that 

the IDH explained the higher alpha diversity in heated samples, possibly promoted along the 

reassembly of the disturbed community. At this moment, heat tolerant or fast growers and 

temperature sensitive or slow growers may differentially multiply, leading to a distinct 

assemblage of final stable community. The IDH is possibly a system undergoing in crop soils, 

which are constantly subjected to managements and distinct inputs, generating a continuous 

intermediate disturbance of the system. 

Focusing on the microbial community distribution, the taxa-area relationships is used to 

plot the distribution of microorganisms across different size of area (Horner-Devine et al., 

2004). It has been verified, for bacteria (Horner-Devine et al., 2004) and fungi (Gumiere et 

al., 2016), that microbial communities located close each other are more similar than those 

located farther. This distribution, named as distance-decay, was also observed more 
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pronounced in soils under the Amazon forest than those converted into areas for cattle pasture 

(Rodrigues et al., 2013). These authors suggested that, besides the increased of alpha 

diversity, the establishment of pasture systems resulted in homogenization of microbial 

communities across space. The decay of the community similarity could be driven by the 

environmental heterogeneity, as observed by Horner-Devine et al., (2004), or by the limited 

dispersion of microbes along a given geographic distance (Gumiere et al., 2016). 

Besides the results reported by the use of microbial ecological theories, the efficiency of 

microbial ecology prediction is poor, and the improvement of the use of microbial community 

rely on the better modeling of these systems (Wade et al., 2016). As previously stated, the soil 

microbial community is huge in size and vastly diverse (Torsvik and Øvreås, 2002). Thus, the 

ecological models aimed to classify the microbial community in differents groups increasing 

the resolution of biotic and abiotic interactions (Guisan and Zimmermann, 2000). Three 

important models are predominant in literature, the abundance model, differing the dominant 

and rare community, the occurrence frequency model differing the core and variable 

community, and the generalist-specialist model differing in niche system occupancy. 

In the abundant model, the dominant community is defined as microorganism with high 

abundance in the system (Campbell et al., 2011). It has been suggested that the dominant 

microorganisms are more adapted to the current environmental conditions, or may also be 

selected by the hosts. For example, the plant rhizosphere may select the microbial community 

which became abundant, showing a distinction of the microbial community from the bulk soil 

(Mendes et al., 2014). The rare community is composed by microorganisms with low 

abundance, are described to act as microbial seed bank and also sustain the resilience of the 

system (Sogin et al., 2006). For example, it has been observed that the rare community   plays 

important role in crop protection (Hol et al., 2010). It has also been suggested that members 

of the rare community may be widely distributed across the habitat and could be dominant 

depending on the environmental conditions (Shade et al., 2014), linking the abundant model 

with occurrence frequency model. 

The occurrence frequency model classified the microorganism in the core community, 

which are microorganisms ubiquitous in the environment or host despite the environmental 

conditions (Turnbaugh, et al., 2009), and variable community which are microorganisms 

varying across the environment conditions. This partition of microbial communities in the 

core and variable groups has been showed to possibly facilitate the study of complex 

microbial communities. For example, Saunders et al. (2015) identified microbial groups 
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shared across several activated sludge systems with important contributions to the turnover of 

carbon. It has been also observed that the core group found across sugarcane roots showed a 

little variation on its composition under distinct applications of nitrogen fertilizers (Yeoh et 

al., 2015). The different response of the core and variables communities may indicate that 

each of these groups inhabits different niches in the system, and possibly respond to distinct 

environmental variables. From this panorama, a parallel can be traced from this division with 

the generalist-specialist concept. 

As presented by Lennon et al. (2012), generalist can be defined as a group of 

microorganisms which tolerated wide variations of conditions and not fill specific niches in 

the habitat, and the specialist is microorganisms with limited distribution by the habitat 

conditions filling specific niches in the system. The authors identified generalist 

microorganisms dry-adapted tolerating a broad range of water stress, and also specialists wet-

adapted by biofilm production with  restricted to less negative water potentials. The 

generalist-specialist concept could also be linked with models of species distribution 

abundance (SAD), classifying the microbial community distribution as stochastic (or neutral) 

and deterministic. The stochastic and generalist characteristics are similar because they 

represent microorganism with low influenced by the environmental conditions, and more 

influenced by historical events and dispersal limitations (Martiny et al., 2006; Dumbrell et al., 

2010). The deterministic is more similar with the specialist where the group of microorganism 

is influenced by the environmental conditions and the existence niches (Martiny et al., 2006). 

Then, we suggest that approaching the microbial communities in a partition system, 

such the core and variable microbial groups, may support an improved glance about the 

structuring a functioning of microbial communities in the light of ecological theories (Figure 

2.1). For example, the diversity-stability theory may be better evidenced targeting the core 

microbial community. It corroborated previous statements, where variations in the structure of 

the core microbial community indicated the occurrence of system perturbation (Shade and 

Handelsman, 2012). Another important possible correlation between the diversity-stability 

and core microbial community is the suggested connection among these microbes with the 

environment or host, possibly indicating the occurrence of co-evolutionary processes (Pédron 

et al., 2012; Schlaeppi et al., 2014). The variable and core microbial communities may also 

show different dynamics along the environmental heterogeneity. It implies that each driver 

identified for the entire microbial community may be differentially related to the core and 

variable fractions of the microbial communities. One can also argue that if it is true, the 
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correlation derived from the intermediate disturbance or form taxa-relationship hypotheses 

may also fit particularly the core or the variable communities. It is possible to suggest that the 

taxa-relationship could be more clearly observed for the variable microbial community, 

linking its variation with environmental heterogeneity. Besides these hypotheses have to be 

further tested and validates, the partition of microbial communities in groups with differential 

behavior would certainly increase our knowledge on microbial interactions, supporting the 

advances on microbial predictions (reviewed by Widder et al., 2016). 

 

 
Figure 2.1 – The partition of microbial community improving the resolution of ecological theories applied 
for crop systems 

 
However, the definition of the dominant, rare, core, variable, specialist, and generalist 

groups are mainly based on arbitrary thresholds. For example, the core microbial community 

is identified as microorganisms shared by the majority of samples given a habitat. The 

percentage of frequency cutoffs used have been variate from 100% (Turnbaugh et al., 2009) 

to 30% (Ainsworth et al., 2015) of occurrence frequency across samples. The same problem is 

observed for the abundant and rare community, where the rare community has been defined 

by arbitrarily cutoffs, such less than 0.01% of a sample (Galand et al., 2009). A possible 

solution to this problem is the used of probabilistic models to identify the different groups of 

microbes to properly fit ecological models. For example, Sato et al., (2012) identified that 

ectomycorrhizal fungi strongly constrained by the host specificity, and the saprotrophic fungi 

less constrained by climatic conditions, using the Bayesian zero-inflated models, which 

allowed them  the to identify biogeographic pattern for these fungi. 
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2.5. Conclusions 

Diversity-stability hypothesis, intermediate disturbance hypothesis (IDH), and taxa-area 

relationships are important ecological theories which have been shown important results in 

microbial communities. However, the poor efficiency of microbial ecology prediction relies 

on a better system modeling (Wade et al., 2016). Here, we argued that the link between the 

most significant environmental drivers with the microbial community across crop systems 

may be better achieved using ecological models, such as the division of communities in the 

core and variable communities. However, constant efforts to avoid the arbitrarily cutoffs in 

ecological models are required. Taken the ecological theories and modeling together, we can 

possibly advance on approaches to clarify the dynamics and the functioning of the microbial 

community in crop systems, implicating in a more sustainable agriculture. 
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3. A PROBABILISTIC MODEL TO IDENTIFY THE CORE MICROBIAL 

COMMUNITY  
	

Abstract 
The core microbial community has been correlated with essential process ecosystem 

functioning, from maintaining the human guts homeostasis to protection against plant disease. 
However, the identification of the core microbial community is based on arbitrary cutoffs, 
what results in the preferential selection of the most abundant microorganisms. Here, we 
developed and tested an approach to identify the core community based on a probabilistic 
model. The Poisson distribution was used to identify OTUs with a probable occurrence in 
every sample of a given dataset. We have determined the core communities of four available 
microbial datasets by our probabilistic method comparing the results with arbitrary method. 
The datasets were composed by microbiomes of humans (tongue, gut, and palms), mice (gut), 
grapevine (plant organs and bulk soil) microbiome, and maize rhizosphere. We identified core 
microbial communities based on the Poisson distribution with R2 varying between 0.46 (mice) 
and 0.91 (grape), and with p-values lower than 0.05. The probabilistic method revealed core 
microbial communities with higher frequencies and diversity than those previously described. 
This method also indicated a strong presence of the rare community in core, what has been 
neglected by the arbitrary method. The probabilistic model can extend our knowledge about 
the core microbial community, revealing new roles of this group in the functionality of 
ecosystems, from human health to increase the crop production. It constitutes a new tool to 
step forward in the microbial community investigation. 
 
Keywords: Core microbial; Variable microbial; Poisson distribution; Probabilistic model  
 

3.1. Introduction 
The composition of microbial communities can vary spatially and temporally. To 

explain this variation, several terms are used to classify the dynamics and structures of 

microbial communities across environments. For example, the term “core” is defined as 

organisms that are ubiquitous in a given habitat, despite environmental variations (Hanski, 

1982). In microbial ecology, the term core could refer to microbial gene or taxa occurring in a 

set of samples in a given ecosystem. For example, the Human Microbiome Project (HMP; 

Turnbaugh et al., 2007) defines the core microbiome as common microbial gene present in all 

or in the majority of human bodies. Other studies describe the core microbial community as 

common Operational Taxonomic Units (OTU) across space or time (Shade and Handelsman, 

2012). 

The origin of the core microbial community in a given habitat is associated with 

coevolutionary processes (Pédron et al., 2012; Schlaeppi et al., 2014). Consequently, the core 

microbial could be correlated with essential roles in ecosystem functioning, and also be used 

as indicators of system perturbation (Shade and Handelsman, 2012; Saunders et al., 2015). 
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For example, an abundant microbial core was identified across 210 human adult colons with 

widespread geographic origin, ethnic background and diet (Sekelja et al., 2011). The authors 

suggested that this core microbial has an important role in gut homeostasis and health. Similar 

attempts have defined roles for the microbial core in other ecosystems, including corals 

(Ainsworth et al., 2015), zebrafish (Roeselers et al., 2011), mouse (Pédron et al., 2012), 

ruminants (Henderson et al., 2015), Arabidopsis thaliana (Lundberg et al., 2012) and 

sugarcane plants (Yeoh et al., 2015). The core identified in A. thaliana roots are composed by 

plant growth promoting rhizobacteria (PGPR) and also bacterial families which promote plant 

health (Schlaeppi et al., 2014).  

However, the identification of the core community is challenging in microbial ecology. 

As the core microbial is defined to be ubiquitous in a habitat, it is supposed that the microbial 

taxa or genes belonging to the core should be found in every sample collected given a habitat. 

Thus, Shade and Handelsman (2012) have suggested the Venn diagram as a method to 

determine the core microbial. In this approach, the core microbial is represented by taxa found 

in every sample analyzed (100% of frequency across samples). However, to date, no 

methodological approach can fully assess the extent of the microbial diversity of a given 

sample (Kanagawa, 2003; Feinstein et al., 2009; Prosser, 2015). It is known that in complex 

communities – commonly found in environmental samples – the methods available 

preferentially identify the most abundant groups of microorganisms (Caporaso et al., 2011). 

Consequently, the rare community is missed in core microbial community studies. The most 

commonly used approach to circumvent this problem is the definition of arbitrary cutoffs for 

the frequency of microbes or genes to be classified as a member of the core microbial. For 

instance, researchers have used cutoff values ranging from 30% to 99% frequency across 

samples (Li et al., 2013; Ainsworth et al., 2015) to define the core community in 

environmental samples. However, these arbitrary cutoffs still not include the rare community 

and also could result in false assignments to the core microbial, thus influencing inferences 

about its function and composition. 

A possible solution for the proper identification of the core microbial is to use a 

probabilistic model to classify members of the microbial community belonging to the core 

community. Here, we developed and tested an approach to identify the core community based 

on the Poisson distribution. Given the occurrence distribution of an event, i.e., 

microorganism, in a period of samples, the model expresses the probability of this event to 

occur at all points of this same period of samples (Rao and Rubin, 1964). Among discrete 
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probability models, we selected the Poisson distribution because it is described as suitable for 

large datasets, e.g. high number of events, and occurrence of small or rare probabilities 

(Karlis, 2003). The Poisson distribution was selected because using the distribution of 

occurrence and abundance of each OTU, it is possible to identify which OTU has a 

probability to be found in every sample. Using this probabilistic model, the group of OTUs 

selected probabilistically estimates the composition of the core microbial community.  

Based on this approach, we hypothesized that i) it is possible to identify a probable 

group of members shared by samples representing the core microbial community, ii) the 

probable core community could represent a high percentage of the whole community varying 

across different systems (environment or host), and iii) the group designated as the probable 

members of the core microbial community differs from the group selected by arbitrary 

methods, in particular for low abundance microorganisms. To test these hypotheses, we 

applied comparative methods to available microbial datasets, including animal hosts (human 

and mice) and environmental samples (soils and plants of maize and grapevine). The datasets 

were obtained from the Earth Microbiome Project (EMP; http://www.earthmicrobiome.org). 

We selected four biological datasets based on OTUs tables and verified the difference in the 

core microbial community identified by then. 

 

3.2. Material and Methods 
3.2.1. Microbial Databases 

We selected four datasets composed by microbiomes of humans (tongue, gut, and 

palms), mice (gut), grapevine (plant organs and bulk soil) microbiome, and maize rhizosphere 

to study the core microbial community identified by arbitrary methods and by the 

probabilistic method based on the Poisson distribution (Table 3.1). 
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Table  3.1 – Databases selected from EMP on Qiita plataform 

 Databases selected from EMP 
 Environmental systems Hosts systems 
 Grape Maize Human Mice 

Study EMP-ID 2382 1792 550 77 

Title 

The Soil 
Microbiome 
Influences 
Grapevine-
Associated 
Microbiota 

Diversity and 
heritability of the 
maize rhizosphere 
microbiome under 

field conditions 

Moving pictures 
of the human 
microbiome 

A core gut 
microbiome in 
obese and lean 

twins 

Number of samples 401 442 1,736 271 
Data Type 16S - HiSeq 16S – 454 FLX 16S – 454 FLX 16S – 454 FLX 

Number of reads / 
sample 1,000 2,080 5,000 1,000 

OTUs 8,583 10,747 16,129 4,495 

References (Zarraonaindia et 
al., 2015) (Peiffer et al., 2013) (Caporaso et al., 

2011) 
(Turnbaugh et al., 

2009) 

 

The human microbiome database consists of 396 samples, collected along a temporal 

analysis of two individuals at four body sites, including gut, tongue, and left and right palm 

(Caporaso et al., 2011). In the original study, the authors aimed to evaluate the temporal 

variation in the human microbiome. The authors used the terms persistent (individuals with 

high occurrence across the samples), and transient (individuals with low occurrence across the 

samples) community, because it identified a very small temporal core across all samples. The 

core was obtained by a cutoff of 100% of samples. 

The mice database was used to evaluate how the gut microbiome influences host 

adiposity (Turnbaugh et al., 2009). The data is composed of fecal samples from 154 

individuals (mice) divided into adult females, monozygotic or dizygotic twin pairs, and their 

mothers. The identification of the core microbial community was established by the 

occurrence of OTUs in all samples (cutoff of 100% of samples). These authors included in 

their study the Phylotype Sampling Model, which is very similar to the model proposed in this 

work. However, in the previous study, the Poisson distribution was used to estimate the 

failures to observe the microbial groups possibly belonging to the core community, which it is 

different from our purpose with the Poisson distribution. 

In the grapevine database, Zarraonaindia et al., (2015) identify shared OTUs across 

grapevine organs (flower, leaves, grapes, root), root zone, and bulk soil over two growing 

seasons. The authors reduced the cutoff to 75% of the samples to determine the core 

community. This decision was justified by the authors due to the absence of OTUs occurring 

across all samples.  



35	
	

	
The maize database is the only one not previously used to determine the core 

community. The authors aimed to determine the impact of genetic variance on the 

composition of bacterial communities that live in the maize rhizosphere (Peiffer et al., 2013). 

The biological observation matrices (BIOM) derived from these data were obtained 

from the Earth Microbiome Project (EMP; http://www.earthmicrobiome.org), available on the 

Qiita platform (https://qiita.ucsd.edu). We used the BIOM files due to the similar treatment of 

data by bioinformatics, including quality filters and assignment of OTU taxonomy (Caporaso 

et al., 2011; Elli et al., 2010; Peiffer et al., 2013; Zarraonaindia et al., 2015). We used the 

software Qiime (Caporaso et al., 2010) to convert the BIOM files into text files, which were 

further imported into the R software (Team 2016), where we analyzed it using the packages 

‘RAM’ (Chen et al., 2016), ‘vegan’ (Oksanen et al., 2016) and ‘Hmisc’ (Harrell Jr et al., 

2016). 

 

3.2.2. Methods to identify the core microbial community 

The identification of the core microbial community is conventionally obtained by 

defining limits of frequency across the samples, i.e., a core community could be defined as 

microorganisms occurring in all samples (100% of occurrence frequency) or in a part of the 

samples (varying from 30% to 90% of frequency). For example, Ainsworth et al., (2015) 

identified the ubiquitous endosymbiont bacterial community (or core community) associated 

with corals using the cut-off of 30% for the occurrence frequency. Similarly, the human, mice 

and grapevine studies were used determined the core community, respectively at levels of 

100%, 100% and 75% of occurrence frequency across the samples. We used a range of limits 

- 30, 40, 50, 60,70, 80, 90 and 100% of occurrence frequency - based on the OTU tables 

across the samples to verify the difference in the core microbial community selected by these 

methods. 

The method proposed here is based on the probability test for the distribution of each 

microorganism (indicated by OTU) among samples, what is directly linked to the probability 

of its occurrence in every sample of the given environment. This probability test is based on 

the Poisson distribution, which is a discrete random probability regression model. The 

Poisson distribution expresses the probability of events occurring in a period (Rao and Rubin, 

1964). Here we treat events as OTUs across a series of collected samples. The Poisson 

distribution has been previously used in biogeographic studies to predict the abundance of 
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species in a targeted ecosystem (Vincent and Haworth, 1983; Guisan and Zimmermann, 2000) 

or to support the Phylotype Sampling Model (Turnbaugh et al., 2009), where the authors 

verify the sampling error expected given the sample size and the probability of observing the 

minimum abundance of a microorganism in any sample. 

The probability (P) of Poisson distribution is obtained by equation (1): 

(1)     ! " = $"	&'$ "! 

Where, the lambda (λ) and x respectively represent the average of relative abundance 

and the occurrence frequency of each taxon across the communities. Using this formula, we 

have tested two hypotheses: H0 – the individual (OTU) fits in the Poisson distribution and 

thus has a probability of occurring in every sample, indicating that it can not be excluded from 

the core microbial community; H1 – the individual does not fit in the Poisson distribution, and 

thus does not have a probability to occurs in every sample, supporting its exclusion from the 

core microbial community. 

The identification of the core microbial community by the Poisson distribution starts 

with the determination of the average of sequences per community source (N in the equation 

2), the average of relative abundance of each taxa across communities (p in the equation 3) 

and the occurrence frequency of each taxa across communities (f in the equation 4). 

(2)     N= Total number of sequences
Number of OTUs

, 

(3)     ) = *+,
-./
,	×	1 , 

(4)     2 = 3-45,
-./
,	×	1 , 

Where, the n is the number of samples, ab is the abundance of OTUs and rich is the 

richness of OTUs. The p and f are calculated with values of ab and rich > 0, and they are 

used in the Poisson distribution, where the λ is obtained per OTU by the equation (5): 

(5)     6 = 1	×	) 

The fitness of OTUs in the Poisson distribution is verified by the R2 (adjusted) and p-

value. The arbitrary (thresholds of 30, 40, 50, 60, 70, 80, 90 and 100%) and the probabilistic 

(Poisson distribution) methods resulted in OTU tables for the core microbial community and 

the “variable” community (made of those that do not belong to the core community). The 

statistical analyses comparing the results were performed using the R software version 3.2.2 
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(R Core Team, 2015), including the Shannon index. We also developed a function in R, which 

identifies a core microbial community by the method based on the Poisson distribution. 

 

3.3. Results 
3.3.1. The probabilistic method to identify the core microbial community 

Despite the importance of the core microbial community, their identification has been 

based on arbitrary cutoffs. Thus, we developed a new method to identify a core microbial 

community based on the Poisson distribution. Using this probabilistic method, we identified 

core microbial communities for each dataset selected for analysis with R2 varying between 

0.46 (mice) and 0.91 (grape), and with p-values as lower than 0.05. The obtained curves 

indicated the occurrence of OTUs with distinct frequencies as components of the core 

microbial communities, what is not observed when other approaches are used (Figures 3.1, 

3.2, 3.3 e 3.4). 

Using the mice dataset as an example, the core microbial community identified by the 

probabilistic method (Figure 3.1A) differs from the core microbial community identified by 

the thresholds used conventionally (Figure 3.1B). The same differentiation was observed for 

the human, maize, and grape datasets (Figure 3.2, 3.3, and 3.4). In all analyzed datasets, we 

could not detect OTUs with 100% of occurrence frequency. However, when using other 

values for cut-offs, the numbers of OTUs belonging to the core community increased with 

decreasing threshold values (Figures 3.1B, 3.2B, 3.3B, and 3.4B). In addition, it was 

demonstrated by the new proposed method that most of the OTUs previously named as a 

component of the core community by the arbitrary frequency-based methods, did not fit the 

Poisson distribution (Figures 3.1A, 3.2A, 3.3A, and 3.4A), thus indicating a low probability 

thus these occur in every sample collected. 
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Figure 3.1 – Comparison of the core and variable communities from mice database identified by the 
probabilistic method based on the Poisson distribution (A) and by the arbitrary frequency cutoffs used in 
the literature (B) 
	
	

 
Figure 3.2 – Comparison of the core and variable communities from human database identified by the 
probabilistic method based on the Poisson distribution (A) and by the arbitrary frequency cutoffs used in 
the literature (B) 
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Figure 3.3 - Comparison of the core and variable communities from grape database identified by the 
probabilistic method based on the Poisson distribution (A) and by the arbitrary frequency cutoffs used in 
the literature (B) 
 

 
Figure 3.4 – Comparison of the core and variable communities from maize database identified by the 
probabilistic method based on the Poisson distribution (A) and by the arbitrary frequency cutoffs used in 
the literature (B)	
 
 

Using the new method, we could find a greater number of OTUs classified as belonging 

to the core community (Table 3.2). For example, the core microbial community identified in 



40	
	
the mice database is composed of 170 OTUs using the threshold of 30% of frequency in the 

arbitrary method, and 1,717 OTUs using the method based on the Poisson distribution.  

 
Table  3.2- Number of OTUs obtained by the arbitrary and probabilistic methods across the databases 

 
 Databases 

  Grape Maize Human Mice 
Methods Core Variable Core Variable Core Variable Core Variable 

A
rb

itr
ar

y 
tr

es
ho

ld
s 

30% 211 8,372 272 10,475 206 15,923 170 4,325 
40% 109 8,474 145 10,602 93 16,036 82 4,413 
50% 40 8,543 80 10,667 42 16,087 35 4,460 
60% 15 8,568 39 10,708 24 16,105 19 4,476 
70% 5 8,578 19 10,728 12 16,117 5 4,490 
80% 0 8,583 5 10,742 2 16,127 2 4,493 
90% 0 8,583 3 10,744 0 16,129 0 4,495 
100% 0 8,583 0 10,747 0 16,129 0 4,495 

Poisson 
distribution 5,039 3,544 5,294 5,453 8,751 7,378 1,717 2,778 

 
The percentage of sequences belonging to the core community as determined by the 

newly proposed method varied among datasets (Figure 3.5). For example, the core microbial 

community in grape and human represents 58.71% and 54.26% of total sequences, 

respectively. The core community associated with maize was nearly 50% of the sequences, 

and the mice data indicated the lowest percentage of sequences belonging to the core 

community (38.20%). 
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Figure 3.5 - Relative abundance of OTU classified as belonging to the core or variable communities in 
whole microbial community from environmental (grapevine and maize) and host (human and mice) 
databases, as determined by the distribution of Poisson 
	

3.3.2. The composition of the core microbial community identified by the probabilistic and 
arbitrary methods 

We found variation in the distribution of OTUs among taxonomic groups, even at the 

phylum level, when comparing results from distinct methodologies applied to all data. The 

number of phyla identified by the method proposed here is higher than those determined by 

the arbitrary methods.  

In the mice analysis, the method based on the Poisson distribution identified the same 

three phyla as the arbitrary method (Actinobacteria, Bacterioidetes, and Firmicutes) and also 

identified eight more phyla (Cyanobacteria, Fusobacteria, Lentisphaerae, Proteobacteria, 

Synergistetes, Tenericutes, TM7, and Verrucomicrobia) as members of the core microbial 

community (Figure 3.6). Similar results were observed for the human, maize and grape data 

(Figures 3.7, 3.8, and 3.9).  
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Figure 3.6 - Relative abundance of bacterial phyla in the core communities derived from the mice 
database, as determined by the arbitrary cutoffs or by the probabilistic model based on Poisson 
distribution 
	

 
Figure 3.7 - Relative abundance of bacterial phyla in the core communities derived from the human 
database, as determined by the arbitrary cutoffs or by the probabilistic model based on Poisson 
distribution 
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We also observed for the arbitrary methods that the number of groups and the structure 

of the microbial core community identified are entirely dependent on the threshold level 

chose. For example, the Cyanobacteria and Proteobacteria are respectively the higher (70% 

of the relative abundance) and lower (5% of the relative abundance) phyla identified at the 

90% of the occurrence frequency for the maize database (Figure 3.8). However, using the 

30% of the occurrence frequency, the Proteobacteria phylum represent more than 50% of the 

abundance in the microbial core community. 

 

 
Figure 3.8 - Relative abundance of bacterial phyla in the core communities derived from the maize 
database, as determined by the arbitrary cutoffs or by the probabilistic model based on Poisson 
distribution 
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Figure 3.9 - Relative abundance of bacterial phyla in the core communities derived from the grape 
database, as determined by the arbitrary cutoffs or by the probabilistic model based on Poisson 
distribution 

 
We also confirmed the higher diversity of the core community identified by the 

proposed method by comparing values of the Shannon index derived from communities 

obtained using each approach (Table 3.3).  
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Table  3.3 – Bacterial diversity, represented by the Shannon index, databases from environmental 
(grapevine and maize) and host (human and mice) databases, as determined by the the arbitrary methods 
or by the distribution of Poisson 

 

  
Databases 

Core methods Mice Human Maize Grape 

T
hr

es
ho

ld
s 

30% 4.48 4.23 3.61 3.59 
40% 3.78 3.65 3.13 2.93 
50% 2.93 2.93 2.71 1.95 
60% 2.35 2.59 2.26 0.9 
70% 0.95 2.03 1.85 0.42 
80% 0.34 0.54 1.24 0 
90% 0 0 0.46 0 

100% 0 0 0 0 
Poisson distribution 7.03 8.6 8.18 8.04 

 
3.4. Discussion 

The occurrence of a core microbial community given a habitat has been associated with 

a coevolutionary process. For example, a core microbial community was identified in ants 

with similar trophic niches, playing important roles as fixing, recycling, or upgrading nitrogen 

(Anderson et al., 2012). Thus, the dispersal of ant species may be correlated with their 

specific core microbial community. The importance of the core microbial community is also 

observed in human gut, maintaining the gut homeostasis (Sekelja et al., 2011); in insects 

promoting nutrition and defense (Douglas, 2011); in zebrafish, playing a role in vertebrate 

immunity (Star and Jentoft, 2012), and in rhizosphere of A. thaliana, promoting plant growth 

(Schlaeppi et al., 2014).  

However, the arbitrary methods used to identify the core microbial community are 

based on arbitrary thresholds of occurrence frequency. The arbitrary methods can generate 

two main problems: the failure to identify taxa that belong to the core microbial community 

(false negatives), and the improper inclusion of taxa as a member of the core microbial 

community (false positives). These issues are mainly related to the limited capacity of 

methods to assess the full content of microbial complex communities. In combination, these 

failures might have blurred our view, limiting proper inferences on the functionality of the 

core communities in microbial communities and their associated hosts and environments. In 

this work, we aimed to solve this problem, proposing a new method to identify the core 

microbial community using a probabilistic method, based on the Poisson distribution. We 

compared the efficacy of this method to those based on arbitrary cut-offs in four available 
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databases, covering microbiomes of humans (tongue, gut, and palms), mice (gut), grapevine 

(plant organs and bulk soil) microbiome, and maize rhizosphere. 

Despite the distinct characteristics of size, number of samples, or sequencing 

technologies of each dataset (Table 3.1), the Poisson distribution fit to each microbial 

community, and succeeded in identifying the possible members of the core community. As 

the results were based on a probabilistic method, we expected that our proposed method 

would identify a group closer to the real core community than the group identified by the 

arbitrary methods. We observed that the probabilistic method proposed here generated a 

probable core microbial community greater in frequency, richness and diversity (Table 3.3) 

than those obtained by the arbitrary methods. Especially, these differences were found for the 

occurrence of OTUs with low abundance, much more pronounced in the core community 

obtained by the method based on the Poisson distribution. In the literature, the 

microorganisms with low abundance are defined as components of the rare community or rare 

biosphere (Galand et al., 2009). The rare community was first described as microorganism 

with low growth rates, which could act as a “seed bank” of species or genes important to 

maintain the functional redundancy of a system (Pedrós-Alió, 2006). These taxa could 

become dominant (in high abundance) under different conditions (Shade et al., 2014). Under 

this view, the rare community is classified as conditionally rare taxa (CRTs), suggested to be 

ubiquitous in some systems (Shade and Gilbert, 2015). As the core microbial community, the 

CRTs is described as an important group to determine the stability and functional resilience of 

the system. Unfortunately, when arbitrary methods are used to determine the core community 

these CRTs are rarely identified as members of the core community due to their lower 

frequency (for example, see Figure 3.1B). These groups could be properly classified within 

the core community using the proposed method.  

In some cases, the cut-offs used may fail to identify members of the core microbial 

community, which could be called “false negatives”. For example, data from Turnbaugh et 

al., (2009) representing our mice database, did not identify a core microbial community 

across 100% of samples from the gut microbiome of mice. However, comparing the bacterial 

phyla found in obese and lean mice, the authors found a similar frequency of Firmicutes 

across the samples. Applying our approach to this dataset, most OTUs named as components 

of the core microbial community belong to the phylum Firmicutes (Figure 3.6). The authors 

also indicated the distinct proportions of the Bacteroidetes and Actinobacteria phyla 
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associated to obese and lean mice. Both phyla were also detected by the probabilistic method, 

with OTUs affiliated with these groups as components of the core microbial community.  

In order to avoid problems related to the core concept, some researchers have used the 

term persistent which is applied for taxa with a high occurrence frequency, but below to 

100%, and transient which is used for taxa occurring in a lower number of samples. For 

example, Caporaso et al., (2011) did not found a temporal core microbial community across 

the human-derived samples, but the authors identify a persistent and transient communities, 

arbitrary classified as those occurring in 60% or 20% of samples, respectively. Using this 

dataset (Caporaso et al. 2011), we identified a probable core community (based on OTUs) 

across all of the human site samples made of 8,751 OTUs (Figure 3.7). The authors identified 

classes belonging to the phyla Firmicutes, Proteobacteria, Bacteroidetes, and Tenericutes 

phyla communities in the human gut. Similar result was obtained by our approach, with the 

major affiliation of the OTUs to the phyla Firmicutes, Proteobacteria, and Bacteroidetes. We 

believe that our approach better succeeds to identify the core community for two reasons. 

First, our method identified core communities across assessments previously identified as not 

having a core community (as determined by the 100% of frequency occurrence). Second, our 

method could abolish the use of subjective and arbitrary concepts, such as “persistent” or 

“transient” communities. 

The same efficiency was observed applying our proposed method to datasets derived 

from environmental studies. Peiffer et al., (2013) exposed a detailed experimental design to 

identifying a core microbial community in the bulk soil and maize rhizosphere cultivated at 

four different site. In this dataset, our proposed method identified 5,294 OTUs as components 

of the core microbial community (Figure 3.3), which was almost half of the total OTUs 

(Figure 3.5). Interestingly, with exception of the 90% threshold, Proteobacteria phylum was 

the dominant group identified by the proposed and arbitrary methods (Figure 3.8).  

Zarraonaindia et al., (2015) suggested a bacterial core community identified by three 

OTUs across 75% of samples from grape (leaves, flowers, grapes, and roots) and soils, over 

two growing seasons. These OTUs were associated with the genera Bradyrhizobium, 

Steroidobacter and Acidobacteria. Using this dataset, the core community estimated by the 

arbitrary method (with 70% of occurrence frequency) identified five OTUs, all in accordance 

with taxonomic results previously described. By using our proposed method on the same 

dataset, 5,039 OTUs were identified as belonging to the core community (Figure 3.4A and 

3.4B). In addition, the Cyanobacteria phylum, which was a dominant group identified by the 
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arbitrary methods (90% of relative abundance; Figure 3.9), was identified as a small group of 

the core microbial community using the probabilistic method. 

Taking together, the results obtained in this study, clearly show that it is possible to 

identify a core microbial community, derived from multiple communities, by a probabilistic 

model. The probabilistic model revealed that the core microbial community could be higher in 

abundance and diversity than previously expected and described. This method also indicated a 

strong presence of the rare community to the core microbial community, what has been 

neglected by the arbitrary methods used for the determination of core communities. The 

probabilistic model can extend our knowledge about the core microbial community, revealing 

news roles of this group in the functionality systems. The better knowledge on core microbial 

functions could support more robust studies in several fields, from human health (Zaura et al., 

2009) to increase the crop production. The microbial core community could also be used as 

indicators of system perturbation (Shade and Handelsman, 2012), informing with a high 

precision a disease occurrence, or being used to adjust the composition and quantity of 

fertilization applied in a crop field. Future study investigating the core microbial community, 

the drivers of its composition of the functionality of this microbial group, would be possibly 

provided of a more realistic strategy to define it. The probabilistic model is a new tool to step 

forward in the microbial community investigation. 
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4. SPATIAL AND TEMPORAL DYNAMICS OF THE MICROBIAL 

COMMUNITIES IN SOILS CULTIVATED WITH SUGARCANE 
	

Abstract 
The identification of the core microbial community has been suggested as an important 

tool to understand the association of microorganisms and hosts or environmental systems. 
However, how abiotic components, such soil chemistry or physics, and crop management 
which could modulate the core and variable microbial communities remain unclear. Here, we 
identified the core and variable microbial communities across soils cultivated with sugarcane 
in four different soils, under distinct climate and crop managements, sampled along two years. 
Using a probabilistic model based on the Poisson distribution, we identified the core of 
bacterial and fungal communities which represented 70.35% and 57.55% of their respective 
communities. While the structure of the variable bacterial community showed a significant 
correlation with pH (12.37%), phosphorus (13.53%), and sulfur (8.28%), the difrerential 
structuring of the core bacterial community was correlated with temperature (1.67%). Similar 
results were observed for core fungal community. We also observed differences on the 
predictive functionalities of these fractions of communities, with genes involved in nitrogen 
fixation (NifDKH) more predicted in the core bacterial community and genes involved in 
nitrification (AmoCAB) in the variable bacterial community. Overall, this study indicates that 
the core microbial community differs from the variable community in taxonomic 
composition, correlations with the abiotic components and also may have specific 
functionalities in soils. It certainly constitute a new view of the microbial systems in soils, 
supporting the progress for a more efficient management of microbial communities in 
agriculture. 
 
Keywords: Sugarcane; Soil; Bacteria; Fungal; Core community; Variable community 
 
4.1. Introduction 

Understanding the dynamics of the microbial communities in cropping systems is one of 

the most important keys to develop a more sustainable crop system (Andreote et al., 2014). 

The identification of the core microbial communities has emerged as an important tool 

revealing the microorganisms intimate associated with a host or an environmental system 

(Shade and Handelsman, 2012; Schlaeppi et al., 2014; Nogueira et al., 2015). The microbial 

core community is defined as ubiquitous microorganisms associated with habitat and 

persisting along time (Shade and Handelsman, 2012). Given a habitat, the occurrence of a 

core microbial community has been associated with a co-evolutionary process (Pédron et al., 

2012; Schlaeppi et al., 2014), attributing to this group essential roles in the habitat. For 

example,  it was identified an abundant core microbial community for the activated sludge 

ecosystem, which is made of microbial groups highly associated with carbon turnover 

(Saunders et al., 2015). 
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In crop systems, a shared microbial community has been identified across the plants, 

such as grapevine (Zarraonaindia et al., 2015) and sugarcane (Yeoh et al., 2015; Souza et al., 

2016). Souza et al. (2016) described the occurrence of core bacterial and fungal communities 

inhabiting the endophytic and exophytic compartments of roots, shoots, and leaves of 

sugarcane. The authors also indicated that despite the core microbial community are 

composed by less the 20% of total microbial richness, they represent 90% of the microbial 

community in abundance. Also, for the microbiome of the sugarcane roots, it was verified that 

different quantities of nitrogen fertilizers showed little effect on the structure of the core 

microbial community (Yeoh et al., 2015). Thus, the next step in the core microbial studies is 

to understand what abiotic components, as soil chemistry or physics, or climate variables, 

could drive the differential display of the core and variable microbial communities.  

In this study, we identified the core and variable microbial communities across soils 

cultivated with sugarcane, sampled along two years. The soil samples were obtained from 

four distinct experimental fields cultivated with the same plant variety, under different soil 

attributes, climate and crop managements. The core microbial communities were identified by 

a probabilistic model based on the Poisson distribution, which tests the probability of each 

taxon to occurs in every sample collected (for details check chapter 2). Here, we hypothesized 

that i) there are bacterial and fungal core communities across the soils cultivated with 

sugarcane; ii) the core and the variable microbial communities are differentially structured by 

distinct abiotic components, and iii) the core and the variable microbial communities may 

host different functions in the soils cultivated with sugarcane.  

 

4.2. Materials and Methods 
4.2.1. Experimental location and soil management treatments 

The experimental areas were established in soils previously cultivated with sugarcane. 

The experiments started in 2012 and were located in states of São Paulo (belonging to 

Iracema and Quata sugarcane mills) and Goias (Cerradinho and Boa Vista sugarcane mills), 

as observed in Figure 4.1A. The experiments were sampled during 2 years, which represents 

two annual cycles of the sugarcane crop. We used the same sugarcane plant variety for all of 

the areas (RB 96-6928), and harvesting the sugarcane crop in October of each year.  

Each experiment area was composed by 24 sub-areas (plots) consisting of 15 lines of 

sugarcane plants (0.7 m between the sugarcane lines), with the 15 m in weight and 34 m in 

length. The soil management treatments were used with four replicates random distributed, 
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and are described as conventional tillage method (Ct) consisting in the subsoiling, plowing, 

harrowing, dig furrows and cultivation of sugarcane stems; no-tillage method (Nt) which 

consist only in digging furrows and cultivation of sugarcane stems; and no-tillage with 

reduced machinery traffic (Lt) which consist of the same soil management as Nt method, but 

there was no traffic of machinery under these sub-areas avoiding the soil compaction (Figure 

4.1B). Half of the sub-areas were also submitted with a rotation of legume Crotalaria 

spectabilis, which was cultivated and incorporated in soils before the cultivation of sugarcane. 

  

 
Figure 4.1 - Experimental location and soil management treatments 

	

4.2.2. Soil samples and abiotic components evaluated 

To represent each of soil treatments, we collected five subsoil samples (0-20 cm of 

deep) per plot and mixed resulting in one soil sample. We obtained four biological replicates 

of each soil management treatment with and without rotation with a legume (Crotalaria 

spectabilis) by experimental location and for two years, which results in a total of 96 soil 

samples.  
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For the purpose of correlation analyses, we evaluated the quantity of clay, silt and sand 

of each soil sample as physical soil factors, and also measured the chemistry factors as the pH 

(in CaCl2 0.01 M), and the concentrations of phosphorus (P; determined by resin), potassium 

(K), calcium (Ca), magnesium (Mg), Sulfur (S), and aluminum (Al). The methods used to 

evaluate the chemistry and physical soil factors are described by Raij et al. (2001). We also 

measured the pluvial precipitation (mm) and environment temperature (°C) as climate factors. 

 

4.2.3. DNA extraction and phylogenetic diversity of the bacteria and fungi communities 

Total DNA was extracted from 0.25g of soil using the PowerSoil DNA Isolation kit 

(MoBio, Carlsbad, USA) according to the manufacturer's instructions. The result of the DNA 

extraction was evaluated by electrophoresis in 1.2% agarose gel in TAE buffer (400 mM Tris, 

20 mM glacial acetic acid, 1mM EDTA), in which DNA extracted product 5µl be applied and 

subsequently stained with GelRed TM and visualized in UV transilluminator. We performed 

phylogenetic description of the bacterial and fungi communities in soils cultivated with 

sugarcane. Firstly, we performed the amplification of target genes which was V6-V7 region of 

16S rRNA gene and the ITS for bacterial and fungi community, respectively. The primers 

used in bacterial community description were 967F (Sogin et al., 2006) and 1193R (Wang 

and Qian, 2009), which were described by. To distinguish the samples, an additional tag of 

five nucleotides was synthesized together with the forward primer (http://vamps. mbl.edu/). 

The bacterial PCR reactions were adjusted to a final volume of 50 µl contained with final 

concentrations of 1X Platinium Taq PCR Buffer, 2 mM MgCl2, 0.2 mM dNTP, 0.4 mM of 

each primer, 0.1 U.µL Platinium Taq DNA polymerase (Invitrogen, São Paulo, Brazil), 33 µl 

of optima water and finally, 1 µl of DNA template. The bacterial PCR reaction conditions 

were 94 °C for 5 min, followed by 30 cycles of 94 °C for 30 seconds, 57 °C for 45 seconds 

and 72 °C for 1 minute, and a final extension of 72 °C for 10 min. For the fungi community, 

the primers used were ITS1f (Gardes and Bruns, 1993) and ITS2 (White et al., 1990), and it 

was also synthesized a tag of five nucleotides with the forward primer to distinguish the 

samples. The fungi PCR reactions were also adjusted to a final volume of 50 µl contained 

with final concentrations of 1X Platinium Taq PCR Buffer, 2.5 mM MgCl2, 0.2 mM dNTP, 

0.4 mM of each primer, 0.05 U.µL-1 Platinium Taq DNA polymerase (Invitrogen, São Paulo, 

Brazil), 32.4 µl of optima water and finally, 1 µl of DNA template. The fungi PCR reaction 

conditions used is described by Kemler et al. (2013). The PCR products of bacterial and fungi 

communities were purified with ChargeSwitch PCR Clean-Up Kit, quantified by Qubit 2.0 



57	
	

	
Fluorometer (Life Technologies), and finally sequenced on Ion Torrent® personal genome 

machine (PGM) system and using the Ion 316TM Chips (Life Technologies) according to 

Kavamura et al. (2013) and Kemler et al. (2013). 

The Ion Torrent sequences were analyzed using QIIME 1.9.0 (Caporaso et al., 2010). 

Using the tutorials availables at QIIME website (http://qiime.org/tutorials/index.html), we 

first converted the fastq files of bacterial and fungi samples into fasta and quality file. The 

quality filters used were sequences equal or higher than 200 bp and had an average quality 

score equal or higher than 20. Similar sequences of  were assign to operational taxonomic 

units (OTU) using the swarm method (Mahé et al., 2014). We performed the selection of the 

representative set of sequences of each OTU by the most abundant method and assigned the 

taxonomy using the Greengenes database for bacteria community and UNITE database for 

fungi community, both with uclust method and 97% of similarity. Finally, we assembled a 

table of OTU taxonomic identified for bacterial and fungi community with their respective 

abundance per sample. The OTU table of bacterial and fungi was used to verify the taxonomic 

composition across the treatments, identification of the core and variable communities, and 

also to correlated with abiotic components. However, before the statistical analyses, we 

rarified the OTU table of bacterial and fungal communities. 

 

4.2.4. Identifying the core and variable microbial communities by a probabilistic method 

Using the average of relative abundance of each taxa across communities and the 

occurrence frequency of each taxa across communities, we fitted the Poisson distribution on 

OTUs testing the hypotheses whether H0 – where the OTU fits in the Poisson distribution 

presenting a probability to occurs in every sample, belonging to the core community; or H1 – 

where the OTU does not fit in Poisson distribution indicating that it does not have a 

probability to occurs in every sample, belonging to the variable community.  

The probability (P) of Poisson distribution is obtained by  

7 8 = 68	9'6 8! 
Where the lambda (λ) and x respectively represent the average of relative abundance 

and the occurrence frequency of each taxon across the communities. We designed a script in 

software R to identify the microbial core and variable communities. 
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4.2.5. Prediction functionality of the core and variable bacterial communities 

Before the identification of the core and variable communities by the Poisson method, 

we used the ‘Tax4Fun’ R package (see Aßhauer et al., 2015) to predicted the functionality of 

each OTU resulting in the KEEG Orthology (KO) codes at the molecular level. The table 

containing the samples and KO codes were standardized in a range of -1 to 1 and used in 

‘Pathview’ R package, selecting the nitrogen (KO00910) and sulfur (KO00920) metabolic 

paths. 

 

4.2.6. Statistical analyses 

In order to verify the variance of abiotic components, we transformed the chemical, 

physical and climate values by Hellinger method and performed the principal components 

analyses (PCA). The samples in PCA analyses were classified by the experimental location 

(Iracema, Quatá, Cerradinho, and Boa Vista), and also by the time of the experiment (first and 

second year). The variance of bacterial and fungi communities was evaluated by the non-

metric multidimensional scaling (NMDS) using the Bray-Curtis similarity. The size of the 

core and variable communities and also the taxonomic compositions were verified using bar 

plot graphics. We evaluated the composition of the whole community and also of the core and 

variables portions of bacterial and fungi communities. Using the permutation MONOVA 

(PERMANOVA), we verified the correlation of each factor including time, crop 

managements, soil chemistry, soil physical, and climate, with the whole bacterial and fungi 

communities, and also with the portions of the core and variable communities. The abiotic 

components used in PERMANOVA analyses were also transformed by Hellinger method, and 

for the microbial tables, we also used the Bray-Curtis similarity. The statistical analyses and 

transformations were performed using the R software version 3.2.2 (R Core Team, 2015) and 

the packages ‘RAM’ (Chen et al., 2016), ‘vegan’ (Oksanen et al., 2016) and ‘Hmisc’ (Harrell 

Jr et al., 2016). 

 

4.3. Results 
4.3.1. Establishing the experimental field background 

To identify the core and variable microbial communities in sugarcane soils, we firstly 

verified how different the experimental fields are. The variation of the soil attributes 

(chemical and physics) and climate factors (precipitation and temperature) was confirmed 

across the four distinct experimental fields. In overall, the precipitation was the main factor 
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that explains the variation between the samples from the first and second year for the four 

experimental fields (Figure 4.2). The soil characteristics from experimental fields of Quata 

and Iracema were clearly different in both periods. The Quata samples showed a high quantity 

of sandy, while Iracema samples showed higher amounts of clay and nutrients, including 

phosphorus, sulfur, and potassium. The Cerradinho and Boa Vista soil samples showed a high 

quantity of calcium, more pronounced in the second year (Figure 4.2). 

 

 
Figure 4.2 – Principal component analysis of soil attributes and climate factors obtained in each 
experimental field (indicated by different colors) during the first (triangules) and second (circles) years of 
sugarcane cultivation. Vallues in axes indicate the amount of variance explained in each axis 

 
The second step aimed to verify the differential behavior of the bacterial and fungal 

communities across the areas, treatments and period (first and second year). We obtained a 

total of 5,579,534 and 7,159,659 of bacteria and fungi sequences, respectively, which we 

rarified to 7,300 sequences/sample for bacteria and 5,660 sequences/sample for fungi 

community. As it can be seen in Figure 4.3A, the bacterial community was distributed in four 

distinct groups (ANOSIM R= 0.95, p-value = 0.001) related to experimental fields. We 

observed similar results for the fungal community (Figure 4.3B), where the samples were also 

divided by experimental location (ANOSIM R= 0.85, p-value = 0.001). However, the fungal 

community from Boa Vista, Cerradinho, and Quata samples were more similar (ANOSIM R 

= 0.65, p-value = 0.001) than Iracema samples. There were no significant distinctions for the 
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communities of fungi and bacteria between the periods (ANOSIM R < 0.05, p-value > 0.05). 

In overall, we can state that distinctions were first placed due to locations, then between the 

two years analyzed, and lately by the treatments composing the experiment in each analyzed 

field. 

 
Figure 4.3 – Distribution of the whole bacterial (A) and fungal (B) communities across expeirmental fields 
(indicated by different colors) during the first (triangles) and second (circles) cultivating year. Vallues in 
axes indicate the amount of variance explained in each axis 
	

4.3.2. Identifying the core and variable microbial communities of soils cultivated with 
sugarcane 

We identified the core bacterial and fungal communities using the probabilistic method 

based on the Poisson distribution.The core bacterial presented the adjusted R2 of 0.94 (p-value 

< 0.001) and the core fungal revealed the R2 of 0.59 (p-value =0.0021), by the probabilistic 

method with 95% of confidence (Figure 4.4). Amounts of 70.35% (37,652 from 53,520 

OTUs) and 57.55% (13,209 from 22,952 OTUs) of OTUs were named as members of the core 

community for bacterial and fungal analysis, respectively (Figure 4.5). 
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Figure 4.4 – Identification of the core bacterial (A) and fungal (B) community by probabilistic method 
based on the Poisson distribution. The OTUs identified as core are indicated by blue, and variable by gray 
	
	

 
Figure 4.5 – Relative abundance of OTU classified as belonging to the core or variable communities 
determined by the distribution of Poisson 
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4.3.3. Taxonomic composition of the core and variable microbial communities is different 

Although the most abundant phyla (Proteobacteria and Actinobacteria) were similarly 

found in each fraction of the bacterial community (Figure 4.6), we observed variations in the 

relative abundance of the phyla Firmicutes (core=15.1% and variable=5.9%), Acidobacteria 

(core=13.2% and variable=21.3%) and Verrucomicrobia (core=2.22% and variable=6.35%). 

We also observed the prevalent contribution of the families Bacillaceae (core=7.84% and 

variable=2.96%) and Paenibacillaceae (core=1.33% and variable=0.89%) for distinctions 

found in the phylum Firmicutes; and Koribacteraceae (core=2.97% and variable=4.86%) and 

Solibacteraceae (core=0.66% and variable=1.58%) for variations of Acidobacteria. 

For the analysis of the fungal community (Figure 4.6), Ascomycota was the most 

abundant phylum identified, showing a high relative abundance for the core (96.9%) and 

variable (73.41%) communities. We also verified a strong variance for the phylum 

Basidiomycota, which was 2.17% in the core community and 24.96% in the variable 

community. Inside of the phylum Ascomycota, the most abundant families such as 

Nectriaceae (core=39.2% and variable=8.58%), Hypocreaceae (core=5.36% and 

variable=1.84%), and Dipodascaceae (core=0.33% and variable=6.85%), showed clear 

differences between the core and variable fungi communities. In the variable fungi 

community, the family Filobasidiaceae (core=0.15% and variable=2.48%) was the main 

divergence belonging to Basidiomycota phylum. 
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Figure 4.6 – Taxonomic composition of the core and variable microbial communities at the Phylum level 
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4.3.4. The distinctions of drivers modulating the core and variable communities 

Besides the differences found in the taxonomic composition of the core and variable 

microbial communities, we also verified their correlation with several measured abiotic 

components. Using the PERMANOVA, we verify the correlation of time (first and second 

year of experiment), crop managements (soil treatments and rotation), soil chemistry (pH, 

phosphorus, sulfur, potassium, calcium, magnesium, aluminum, and H+Al), soil physics 

(sandy, clay, and silt), and climate (precipitation and temperature) with the whole community 

of bacterial and fungal communities, and also with the groups of the core and variable 

communities. In overall, almost 50% of the community variance was explained by the 

quantified abiotic components, except for the core bacterial community, where only 27.52% 

was explained (Table 4.1). We observed that the whole microbial community and their 

partitions in the core and the variable microbial communities showed a small but significant 

correlations with time.  

We identified that percentages of correlations between the abiotic components and 

whole microbial communities were between the values observed for the core and variable 

microbial community correlations. Also, the whole bacterial and fungal community were 

correlated with distinct abiotic components. For example, while the fungi community was 

highly correlated with soils physics, the bacterial community was more correlated chemical 

characteristics of the soils. 

However, the most important observation in this analysis is the clear variation between 

the abiotic components correlated with the core and variable microbial communities. The 

bacterial analysis showed that while the variable bacterial community was mainly correlated 

with phosphorus (13.53%), pH (12.37%), and sulfur (8.28%), these variables were not 

significantly correlated with the core microbial community (Table 4.1). Others biotic 

component, including potassium, calcium, aluminum, sand, and silt, showed a small 

difference (less than 2%) of correlation values for the core and variable bacteria community. 

We also observed that the highest significant correlation (p-value<0.05) of the core bacterial 

community with temperature (1.67%). 
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Table  4.1 - PERMANOVA analysis of abiotic componentes with the whole, core and variable microbial communities 

 Bacterial community  Fungi community 
Abiotic 

components Whole Core Variable  Whole Core Variable 

Time(1) 1.68%*** 1.26%*** 1.73%***  2.27%*** 2.62%** 2.09%** 

Soil treatments(2) (1.82%NS) (1.46%NS) (1.85%NS)  1.77%* (0.70%NS) 1.92%* 

Rotation(3) 0.52%* (0.68%NS) (0.49%NS)  0.88%* 1.21%* 0.87%* 

pH 11.22%*** (4.25%NS) 12.37%*** 
 

0.80%* 1.21%* (0.72%NS) 
Phosphorus 12.22%*** (4.21%NS) 13.53%***  4.37%*** 9.07%*** 3.52%*** 

Sulfur 7.77%** (4.12%NS) 8.28%**  (0.50%NS) (0.54%NS) (0.48%NS) 
Potassium 3.71%** 2.37%** 3.87%**  1.32%** 2.21%** 1.10%* 
Calcium 1.21%** 0.96%** 1.24%**  1.26%** 1.17%* 1.30%** 

Magnesium (0.58%NS) (0.66%NS) (0.57%NS)  (0.53%NS) (0.60%NS) (0.51%NS) 
Aluminum 1.07%*** 1.09%*** 1.05%***  0.99%* 2.41%** 0.79%* 

H+Al (0.74%NS) (0.82%NS) (0.72%NS)  (0.43%NS) (0.79%NS) (0.36%NS) 
Sandy 1.18%** 0.90%* 1.21%**  14.18%*** 3.15%*** 15.72%*** 
Clay 1.40%*** (0.99%NS) 1.45%***  16.76%*** 30.17%*** 14.66%*** 
Silt 1.38%* 1.10%** 1.41%*  9.10%*** (0.62%NS) 10.10%*** 

Precipitation 1.07%** 0.97%** 1.07%** 
 

0.82%* 1.12%* 0.79%* 
Temperature (2.75%NS) 1.67%* (2.90%NS)  (0.84%NS) 1.91%** (0.76% NS) 

Residuals 49.69% 72.48% 46.26% 
 

43.21% 40.51% 44.32% 
(1) First and second year of experiment; (2) No-tillage, No-tillage with reduced traffic and conventional methods; (3) With and without rotation 
with Crotalaria spectabilis. ***p-value >0.001, **p-value >0.01, *p-value >0.05, NS is no significant.
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The core and variable fungal communities also showed distinctions in their correlation 

with abiotic components. For instance, while the core fungal community variance was 

explained by clay contents (30.17%) and availability of phosphorus (9.07%), the variable 

fungal community was correlated with sandy (15.72%), clay (14.66%), and silt (10.10%). 

Although the observed percentage of explanation was low, the temperature was significant 

correlated (p-value<0.05), only with the core fungi community (1.91%), as similar found for 

the core bacterial community. For the crop managements, the crop rotation showed 

correlation with core and variable fungal communities (core=1.21% and variable = 0.87%), 

and the soil treatments, such conventional, no-tillage and no-tillage with reduced traffic, 

showed a significant correlation (p-value<0.05) only with the variable fungal community 

(1.92%). 

 

4.3.5. The core and variable bacterial communities display differential predictive 
functionality for nitrogen and sulfur cycling in soils 

This approach was based in the predicted functional profiles of the core and variable 

components of the bacterial community. The comparison between the patterns suggested that 

the core and variable bacterial communities may be responsible for different metabolic paths 

in the soil functioning. For example, while the genes NifDKH, involved in the nitrogen 

fixation, were more predicted for the core bacterial community and the nitrification, traced by 

the genes AmoCAB, was mainly predicted in the variable bacterial community (Figure 4.7). 

We also observed variations in the sulfur metabolism, where members of the core were 

prevalently predicted to host assimilatory sulfite reduction (genes CysND, CysC, and CysJI), 

dissimilatory sulfate reduction and oxidation (gene AprAB), and SOX system (SoxD). 
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Figure 4.7 – Predicted functionality of the core and variable bacterial communities for nitrogen and sulfur cycling in soils 
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4.4. Discussion 

Although several reports have identified a core microbial community across different 

hosts and environments, the influence of abiotic components on its structuring and 

functioning remains unclear. Here we used the soils cultivated with sugarcane, which showed 

high variance on the abiotic components across four locations to test it. The experimental 

design aimed to trace the role of soil chemistry, physics and management, together with 

climate variables, on the structuring of the whole, core and variable communities of bacteria 

and fungi. 

Using a probabilistic method, we confirmed our first hypothesis, identifying the core 

microbial community across soils cultivated with sugarcane. The core bacterial and fungi 

communities identified were made of more than 50% of their whole respectively community, 

contradicting previous reports of the core communities, as estimated by subjective 

approaches. Considering the core as OTUs occurring in the least 90% of samples, Souza et 

al., (2016) identified the core bacterial and fungi community with respectively 11,349 and 

1,711 OTUs, representing less than 20% of the whole microbial community present in the 

bulk soil, roots and shoots of sugarcane. We also observed that a great proportion of 

microorganisms with low abundance was identified as members of the core microbial 

community. Besides the possibility of the rare community composed the core microbial 

community (Shade et al., 2014), it was not previously reported. Thus, as we observed in 

chapter 2, the Poisson distribution allowed to identify OTUs as members of the core or the 

variable community despite their respective abundances. 

Comparing the taxonomic composition of the core and variable microbial communities, 

we observed variations of phyla frequency, which also could be attributed to the phenotypic 

characteristics of its components. For example, bacteria belonging to the phylum Firmicutes 

were prevalently allocated in the core community. These bacterial phyla are known to 

produce endospore (Onyenwoke et al., 2004), especially the families Bacillaceae and 

Paenibacillaceae, what could support its high frequency in soils cultivated with sugarcane. 

The Bacillaceae family have been also reported as possible member associated with monocots 

(Schlaeppi et al., 2014; Yeoh et al., 2015). Thus, the constant occurrence across the soils 

cultivated with sugarcane may be linked with the resistance capacity of this microorganism, 

which could be compound the “microbial seed bank” (Lennon and Jones, 2011), playing an 

important role in the resilience of the system (Shade et al., 2012). In the other hand, members 

of the phylum Acidobacteria were a great proportion of the variable bacterial community. 
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These bacteria are described as strongly influenced by abiotic components, resulting in its 

differential spatial distribution along a gradient of pH (Shahnavaz and Geremia, 2012). For 

fungi, the phylum Ascomycota was more abundant in the core community. Possibly, its 

persistence lies  in the capacity to produce ascospores (reviewed by Trail, 2007), or by the 

saprophytic behavior, found in the family Nectriaceae (Rodriguez et al., 1996), accounting 

for 39.2% of sequences of the core fungal community.  

We have identified the main abiotic components driving the structure of the core and 

variable communities across soils cultivated with sugarcane. The most interesting finding was 

that the core bacterial and fungal community were modulated by different abiotic factors, 

confirming out the second hypothesis. The abiotic components which are adjusted for 

sugarcane cultivation such pH, phosphorus and sulfur contents better explains the dynamics 

of the variable bacterial community and presented no correlation with changes in the core 

bacterial community. Thus, some of these correlations could be linked with the taxonomic 

compositions of the group, i.e. the high abundance of Acidobacteria in the variable bacterial 

community could explain the higher correlation of pH with the variable community. As the 

origin of the core microbial community has been associated with the host by a coevolutionary 

process (Pédron et al., 2012), the low explanation of the core bacterial community by the 

abiotic components may suggest that this group are more correlated with plants or also 

microbial interactions.  

The fungal community showed a distinct pattern, where the variations of the core and 

the variable communities were equally explained by connected abiotic components. In 

overall, the core and variable fungal communities were strongly correlated with soil physical 

components, connected to clay or sand contents. As the soil texture strongly influences the 

soil characteristics, such as water retention, soil structure, micro and macro pores (Dexter, 

2004), the correlations identified for the core and variable fungal community may indicate an 

indirect effect from other soil components. Besides the soil physics, some chemical contents 

also affected differently the core and variable fungal communities, i.e. the connection between 

the core fungal and phosphorus were clear, while this nutrient poorly modulates the 

structuring of the variable fungal community.  

In order to go further in our assumptions, we also approached the functionality of the 

core and variable communities. In this analysis, our third hypothesis was confirmed. We 

found the occurrence of specific steps of the nitrogen and sulfur transformations in soils, as 

promoted by members of the core or variable communities. These results, therefore, need to 
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be interpreted with caution, because there is no analysis of gene expression or protein 

functioning. The prediction functionality indicated the potential functionality that the 

microbial community may present (Aßhauer et al., 2015). Thus, suggesting a scenario where 

the microorganisms actually show the predicted functionality, as the variable bacterial 

community is more correlated with abiotic components, such pH, phosphorus and sulfur, this 

component may drive the nitrification process in soil. A similar scenario could be suggested 

for the core bacterial community, where the abiotic component does not influence directly the 

microbial group, as observed by Yeoh et al., (2015), but they affect the microbial function 

expression. For example, members of the core bacterial community under anaerobic condition 

could express the assimilatory sulfite reduction or dissimilatory sulfate reduction. In this 

situation, the core bacterial community could be used as biological indicators of system 

perturbation (Shade and Handelsman, 2012). 

We can derive from our observations, that distinct components of microbial 

communities, such as core and variable communities, respond distinctly to environmental 

drivers. As it is described, the problematic of the prediction for the microbial communities 

structuring and functioning, a partially relies on the expectancy of a uniform response of the 

components of microbial communities, which is not observed. Possibly, this differential 

behavior is guided by the differential interactions of microbes with their niche. While some 

components of microbial communities are exogenous, others preserve a more intimate 

connection with the ecosystem, possibly resulted from a co-evolutionary process (Pédron et 

al., 2012; Schlaeppi et al., 2014). 

The present study was designed to identify the core and variable microbial communities 

across soils cultivated with sugarcane and to name the major abiotic components driving the 

structuring of such communities. This research extends our knowledge on microbial 

communities of soils, indicating that the core microbial community differs from the variable 

community in taxonomic composition, correlation with the abiotic components and also may 

have specific functionalities. The next steps focusing on the active core and variable 

communities, using molecular techniques basing on RNA would be interesting to continue the 

exploration of the core and variables microbial communities. Continued efforts are needed to 

introduce the knowledge of microbial dynamics and functionality to crop systems 

managements, focusing on sustainable crop management. 
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5. FINAL CONSIDERATIONS 
	

This study contributed to elucidate that ecological models are important tools to reveal 

the microbial community distribution in crop systems, and future research should focus on 

reducing the arbitrary of methods used to feed  ecological models in microbiological studies. 

The fisrt landmark of this study was the development of a probabilistic method to assess 

the core microbial community, validates in several microbiologicla systems. Unlike the 

arbitrary models previously used, the probabilistic model developed revealed a bigger core 

microbial community. It also includes on the core community memebers of the rare 

community, which it has been neglected in previous approaches. Applying it for differents 

microbial systems, the probabilistic model may clarify the correlation between the core and 

the variable microbial communities with the abiotic components.  

The second important contribution of this study is the identification of the core and the 

variable microbial community in soils cultivated with sugarcane. We verified that the core 

and variable microbial communities showed distinct correlations with abiotic components, 

including the soil management, chemistry, physical, and also climate. We also observed a 

distintic predictive functionality harbored by the core and the variable microbial community, 

such nitrogen fixation and nitrification processes. 

The inclusion of the knowledge of microbial dynamics and functionality to crop 

systems managements could help the sustainability of crop system, even reducing mineral 

fertilization, or the  pesticides application. Therefore, continued efforts are needed to unlock 

the cropping system microbiome, providing scientific suport for a better management of 

microbial communities in agriculture. 
 
 




