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CHAPTER 1
General Introduction

Chapter 1

The Amazon landscape is one of the most astonishing, biodiverse, and
endangered biomes on Earth. Part of this complexity is due to the interplay between
plants and their associated soil communities. In the light of rapid deforestation, but
also restoration efforts, it is important to understand the role the soil microbiome in
succession of plant community composition and the development of abovegroundbelowground interactions. However, we currently have a general lack of
understanding the influence of land-use changes in soil microbiomes and the
aboveground-belowground interactions in which they are involved.
In the following sections of this introduction, I discuss the roles of
aboveground-belowground interactions in maintaining ecosystem stability within
the Amazon Forest. I also examine how the traditional agricultural practices
circumvent the nutrient-poor soils in a short-term but failed to achieve a long-term
sustainability.

Amazon ecosystem: high plant diversity, high plant biomass,
poor soil, and challenges for sustainable crop production
Tropical rainforests are among the world’s most complex and diverse
ecosystems (Condit et al., 2002; Laurance, 2015; Novotny et al., 2010). The Amazon
forests, the largest tropical rainforest, contain a vast biodiversity (Condit et al.,
2002), ranging from the largest trees (Slik et al., 2015; Steege et al., 2013, 2020) to
the tiniest microorganisms (Lima et al., 2015; Navarrete et al., 2015). Many factors
explain this ecosystem diversity and complexity: the homogenous climate with high
precipitation rates, narrow thermal amplitude, high solar radiation and reduced
constraint on seasonal timing of plant reproduction (Usinowicz et al., 2017). In those
conditions, plants can grow and reach higher levels of biomass ranging from 150 to
300 Mg ha-1 (Saatchi et al., 2007) even in deeply weathered and nutrient-poor soils
(Lucas, 2001). In the tropical rainforest, trees store nutrients in the form of biomass,
but the maintenance of nutrient cycling depends strongly on a complex network of
8
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aboveground-belowground interactions.
In general, the soils across the Amazon are highly weathered and nutrient
poor (Davidson et al., 2004). These characteristics play a crucial role in determining
species distributions, which according to Figueiredo et al. (2017) overcomes the
climatic conditions. Forest ecosystems growing under the constraint of nutrient-poor
substrates have developed several mechanisms to conserve the nutrients (Jordan &
Herrera, 1981), such as a dense root mat in the topsoil and intensification of nutrient
cycling through root-fungi symbiosis. Nutrients are thus accumulated in plant
biomass by a complex net of plant-soil interactions that maintain nutrient cycling. It
has only recently become possible to explore the nature of these interactions and how
they may change over time (Flores-Ferrer et al., 2021).
The storage of nutrients in plant biomass has led the tropical farmers to
develop a land use system called ‘slash-and-burn’ agriculture with shifting
cultivation. Slash-and-burn consists of cutting the vegetation, leaving it to dry for
several days and then burning it (Pollini, 2014). Not only does this provide the
necessary open space, but the fire also quickly mineralizes plant nutrients, which are
thereby made available for crops (Giardina et al., 2000; Juo & Manu, 1996).
However, the low capability of soil nutrient retention (Laurance et al., 1999;
Schaefer et al., 2008), combined with the climatic conditions of the tropics, favors
soil nutrient loss. Consequently, a few years after slash-and-burn, most of the
deposited nutrients in soil are depleted through runoff and leaching (Kauffman et al.,
1995; Thomaz, 2013). This rapid loss of soil nutrients leads to the necessity for
farmers to abandon the land and seek for another piece of forest to start a new
cultivation cycle. First, slash-and-burn strategies typically result in a peak of soil
fertility in the first 1-2 years, thereby supporting mostly the growth of short cycle
crops (e.g., maize, cassava, beans) (Gehring, 2006), and crop productivity quickly
drops after this initial nutrient burst, rendering the land unsuitable for future highyield cropping (Pollini, 2014). In sum, tropical smallholder farmers, representing the
majority of the rural community in the Amazon, face an on-going challenge of how
9
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to manage Amazonian soils to allow for sustainable crop productivity without
increasing deforestation (Jordan & Herrera, 1981).
Increased populations sizes and food demand bring the need to expand
agricultural practices, thus resulting in land conversion via slash and burn (Brady,
1996). However, given the short-term nature of nutrient release, slash-and-burn
agriculture is clearly not sustainable and come at a large environmental cost in terms
of habitat loss, declines in biodiversity and reduction of carbon storage. Still, several
steps can be taken to help ensure more sustainable use of Amazonian soil. According
to Kang (1997), the maintenance of tropical soil productivity is possible by (i)
retaining organic matter and adequate coverage of soil surface; (ii) minimizing
disruption of the soil surface; (iii) appropriate use of fertilizers; and (iv) fallow and
crop rotation. The first two topics depend strongly on the aboveground-belowground
interactions. First, plants represent the input of organic matter and provide cover to
the soil via littermass or plant canopy. Second, fallow allows plant diversity and
plant biomass to recover, which contributes to strengthen the plant contribution to
soil organic matter. Plant-soil interactions play a significant role in the ecosystem
functioning and balance of Amazon tropical rainforest and are determinant of
achieving sustainable crop production. To obtain sustainable crop production in
tropical lands, the farmers should try to mimic the natural ecosystem functioning by
(i) avoiding nutrient losses, (ii) promoting nutrient accumulation in plant biomass,
and (iii) cycling nutrients through plant-soil feedbacks. One of the most promising
agricultural practices to foster and mimic the plant-soil feedbacks found in tropical
rainforests is the use of agroforestry systems (Nair, 2013).

Agroforestry systems: alternative land use systems for the
Amazon
Agroforestry systems are land use systems based on the combination of
woody perennials trees with crops and/or animals to optimize and diversify crop
10
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production per unit of area with an enhanced interaction between the components
(Atangana, Khasa, Chang, Degrande, et al., 2014; Nair, 2014) (Figure 1). This landuse system relies on the capacity of trees to capture nutrients from deep layers of soil
and recycling them via root and litter deposition, a system called nutrient pumping
(Isaac & Borden, 2019; Seneviratne et al., 2006). Trees also provide protection
against nutrient losses by runoff, erosion and leaching by reducing the impact of rain
(Nair, 2013). The primary advantage of agroforestry systems is to control and
manage ecosystem resources i.e., nutrient use efficiency and nutrient cycling in an
integrated farm while delivering long-term food and crop production (Nair, 2014).

Figure 1 – Representation of the multiple layers in an agroforestry system. Adapted from:
Elevitch et al. (2018)

Agroforestry is a viable alternative to the slash-and-burn practices in the
tropics (Atangana, Khasa, Chang, & Degrande, 2014a; Mbow et al., 2014) because
it can improve soil quality (Pinho et al., 2012), provide ecosystem services such as
sequestration of carbon, regulation of soil erosion, pest regulation, and pollination
(Mohri et al., 2013), and reduce economic risks by providing better market flexibility
11
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via multiple products (H. Souza et al., 2012). Furthermore, trees reduce the impact
of rainfall that causes soil erosion and consequently nutrient loss (Labrière et al.,
2015), strengthening the so-called safety-net mechanisms (Seneviratne et al., 2006).
Therefore, trees in agroforestry systems might contribute significantly to the
sustainability of crop production by playing two central roles: nutrient acquisition
and soil conservation.
Agroforestry integrates biophysical, environmental, socio-economic and
cultural factors. They can be functionally as well as economically complex
(Atangana, Khasa, Chang, & Degrande, 2014b) with a range of designs and
management strategies. This variety has been captured in several classification
criteria that describe differences between agroforestry systems, thereby also
highlighting potential advantages and limitations of various systems. Although no
classification is all-encompassing, Atangana, Khasa, Chang, & Degrande (2014b)
suggested grouping agroforestry systems according to (i) rank the systems in three
main categories (agrosilvopastoral, silvopastoral and agrosilvicultural), and a
specific category for systems such as multipurpose tree lots and aqua-silvo-fishery
(combined into a single group of other systems); and, (ii) proceed with structural,
functional, socio-economic or ecological classification (Figure 2).

12
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Figure 2 – Representation of the multiple types of an agroforestry system depending on the
combination of trees, crops, and animals. Adapted from: Atangana, Khasa, Chang, &
Degrande (2014b)

In this thesis, I focused on a subset of the rank categories, namely
agrosilviculture with multipurpose trees (fruit crops, medicine, etc.). I further
classified systems according to functional, socio-economic and ecological role. I
focused on three main classes of agroforestry systems:
Commercial agroforestry: designed and optimized crop production for
market/commercial purposes, operated in medium- or large-scale (>20 ha) with paid
or contracted labor. Plants (trees and crops) are grown in a spatially regular
arrangement, receive nutrient input, and are selected according to their capacity to
yield high profits (Yamada & Gholz, 2002).
Enriched agroforestry: Natural secondary forests (5-15 years) are selected to for
the addition of plants to produce high-value products such as fruit, medicines, or
high-grade timber that provide economic benefits to households during the fallow
13
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period (Brookfield & Padoch, 1994). This system takes advantage of the natural
canopy recovered during secondary succession to grow crops and trees in the
understory. Usually, these systems are designed and established with the help of
governmental agencies or Non-Governmental Organization (NGO). Enriched
agroforestry generates income in otherwise ‘unproductive’ forest. It thereby allows
for crop cultivation in areas designated as legal reserves by governmental law or that
would otherwise lies as fallow forest after land abandonment in slash-and-burn
agriculture (Cardozo et al., 2015).
Homegarden agroforestry: This is one of the oldest land-use systems in the world
(Kumar & Nair, 2004). This type of agroforestry aims primarily to simply meet the
basic needs of local households. Functionally, it is considered as a low-intense
production system with a complex/random design and with an intensive presence of
farmer management. Typically, a homegarden begins as an integral part of the small
farmer’s house. Trees, shrubs, and herbs are selected for edible products and cash
income, as well as for their aesthetic and ecological benefits. These characteristics
allow homegarden agroforests to contain a wide range of species, which
approximates the richness encountered in natural forests (Gajaseni & Gajaseni,
1999). The crop combinations in the homegardens are strongly influenced by the
specific needs and preferences of the household and by the nutritional
complementarity of the crops. In contrast to agriculture practices, homegardens
typically have an irregular spatial arrangement that can vary over time, factors that
contribute to the unique and multistrata characteristics of such systems.
In summary, agroforestry systems are designed, intentionally or not, to optimize
resource use spatially, physically and temporally by maximizing positive and
minimizing negative interactions between plants. The primary focus of these
interactions relies on the tree-crop relationship or plant-animal interactions (Mohri
et al., 2013; Pinho et al., 2011; Somarriba et al., 2014). Only recently, have
researchers begun to focus on plant-soil interactions at an ecosystem level to
determine specifically how aboveground systems interact with the belowground
14
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factors (Flores-Ferrer et al., 2021). Such above-/belowground interactions are central
to the sustainable functioning of agroforestry systems, with major goals of such
systems including the improvement of soil physical properties, maintenance of soil
organic matter, and promotion of nutrient cycling (Isaac & Borden, 2019; Schroth &
Mota, 2014).
Given the importance of aboveground-belowground interactions on the
sustainability of agroforestry systems, it is important to examine the role of
agricultural management in reducing or intensifying these interactions. According to
Hautier et al. (2015), the anthropogenic changes in the environment affects both
plant species and soil organisms decreasing ecosystem stability, however for the
tropical conditions, this remains largely unknow. Therefore, it is crucial to determine
the degree of impact in the aboveground-belowground interactions by the different
land-use systems to understand and evaluate the sustainability of agroforestry
systems.

Plant-soil-microorganism interactions and ecosystem
functioning
The study of aboveground-belowground interactions is a relatively new area
of ecology (Bardgett et al., 2005). There have been relatively more advances with
respect to the study of belowground biotic and abiotic components (Kuramae et al.,
2012) and plant-plant interactions (Brooker, 2006). In the field of plant-plant
interactions, we now have an increasing understanding of the spatial scales of plant
coexistence (Hart et al., 2017) by using point pattern analysis to infer the nature of
interactions between plants (Wiegand & Moloney, 2004). Previous studies have
highlighted how such spatial patterns capture different aspects of forest dynamics
and biodiversity structure such as mortality rate, species richness, species abundance
distribution, beta-diversity, and the species-area relationship (May et al., 2015).
According to Haase (2001), spatial pattern analysis of plants uses coordinates to
15
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evaluate the point-to-point (plant-to-plant) distribution patterns and determines if
there is some interaction between them, the so-called point pattern analysis. Another
motivation for studying point patterns, according to Velázquez et al. (2016), relies
on the possibility of investigating the process determining the disposition of the
plants together with their characteristics as an imprint. Therefore, spatial pattern
analysis functions as an ‘ecological archive’ that contain valuable information on the
underlying process, structure, and function of the system.
On the other hand, the studies of belowground soil communities in tropical
soils has provided insights into populations distributions over space and time
(Phillips et al., 2019; Rodrigues et al., 2013), responses to global change
(Nottingham et al., 2019) and consequences of biodiversity change on plant
community dynamics (Too et al., 2018), aboveground and trophic interactions
(Barnes et al., 2014), and biogeochemical cycles (Sang et al., 2012).
Advances in molecular ecology and metagenomic approaches are providing
new tools to elucidate the detailed structure and metabolic potential of soil-borne
microbial communities, thereby allowing them to be linked with aboveground
diversity and functional patterns. Such studies are able to yield information related
to the ecosystem processes and provide clues into mechanisms driving community
assembly in such tropical ecosystems (Goss-Souza et al., 2020). Only recently have
researchers acknowledged the crucial role of these interactions in the development
and functioning of tropical ecosystems (Berkelmann et al., 2020).
Plants represent the primary source of organic matter inputs into soil via
litterfall and rhizodeposition (Ayres et al., 2009). Plants affect the belowground
subsystem via leaf litter quality (Wright et al., 2004) and specific exudation patterns
can be part of strategies to maximize resource gain or conserve nutrients. Such
strategies are particularly important in Amazonian soils due to their low capability
for nutrient retention (Laurance et al., 1999; Schaefer et al., 2008). Given the
complex network of aboveground and belowground interactions that drive the
functioning of Amazon Forest systems, sustainable use of such systems should seek
16
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to mimic and recreate these vital linkages between above and belowground
components.
Better understanding of aboveground-belowground relationships within
agroforestry systems is crucial for developing better agricultural practices capable of
enhancing both productivity and sustainability. To unify the aboveground and
belowground sub-systems, especially the soil microbiome, research has attempted to
evaluate how macroecological models can explain and predict patterns of soil
microbial abundance and diversity-abundance scaling (Shoemaker et al., 2017).
However, one should be careful when applying concepts used in macroecology to
the microbial world. The complexity of soil microbial community, the high level
spatial and temporal heterogeneity, the plasticity of microbial genomes and the high
capacity for gene transfer create a scenario where the available theories of ecology
might not be fully applicable to describing microbial population patterns.
Thus, while the use the macroecological models may be a useful starting
point in evaluating the ecological principles governing the microbial world, they
must be modified and adjusted to take the unique feature of microbial communities
into account, including limitations of microbial community data. The main
advantage of applying macroecological models consists in the possibility to assess
both plant community patterns (via spatial analysis) and soil microbial community
structure (via metagenomics) in a unified framework, thereby potentially gaining
some insight into the complex nature of aboveground-belowground interactions. A
promising unifying framework to understand the changes in plant-soil-microbe
interactions consists in evaluating the context-dependence of interactions
(Chamberlain et al., 2014) to achieve a better understanding of the trade-offs
between each component.

17
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Trade-offs in aboveground-belowground interactions
According to Chamberlain et al. (2014), interactions between different
organisms may change in magnitude and/or sign as a function of the biotic or abiotic
context, the so-called context-dependent interactions. A range of studies has been
devoted to examine the relative importance of different environmental factors in
steering soil-borne microbial community structure (Kuramae et al., 2012; Rousk et
al., 2010; Yan et al., 2019). Each community presents a different degree of codependence with the aboveground and belowground subsystems. Those different
degrees of interactions suggest a potential trade-off between aboveground and
belowground sub-systems. For example, in their evaluation of a long-term
experiment, albeit not in a tropical system, Cassman et al. (2016) provided evidence
that bacterial community shifts are mainly due to changes in soil factors (the
belowground sub-system), whereas fungal communities were more linked to plant
community diversity (the aboveground sub-system). For the tropics, Mueller et al.
(2014) reported that the variability of plant community composition rather than soil
properties or geographic distance affects fungal community composition, suggesting
that land-use changes (e.g., deforestation) might interfere in the strong link between
above- and belowground communities.
The environmental context has a strong influence on the soil microbiome.
For example, Zhou et al. (2021) showed that co-occurrences between bacteria and
fungi might shift from negative to positive following a gradient of altitude.
Additionally, Peay et al. (2013) showed that Peruvian tropical forest possesses a
fungal community diversity more dependent on the plant diversity than on soil
characteristics. However, those authors did not account for the influence of plant
biomass and the litter layer, thus missing the aboveground component. Similarly,
Cline & Zak (2015) examined the effect of secondary succession on soil microbial
communities and showed that different microbial communities may display
disparate responses to edaphic properties and plant material. Altogether, the effect
18
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on the microbial interactions and especially on aboveground-belowground
interactions remains superficial. To understand the impacts of land-use changes it is
crucial that we evaluate the aboveground-belowground interactions.

1

Thesis outline
In this PhD thesis, I focus on identifying shifts in aboveground-belowground
interactions resulting from either natural secondary succession or anthropic
management. First, I investigated plant-plant interactions with focus on the spatial
arrangement of leguminous plants (trees and lianas). After that, I focused on plantsoil interactions by evaluating the co-dependence between aboveground biomass and
soil nutrients. Here, I also was interested in evaluating the differences between
secondary forest succession and agroforestry systems to examine the impacts of
agroforestry practices on plant-soil interactions. Because of the importance of
microbial community structure for soil ecosystem functioning, I extended the
previous approach to include plant-soil-microbe interactions. I included the analysis
of soil microbial communities with novel statistical tools for community analysis
(obtained after a literature review on statistical methods) that allowed me to
determine the impact of management in the interdependency of these three
components (plant, soil, and microbiota). Based on these findings, I further discuss
the implications of different management practices in the aboveground-belowground
interactions. I also reflect on possible new approaches to develop land-uses that
strengthen aboveground-belowground interactions as a crucial step for the
sustainable land use in the tropics. The studies described here are the first attempt to
identify key land-use practices that impact aboveground-belowground interactions.
It may help to develop and implement techniques to minimize the consequences of
anthropic land use.
Plant communities affect soil subsystem and vice-versa. Anthropic
management impacts both plants and soil via different land uses; thus, interfering in
19
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the co-dependence between plant, soil, and microbial components. However, we still
know little about how anthropic management practices interfere in the codependence structure and trade-offs between the aboveground and belowground subsystems. In this thesis, I focus on identifying potential land uses that induce or
increase the co-dependence between taxa of plants and soil microorganisms by
evaluating (1) successional changes in plant community assemblage in both
taxonomic and functional composition; and (2) the effects of forest management on
above- and belowground interactions between plant biomass and soil communities
in two types of land-use systems in the Amazon forest: natural fallow after slashand-burn agriculture and agroforestry systems.
Firstly, I considered plant-plant interactions via spatial arrangements.
Although many studies have evaluated plant-plant interactions via point pattern
analysis, to date changes in plant spatial interactions under natural land recovery
after slash-and-burn agriculture remain largely unknown. In Chapter 2, I evaluated
how the spatial pattern of plants changes along natural land recovery gradient after
slash-and-burn practices in the Brazilian Amazon Biome. I focused on how the
spatial pattern of leguminous plants varies over a chronosequence of secondary
forests in comparison with mature Amazonian Forest. The findings suggest more
clustered arrangements and less stochastic distributions of leguminous plants in
young secondary forests than in late successional stages or mature forests. Moreover,
this chapter highlights the impact of repeated cycles of slash and burn agriculture
and the potential of this practice to impact plant-plant interactions, suggesting that
plant-plant interactions might increase under the stress induced by slash-and-burn
degradation.
In Chapter 3, I studied at how land-use interferes in the plant-soil
relationship by comparing secondary successional systems with agroforests. Here, I
studied managed systems with characteristics that are similar to Amazon secondary
forest, but with different intensities of management (i.e., intensely managed
commercial plantation agroforests, and less intensely managed enriched
20
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agroforests). I explored the effects of natural succession on plant and soil properties
to understand the impact of land-use on aboveground-belowground interactions.
Land use was found to have an impact on soil quality indicators and aboveground
biomass. These findings suggest that management reduced the strength of
aboveground-belowground interactions, pointing to a disruption in the plant-littersoil co-dependence. The results of this study also suggest that traditional
homegarden agroforestry may represent a strategy for sustainable rural development
system with a significant potential for improved management. Management of soil
and understory vegetation generates a situation in which plant performance
(biomass) is less dependent on soil factors.
Next, by including microorganisms in the framework of this thesis, I first
tackled the challenge of amplicon sequencing bias in Chapter 4. In this chapter, I
investigate different approaches for microbial data analysis, highlighting the
potential role of a hierarchical model based on imperfect detection to achieve more
accurate estimates of microbial community structure. This chapter also highlights
the importance of including more replicates to produce more reliable estimates of
microbial community composition.
In Chapter 5, I applied the bioinformatic and statistical tools studied in the
previous chapter to investigate the impact of management on plant-soil-microbe
interactions in the Amazon. Again, I compared the interactions during the
successional process with the management of agroforestry systems. Agroforestry
systems reshape aboveground-belowground interactions and increased the
abundance of the soil bacterial community. On the other hand, mature forests and
different stages of the secondary succession presented a higher abundance of fungal
communities. Here, I also found a reduced covariance between plant biomass and
soil factors in agroforestry systems, suggesting weaker co-dependence between
aboveground and belowground components, a disruption of plant-soil-microbial
interactions. In summary, the disruption of plant-soil-microbial interactions by
agroforestry system practices resulted in land-use systems that do not mimic the
21
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aboveground-belowground interactions occurring in mature tropical forest or being
developed along the path of secondary succession.
In Chapter 6, I integrate the findings of this thesis and discuss the role of
land use in determining the intensity of plant-soil-microbial interactions. I highlight
the impacts of both secondary succession and agroforestry practices in plant, soil,
and microbial sub-systems, and, more generally, the potential for more sustainable
agricultural practices to foster more intense plant-soil-microbe interactions.
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Abstract
Slash-and-burn agriculture and its intensification affects tropical forest succession
and may likewise impact plant spatial organization. However, little is known about
the impact of secondary vegetation succession on the spatial organization of plants.
This study explores spatial organization along succession based on mapping and
taxonomic identification /functional classification of all legume trees and lianas, and
- for comparison - of 3 abundant pioneer tree and 3 abundant liana species/genera in
central Amazonia. We investigate successional dynamics in an 18-site
chronosequence approach covering 2-25 yrs of regeneration after first-cycle shifting
cultivation and compare these with six mature rainforest control sites. Additionally,
we considered the impact of land use intensification with three second-cycle slashand-burn forests (‘degraded’ sites). We explore univariate and bivariate spatial
patterns via O-ring statistics for legume trees and lianas, and we investigate the role
of focal abundant species / genera on legume richness and evenness via individual
species-area relationship (ISAR) and spatially explicit Shannon index. Monovariate
distributions of all functional groups and of an exemplary abundant legume liana
were clustered at a scale of <5 m throughout succession, clustering was stronger for
lianas than for trees. Bivariate point patterns reveal both co-occurrence of some
functional groups and random relationships between others, and bivariate point
patterns differed between young regrowth and mature rainforests. Diversity analysis
revealed that focal species/genera had random or slightly negative effects on
surrounding legume species richness and slightly positive impacts on legume
evenness in first-cycle secondary succession. However, only a moderate land-use
intensification (2nd-cycle regrowth) strongly affected all aspects of spatial
organization of secondary vegetation, increasing clustering, co-occurrences of
functionally distinct plants, and systematic increase in focal species’ negative
impacts on surrounding legume diversity. Thus, land-use intensification affect
spatial organization of spontaneous vegetation far more than first-cycle secondary
succession does.
24

Plant spatial organization in central Amazonian forests

Introduction
Ongoing deforestation of mature rainforests together with slash-and-burn
cultivation converts Amazon forests into expanding secondary forests (Hauser &
Norgrove, 2013). Secondary forests are known to differ systematically from mature
rainforests in their structure (Gehring, Denich, et al., 2005), species diversity
(Klanderud et al., 2009), and functional vegetation composition (Gehring, Vlek, et
al., 2005). However, degradation caused by multi-cycle land use with frequent fires
and shortening fallow phases can retard or alter such successional trajectories
(Jakovac, Bongers, et al., 2016). Previous studies identified several processes that
affect spatial patterns in mature rainforests, such as the mode and range of seed
dispersal and density-dependent survival of juveniles - the Janzen-Connell
hypothesis (Peters, 2003), tree-fall gaps (Velázquez & Wiegand, 2020), and other
disturbance patterns which benefit opportunistic undergrowth and favor clusters of
heliophytes, soil fertility / edaphic niches, fire regime (Yu et al., 2009), as well as
facilitation and competition between plant species (Taubert et al., 2018; Wiegand et
al., 2007). A wide range of theories strive to explain species’ co-existence and the
high species diversity of tropical rainforests (Brown et al., 2013; Levine &
HilleRisLambers, 2009; Rosindell et al., 2011). However, we still lack an
understanding on such spatial vegetation patterns along secondary forest succession.
Due to their sessile nature, the spatial distribution of plants represents the
result of a time-integrated series of underlying biotic and abiotic processes and
interactions which form vegetation composition and diversity (Brown et al., 2013;
Wiegand et al., 2007). Wiegand et al. (2007) showed how some species are capable
of shaping diversity in their surroundings by acting as diversity repellers or
accumulators. Therefore, not only single species but also species assemblies and
species diversity vary in space. Individual key plant taxonomic or functional groups
will differentially impact the biotic and abiotic environment in their surroundings,
with specific effects on surrounding light availability (Smith & Reynolds, 2015),
25
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insect communities (Kos et al., 2015), litter-layer (Freschet et al., 2012), soil
chemistry, and microbiota in their surroundings (Uriarte et al., 2015). Consequently,
different species are likewise expected to act differentially on plant species
composition and diversity in their surroundings. Some plant species have been
classified as ‘successional facilitators’ in secondary forests, whereas others
as ’successional inhibitors’ with contrasting associations with overall vegetation
diversity (Mesquita et al., 2001). Previous research (Davidson et al., 2004, 2007)
highlighted the role of legume plants for nitrogen-recovery in secondary regrowth.
Other plant traits such as growth form can also explain how plant species influence
their surroundings. For example, the role of lianas is specially ambivalent: lianas are
known to suppress tree growth, and increase tree mortality due to their high
competitivity in capturing light (Schnitzer & Carson, 2010). On the other hand,
lianas may also increase resource availability, as species capable of biological N2fixation dominate within the liana community especially in the early stages of
succession, suggesting a key role in the restoration of the heavy nitrogen-losses
caused by preceding slash-and-burn shifting cultivation (Gehring et al., 2008). In
summary, it remains unclear how such successional changes in vegetation
composition translate into plant spatial patterns along succession, and how
degradation caused by repeated slash-and-burn cycles might interfere in the spatial
organization of successional vegetation assembly. Therefore, a closer look at plant
traits (e.g., growth form) and functionality (N2-fixation capacity) might bring new
perspectives on the processes that govern plant spatial arrangements.
This study investigates the spatial organization of woody legume trees (total
of 147 species) and lianas (total of 54 species), and for comparison of selected nonlegume pioneer trees (Goupia glabra, Laetia procera, and Cecropia spp.) and lianas
(Davilla rugosa, Memora sp., and Rourea sp.). In central Amazon, we evaluated
chronosequences of secondary succession after shifting cultivation and of mature
rainforests controls of. We explore univariate spatial patterns and bivariate
interactions at different taxonomic levels and in a combination of two different
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functional classifications (i) growth form: trees vs. lianas, and (ii) the capacity to fix
nitrogen: potentially nodulating / N2-fixing legume plant vs. non- N2-fixing plants
(both legumes and selected non-legumes). We also searched for diversity repelling
or attracting species or species-groups, and for successional shifts in spatial patterns
and interactions. Our results improve our understanding of the successional
processes of plant functional assemblages following slash-and-burn shifting
cultivation land-use.

Methods
Study region and sites
Research was conducted in 18 study sites in two recently-developed slashand-burn colonization areas, 110 km to the north (Presidente Figueiredo County) and
70 km to the east (Rio Preto da Eva county) of Manaus, central Amazonia, Brazil.
Fifteen sites (7.08 ha) represent 3–25 years of secondary forest succession (grouped
into ‘young’ 2-3-yrs.-old secondary forest (YSF, 1.46 ha), ‘mid-aged’ 5 - 10 yrs.-old
secondary forest (MSF, 3.43 ha), and ‘old’ 12-25 yrs.-old first-cycle secondary forest
regrowth (OSF, 2.19 ha). These are compared with six mature rainforest sites (MF,
4.3 ha) and a further three 4-11 yrs.-old degraded secondary forest sites after
intensified land-use (2nd-cycle slash-and-burn) (DSF, 1.48 ha). The study sites were
dispersed over an area of approximately 300 km2, thereby reducing the potential of
regional singularities. Sites were grouped into four chronosequences, each consisting
of differently aged secondary regrowth and one or two mature rainforest sites (Table
S1): (i) young secondary forest (YSF, 2-3 yrs.-old, 3 sites); (ii) mid-aged secondary
forest (MSF, 5-10 yrs.-old, 5 sites); (iii) old secondary forest (OSF, 12-25 yrs.-old,
3 sites); (iv) and undisturbed mature rainforest (MF, >100 yrs.-old, 4 sites). We also
included secondary forest following second-cycle slash-and-burn agriculture,
classified as degraded secondary forests (DSF, 4-11 yrs.-old, 3 sites), and considered
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them as a proxy for land use intensification in Amazon (Jakovac, Peña-Claros, et al.,
2016). Soils of all sites were acid, nutrient-poor and highly weathered kaolinitic
Oxisols (haplic Acrorthox). These soils are derived from the tertiary Barreiras
sediments and are remarkably homogenous throughout large parts of Amazonia, with
little variations in their low-fertility status (Cerri et al., 1991; Moraes et al., 1995).
Both first- and second-cycle land-use was standardized to manual slash-and-burn
and 1.5 yrs cassava cultivation. All sites were level and rectangular, site size ranged
between 0.2-1.1 ha and increased with forest age (Suplementary Table S1). Site
selection excluded 20-50 m wide boarder-zones to neighboring vegetation (mature
rainforests: > 100 m), more detailed site descriptions are given in previously
published papers (Gehring et al., 2008; Gehring, Vlek, et al., 2005).

Data collection and mapping
We mapped (i) all legume trees (total of 3453 plants) and lianas (total of
4910 plants), as well as (ii) all individuals of selected (abundant) non-legume trees
(total of 5 species, 3746 plants) and lianas (total of 3 species, 1927 plants) >50 cm
height occurring within the study sites to a precision of 1 m (±0.50 m). As boardereffect correction algorithms require rectangular areas (Haase, 2001), we cut off
irregular site-edges preceding analysis.
Within legume vegetation, we identified >98% of all individuals to the
species-level, in a total of 138 legume tree and 48 legume liana species. We
subsequently classified legume tree and liana species according to their capability to
nodulate and biologically fix N2 under favorable conditions as a taxonomically
defined plant trait resulting from the evolution of legume-rhizobia symbiosis (Bryan
et al., 1997; Doyle, 1994; Sprent, 2008) using literature data when available (de Faria
& de Lima, 1998; F. M. S. Moreira et al., 1993; F. Moreira & Silva, 1993; L. Souza
et al., 1994), exploratory root excavations (establishing nodulation in 3 legume liana
species), or else following plant systematic relationships derived from
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legume:rhizobia coevolution within the respective legume genus or tribe (Werner et
al., 2014). We classify 75.4% of all legume trees and 77.1% of all legume lianas as
belonging to potentially nodulating/N2-fixing species, these percentages were
systematically higher in all secondary forest sites than in the mature rainforest sites.
We furthermore mapped all plants >50 cm height of selected abundant and
characteristic non-legume tree species (Goupia glabra Aubl., Laetia procera
(Poepp.) Eichl., Cecropia sciadophylla Mart, C. distachya Huber, C. purpurescens
Berg), and liana species (Davilla rugosa Poir, Memora sp., Rourea cuspidata Benth.
ex Baker). We subsequently combined the three similar Cecropia-species at the
genus level for further analyses. We selected these species due to their omnipresence
within Amazonian secondary forests, with some of these species also occurring in
the mature rainforest sites. We report on species, and functionally group all plants
into four groups: potentially nodulating legume trees and lianas and selected nonlegume trees and lianas.

Data analysis
A common approach to plant spatial analysis consists of performing spatial
point pattern statistics where plants are considered points within a two-dimensional
space (Wiegand & Moloney, 2004). Monovariate point pattern analysis evaluates if
the arrangement of plants is clustered, regular or random, and bivariate point pattern
analysis reveals if two groups of plants (species or functional groups) are arranged
to one another closer than chance (‘co-occurrence’), more distant than chance
(‘repellence’) or at random.
One limitation of spatial point pattern statistics is the need of a minimum 70
points for each pattern analyzed (Wiegand & Moloney, 2013). Most studies therefore
concentrate on abundant species as focal plants, frequently comparing them with all
the other plants as a heterospecific group. Our study follows a different approach.
We focus on woody legumes (Fabaceae) and grouped them according to their growth
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form (tress vs. lianas) and their taxonomically defined capability to nodulate and
biologically fix N2. We expand the group of non-fixing species by including four
abundant non-legume tree species/genera and three abundant non-legume liana
species. For each of the 18 sites we explore spatial distribution of functional groups
with monovariate and bivariate O-ring point pattern statistics (Wiegand & Moloney,
2004). Due to insufficient number of plants, not all combinations of plant groups and
successional stages were possible. We, therefore, limited our analysis to the cases
where we had a minimum of 3 sites per successional stage to ensure sufficient
accuracy of the analysis. We compare observed point pattern distributions with
complete spatial randomness (CSR) generated by 399 Monte Carlo simulations for
the O-ring analysis both of monovariate and bivariate point patterns.
In a second step, we selected two focal potentially N2-fixing legume genera,
the tree genus Inga (32 species) and the liana genus Machaerium (13 species), as
well as the three non-legume pioneer trees Laetia procera, Goupia glabra, and
Cecropia spp, (all with ≥70 individuals per site). We explore the effects of these
focal plants as potential repellers or accumulators of legume species diversity in their
surroundings, using the ISAR function (Wiegand et al., 2007) to measure the
richness and the spatial Shannon index (Rajala & Illian, 2012) to represent the
evenness of plant diversity.
We evaluate departures from the null hypothesis using the procedures
presented by Getzin et al. (2014) and extend their application for a continuous
distance rather than a single range. This approach allows us to estimate standardized
effect sizes for both O-ring and diversity measures. Our measure of the standardized
effect size (deviation from the null hypothesis / simulation envelope) allows us to
obtain a comparable measurement of our successional stages at the same distances
while also including different sites as replicates. We combine the replicated patterns
of data from different sites with the same successional stage into one summary effect
size coupled with 95% confidence intervals, thus providing inferential information
for statistical comparison of successional spatial patterns. We interpret positive
30

Plant spatial organization in central Amazonian forests

deviations >1.96 from CSR as significant monovariate clustering or bivariate cooccurrence, as opposed to deviations below -1.96 as significant monovariate uniform
distribution or bivariate over-dispersion.
We also investigate possible effects of mixed species on the spatial patterns
of the different groups. The diversity of plant species within each plant trait group
ranged around 0.8-0.6 in the Pielou’s J evenness index (Pielou, 1966). We
furthermore explore the influence of successional stage on the diversity of each of
our legume functional groups (nodulation potential + growth form). The J evenness
index did not identify any statistically significant differences between successional
stages, suggesting that no plant species dominated a single functional group (Figure
S1). This makes us confident that the spatial patterns we observed refer more closely
to the effect of the plant trait rather than a bias caused by a single outstanding species.
All analyses were conducted in the R environment (R Development Core Team,
2007) using the spatstat (Baddeley & Turner, 2005) and spatialsegregation (Rajala
& Illian, 2012) packages.

Results
Taxonomic and functional levels of plant spatial organization
We evaluated at which level of taxonomic hierarchy plants are spatially
organized, based on the ubiquitous and abundant potentially N2-fixing liana species
Machaerium hoehneanum Ducke. Figure 1 shows (i) a spatial scale of significant
aggregation at the first 5-10 m distance and random distribution beyond over all
levels of taxonomic grouping over all stages of succession, but also (ii) a systematic
reduction in effect sizes of clustering both with taxonomic aggregation and along
succession and close to random distribution of M. hoehneanum in the mature
rainforest controls. M. hoehneanum represented 37-74% of the abundance within the
genus Machaerium, 17-73% of the tribe Dalbergieae, 8-70% of all legume lianas,
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and 2-54% of all legume plants. Abundance-share of M. hoehneanum was highest in
young secondary forest, decreased systematically along succession and was lowest
in mature rainforest (Figure 1, boxplots).

Figure 1 – Impact of taxonomic / functional level of species-grouping on spatial
organization: Monovariate distribution of the abundant legume liana species Machaerium
hoehneanum (a), of the genus Machaerium (b), the tribe Dalbergieae (c), and of the functional
group of potentially N2-fixing legume lianas (d) and of all legume plants (e). Means ± CI95%
of sites within each group of 3-5 sites, only sites with ≥70 individuals included, positive
deviation from dashed line +1.96 indicates significant clustering. YSF (young secondary
forest, 2-3 yrs.-old, 3 sites), MSF (mid-aged secondary forest, 5-10 yrs.-old, 5 sites), OSF
(old secondary forest, 12-25 yrs.-old, 3 sites), and MF (mature rainforest, >100 yrs.-old, 4
sites). Box-whisker-plots on the right depict M. hoehneanum abundance shares at the
different levels of taxonomic aggregation along succession.
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Impacts of secondary succession on plant spatial distributions and
diversity
Spatial arrangement within functional groups (univariate point pattern
analysis) revealed clustering around 5 m distance for most functional groups and
stages of succession (Figure 2). However, this clustering tended to be stronger for
potentially N2-fixing lianas. Maximum clustering of non N2-fixing trees in MF was
likely caused by gap-opportunist concentration in former treefall-gaps. Effect-size
of clustering was higher for potentially N2-fixing lianas than for non-N2-fixing
lianas. Notably, the non-N2-fixing lianas showed stronger clustering during the early
stages of succession (YSF and MSF) but shifts to random during the later stages
(OSF and MF).

Figure 2 – Departure from the null hypothesis (effect size) of univariate O-ring point pattern
analysis for legume trees and lianas and for selected non-legume trees (3 genera) and lianas
(3 genera) along a successional process in central Amazonia. Means ± CI95% of sites within
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each group of 3-5 sites, horizontal lines +/- 1.96 indicate simulated CSR, only sites with ≥70
individuals included. N2-fixing. = potential N2-fixing; non-N2-fixing = non-N2-fixing plant,
YSF (young secondary forest, 2-3 yrs.-old, 3 sites), MSF (mid-aged secondary forest, 5-10
yrs.-old, 5 sites), OSF (old secondary forest, 12-25 yrs.-old, 3 sites), and MF (mature
rainforest, >100 yr.-old, 4 sites).

Plant spatial arrangement between functional groups (bivariate point pattern
analysis) varied between random and co-occurrence, no evidence of repellence for
any bivariate point patterns (Figure 3). Positive departures from random indicate cooccurrence of N2-fixing lianas and non-N2-fixing lianas and of non-N2-fixing trees
and non-N2-fixing lianas in early stages of succession. For the MF, we observed a
significant co-occurrence of N2-fixing lianas and N2-fixing trees, but N2-fixing lianas
were also associated with non-N2-fixing trees. Similarly, to univariate analysis, the
non-N2-fixing lianas showed significant associations with non-N2-fixing trees. The
results showed a strong clustering in YSF and MSF that declined to random
associations in mature forest. On the other hand, the N2-fixing lianas showed the
same spatial organization regardless of the successional stage and the functional
group that surrounds the plants. In summary, non-N2-fixing trees have a stronger cooccurrence with the non-N2-fixing lianas than the N2-fixing lianas at earlier
secondary stages.
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Figure 3 – Bivariate spatial organization of contrasting functional groups and growth forms.
Departure from the null hypothesis (effect size) of bivariate O-ring point pattern analysis for
potentially N2-fixing and non-N2-fixing trees and lianas and aggregated functional groups
along succession in central Amazonia, horizontal lines +/- 1.96 indicate simulated CSR.
Means ± CI95% of sites within each successional group of 3-5 sites, only sites with ≥70
individuals included. YSF (young secondary forest, 2-3 yrs.-old, 3 sites), MSF (mid-aged
secondary forest, 5-10 yrs.-old, 5 sites), OSF (old secondary forest, 12-25 yrs.-old, 3 sites),
and MF (mature rainforest, >100 yr.-old, 4 sites).

For both richness and evenness, we observed either random relations or
significant reduction of legume richness (Figure 4). None of the five focal plants
genera / species increased legume richness in their surroundings along secondary
succession. In fact, the focal plants reduced the legume richness, but this effect
depends on the successional stages. For example, Cecropia spp. and Goupia glabra
are stronger repellers of legume species at earlier successional stages (YSF for
Cecropia spp. and MSF for Goupia glabra) than at later successional stages.
Notably, Machaerium spp. consistently repelled other legume species (ISAR index)
35

Chapter 2

regardless of successional stage. However, this legume liana showed no significant
impact on the evenness of other legume species. Focal genus/species-effects on
legume species evenness were predominantly random, though we observed shortscale (<3 m) positive deviations pointing to an increase in evenness in some cases.
Strong ISAR-reduction associated with focal legume genera Inga and Machaerium
are partially compensated by the proper diversity of these two species-rich genera.
In summary, richness reductions caused by focal non-legume pioneer trees were
limited to young or mid-aged secondary regrowth.

Figure 4 – Departure from the null hypothesis (effect size) of focal abundant plant groups
on spatial ISAR function of legume taxonomic diversity (left column) and on legume
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taxonomic evenness (spatially explicit Shannon index - Hf(r)) (right column) in their
surroundings of: legume tree genus Inga (32 species) and legume liana genus Machaerium
(13 species), as well as selected single abundant non-legume pioneer trees Cecropia spp.
(three morphologically similar species), Laetia procera and Goupia glabra along succession
in central Amazonia. Values below -1.96 indicate significant decrease in richness (left
columns) and evenness (right columns) of legume diversity, and values above +1.96 indicate
significant increase of legume richness / evenness. Means ± CI95% of sites within each group
of 3-5 sites, only sites with ≥70 individuals included. YSF (young secondary forest, 2-3 yrs.old, 3 sites), MSF (mid-aged secondary forest, 5-10 yrs.-old, 5 sites), OSF (old secondary
forest, 12-25 yrs.-old, 3 sites), and MF (mature rainforest, >100 yrs.-old, 4 sites).

Impact of land-use intensification on plant spatial organization and
diversity
A second-cycle shifting cultivation led to profound changes in the spatial
arrangement of N2-fixing plants. Figure 5 compares monovariate point pattern
distribution of the four functional plant groups in three 3-11 yrs.-old ‘degraded’
(second-cycle shifting cultivation) sites with young and mid-aged (2-10 yrs.-old)
first-cycle secondary succession (eight sites). Although aggregation below 5 m
distance remained significant for both vegetation types, effect-sizes were
significantly stronger in the degraded sites for potentially N2-fixing trees and lianas
and non-N2-fixing lianas.
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Figure 5 – Departure from the null hypothesis (effect size) of univariate O-ring point pattern
analysis for legume trees and lianas and for selected non-legume trees (3 genera) and lianas
(3 genera) after a first-cycle (YSF+MSF) and second-cycle slash-and-burn agriculture in
central Amazonia. Means ± CI95% of sites within each group of 3-5 sites, horizontal lines +/1.96 indicate simulated CSR, only sites with ≥70 individuals included. pot. N2-fixing. =
potential N2-fixing; non-N2-fixing = non-N2-fixing plant, YSF (young secondary forest, 2-3
yrs.-old, 3 sites), MSF (mid-aged secondary forest, 5-10 yrs.-old, 5 sites), DSF (degraded
secondary forest, 4-11 yrs.-old, 3 sites).

Figure 6 compares bivariate point patterns between the four functional plant
groups of the three degraded (second-cycle) regrowth sites with those in young and
mid-aged first-cycle secondary succession. Bivariate patterns showed no evidence
of repellence and ranged between random and co-occurrence. Co-occurrence scaled
geographically up to 5 m distance. For different functional groups clustering was
higher in the degraded sites than in first-cycle succession, notably between N2-fixing
trees and non- N2-fixing trees, and N2-fixing lianas and non- N2-fixing lianas.
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Therefore, co-occurrences tended to be stronger following land use intensification in
Amazon Forest.

2

Figure 6 – Departure from the null hypothesis (effect size) of bivariate O-ring point pattern
analysis for legume trees and lianas and for selected non-legume trees (3 genera) and lianas
(3 genera) after a first-cycle (YSF+MSF) and second-cycle (DSF) slash-and-burn agriculture
in central Amazonia. Means ± CI95% of sites within each group of 3-5 sites, horizontal lines
+/- 1.96 indicate simulated CSR, only sites with ≥70 individuals included. pot. N2-fixing. =
potential N2-fixing; non-N2-fixing = non-N2-fixing plant, YSF (young secondary forest, 2-3
yrs.-old, 3 sites), MSF (mid-aged secondary forest, 5-10 yrs.-old, 5 sites), DSF (degraded
secondary forest, 4-11 yrs.-old, 3 sites).

Land use intensification also reshaped the spatial arrangement of legume
plant diversity. We found that, in general, focal species became stronger repellers of
legume plants (ISAR index, Figure 7, left column) after a second-cycle of slash-and39
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burn cultivation (DSF sites). However, Inga spp showed the opposite pattern and, at
scales > 4 m, played no significant influence in the richness of legume species. Inga
spp and Machaerium spp. showed positive effect on legume evenness between 510m distance (Figure 7, right column). For the other focal three species/genera
(Cecropia spp., Laetia procera, and Goupia glabra), the surrounding legume
richness was systematically and significantly reduced following land use
intensification (second cycle of slash-and-burn agriculture).

Figure 7 – Departure from the null hypothesis (effect size) of focal abundant plant groups
on spatial ISAR function of legume taxonomic diversity (left column) and on legume
taxonomic evenness (spatially explicit Shannon index - Hf(r)) (right column) in their
surroundings of: legume tree genus Inga (32 species) and legume liana genus Machaerium
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(13 species), as well as selected single abundant non-legume pioneer trees Cecropia spp.
(three morphologically similar species), Laetia procera and Goupia glabra after a first-cycle
(YSF+MSF) and second-cycle (DSF) slash-and-burn agriculture in central Amazonia. Values
below -1.96 indicate significant decrease in richness (left columns) and evenness (right
columns) of legume diversity, and values above +1.96 indicate significant increase of legume
richness / evenness. Means ± CI95% of sites within each group of 3-5 sites, only sites with ≥70
individuals included. YSF (young secondary forest, 2-3 yrs.-old, 3 sites), MSF (mid-aged
secondary forest, 5-10 yrs.-old, 5 sites), DSF (degraded secondary forest, 4-11 yrs.-old, 3
sites).

Discussion
We take spatial vegetation patterns to evaluate the impact of slash-and-burn
cultivation by comparing secondary forests with mature rainforest controls. We
interpreted the degree and velocity of re-approximation of secondary forests to
control levels as an indicator of sustainable fallow time-spans and impact of landuse intensification.
After a first-cycle of slash-and-burn agriculture, most of the spatial
interactions between plants (N2-fixing vs non- N2-fixing) are random or showed
small-scale clustering. However, a second cycle of shifting cultivation is enough to
induce a stronger clustering at both univariate and bivariate interactions. Univariate
clustering is likely a result of vegetative resprouting (Bellingham & Sparrow, 2000).
Additionally, our study provides evidence that functionally distinct plants (N2-fixing
vs non- N2-fixing) tend to co-occur as a result of land use intensification. This result
might indicate that after successive cycles of slash-and-burn cultivation, non-legume
pioneer plants tend to associate more positively with legume plants, as they might
become a source of nitrogen – a scarce nutrient after slash-and-burn agriculture
(Davidson et al., 2007). These findings contributed to support the stress gradient
hypothesis (SGH) which suggests that under stress environmental conditions
communities may shift from net negative to net positive interactions (He & Bertness,
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2014; Passy, 2017). Future studies can advance our understanding on the stress
gradient hypothesis in plant spatial interactions by verifying the impact of repeated
cycles of slash-and-burn agriculture, which is left as an avenue for future research.
In our study, we found that focal species/genera reduced the legume richness
without significant effect on their evenness. According to Ma (2005), at small scales
(50 m²), species richness and evenness are not directly related and may result from
different ecological process. Diversity is a legacy of past regional processes, but
small-scale disturbances also play an essential role in shaping communities together
with biotic and abiotic interactions (Comita et al., 2009; Cornell & Lawton, 1992).
Therefore, different ecological process might be in action to explain the spatial
patterns found in our study. For example, the genus Cecropia is a pioneer tree that
frequently dominates the seedbank (Uhl et al., 1988) and the earlier stages of
secondary succession (Villa et al., 2019). Its less dense wood and hollow stems are
decisive in its rapid growth, providing an advantage in the competition for sunlight
(van Breugel et al., 2012). Our results show the weakest effects of Cecropia spp. on
legume diversity and evenness, likely the result of its uniform distribution in the
overstory of all secondary forests. Therefore, Cecropia spp. contributed little to the
recovery of legume plant diversity along succession. Additionally, we found that, at
earlier successional stages, non-leguminous trees genera Laetia procera and Goupia
glabra also become stronger repellers of legume plant diversity because of land use
intensification. These findings suggest a stronger competitive exclusion in those
degraded areas where the available nitrogen is a scarce resource. By reducing the
richness of legume plants in their surroundings, these pioneer plants might slow
forest recovery. On the other hand, the leguminous tree Inga spp. showed the
opposite pattern and showed no significant impact on legume diversity after a
second-cycle of slash-and-burn agriculture. Inga spp. are particularly interesting for
the recovery of tropical forest due to their vast root system and potential for
nodulation and the symbiotic fixation of atmospheric nitrogen (Sccoti et al., 2019).
This supports the view that leguminous plants play a crucial role in the initial stages
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of secondary succession.
Our study considered the role of plant growth form in spatial organization
by mapping trees and lianas. Liana spatial patterns challenge ecological studies due
to their capability of spreading far away from their root base. Analysis of liana spatial
patterns likely reveals their success in seed germination and initial plant survival
rather than aboveground interactions of established plants, as shoot competition may
occur far away from rooting points. Our results showed liana plant bases to be
spatially more aggregated than of trees, though their bivariate effects of large lianas
on their surroundings are likely to act aboveground far beyond their root bases.
Lianas have been frequently reported to suppress tree growth or fecundity,
and to increase tree mortality (Schnitzer & Carson, 2010). Our sampling sites did not
have many different species of lianas that sufficed the minimum abundance required
for spatial analysis. However, our results for Machaerium spp. indicated a consistent
reduction of legume plant richness regardless of successional stage. Lianas reduced
richness presumably by a combination of aboveground competition, e.g. via
competition for light and mechanical stress (Schnitzer & Carson, 2010) and
belowground competition. Despite that, Machaerium spp. is also a nitrogen fixing
legume plant, and, thus, can also help to recover the soil nitrogen content. This dual
role could also explain why, in degraded forests, they promoted a more even
diversity of leguminous plants. For the other non-N2-fixing plants, competition with
other plants could limit tree establishment and slow forest recovery, and increased
liana dominance in degraded sites could ultimately worsen the slash-and-burn
degradation cycle.
The study of plant spatial pattern contributes to unravel how plants interacts
with each other and shape their surrounding diversity. Nowadays few studies
adopted plant functional traits in plant spatial pattern investigation. Previous works
explored the influence of fire on dead vs alive plants (Wiegand & Moloney, 2013;
Yu et al., 2009). Our results show how analysis of plant traits combined with plant
diversity can provide insightful information not only about spatial impacts of species
43

2

Chapter 2

assemblies along secondary forest succession, but they also depict the profound
impacts of land use intensification on the spatial organization of functional groups
and diversity in secondary regrowth in Amazonia.

Conclusion
Although the effects of 2-25 years of succession on spatial organization of
first-cycle secondary regrowth were small, an increase of land-use intensity (2ndcycle slash-and-burn shifting cultivation) caused strong shifts of plant spatial
organization within and between functional groups. Three findings are especially
noteworthy: (i) strong increase in clustering, probably outcome of increased
vegetative resprouting; (ii) partial increase in co-occurrences, suggesting
competition at later stages of succession, but facilitation following increase of land
use intensity; and (iii) strong reduction in richness of surrounding legume diversity.
The latter effect is especially worrisome as it indicates species-reduction due to
competitive exclusion in resource-limited degraded sites, ultimately, this will slow
and/or compromise the process of natural forest recovery.
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age

CS(1)

size (ha)

5580
4624
5013

old first-cycle secondary vegetation
12
2
0.28
20
1
0.98
25
1
0.63
220.1
202.4
221.2

147.7
175.1
164.6
178.7

5505
5773
4011
8450

Anna (old)
Jasiel
Edson (old)

122.4

141.5

10600
10044

61.7
116.8

5867
8588

mid-aged first-cycle secondary vegetation
Adventista
5
4
0.33
(young)
Geraldo (old)
7
3
1.10
Ilson
8
4
0.89
Edson (young)
10
1
0.48
Guillerme
10
2
0.63

young first-cycle secondary vegetation
Joaquim
2
2
0.23
Gustavo
3
3
0.60
(young)
eraldo (young)
3
3
0.47

site name

mean vegetation total
abund.
TAGB
(n ha-1)
(t ha-1)

1.0
1.2
2.1

2.8
4.3
4.2
1.4

2.7

4.8

10.2
3.5

lianas

37.4
15.1
0

8.3
26.6
11.7
58.6

0.4
0
0.1
0.4
0.3
0.1
2.3

13.2

12.6

0.3
0

11.7
25.6

66.2
48.6
58.5

73.5
56.8
45.0
94.3

56.5

81.5

35.9
84.9

9.6
1.3
14.1
19.9
9.1
1.9
1.4
1.9
5.7
0.5
0.5

52.4
46.2
35.4
44.2
38.9
17.3
42.0
44.0
68.4

pot.
N2-fixers
62.8
15.5

median % contributions to TAGB
pioneer single-shoot
largest 5%
trees(2)
plants
plants

2.0
0.4

palms

Supplementary Table S1. Characterization of the 18 study sites
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Supplementary Table S1. Characterization of the 18 study sites (cont.)
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Plant spatial organization in central Amazonian forests

2

Figure S1. J evenness index in different tropical forest successional stages in different
functional groups (nodule potential and growth habit): (a) N2-fixing legume trees, (b) N2fixing legume lianas, (c) non- N2-fixing trees, (d) non- N2-fixing lianas, 25/75-percentiles,
non-outlier range and extremes.
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Abstract
This study unites physicochemical indicators of aboveground vegetation, litter-layer
and topsoil (0-20 cm) in contrasting vegetation types commonly found in the eastern
Amazonia. We compare three agroforestry systems (enriched fallows, homegardens,
and commercial plantations) with three spontaneous forest types (young and old
secondary forests and mature rainforests) via one-way ANOVA, linear and nonlinear regressions and multivariate analyses. Agroforests had significantly lower
understory biomass when compared with young secondary forest. Commercial
plantation agroforests had higher topsoil pH and Ca-contents and homegardens had
higher K-contents and P-availability hotspots, as revealed by the higher variance in
this treatment. Agroforests and spontaneous forests were similar in their litter
biomass (both leaves and twigs) and C:N ratio, and in soil organic matter and P
contents. The overstory negatively impacted the understory (r²=0.20, p<0.05) while
only the understory related significantly with the litter-layer (r²=0.11, p<0.07),
pointing to a major discontinuity between vegetation and topsoil. Principal
component analysis depicted a successional sequence of systems, with homegardens
closest to mature rainforests. According to co-inertia analysis, plant biomass was
strongly related with topsoil in spontaneous forests than in agroforests. Altogether,
agroforests were similar with mature rainforests in a wide range of variables of the
vegetation–litter–topsoil continuum, and co-inertia analysis indicates that
agroforestry management can alter this continuum. Our study has revealed that
homegardens in the study region had higher aboveground biomass and nutrientavailability that may be an outcome of the traditional sweep-and-burn practice of
Amazon communities.
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Introduction
Anthropogenic pressure on the land-base continues to be high throughout
the humid tropics and notably in eastern and southern Amazonia, an area also known
as the ‘arc of deforestation’. After the first deforestation cycle of pristine rainforests
(de las Heras et al., 2011) spontaneous regrowth of secondary forest develops on
abandoned pastures and shifting cultivation fields. Shifting cultivation is the
predominant land-use system adopted by the majority of low-income rural
populations in the region.
However, this land-use system contributes to environmental degradation,
slower secondary forest regeneration, lower biodiversity, increased dominance of
aggressive ruderal species, impoverishment of soil fertility, altogether leading to
rural poverty (Satyam Verma, 2012), bringing a socioecological crisis in the study
region. The soils of the humid tropics are particularly vulnerable to degradation
because of fast organic matter decomposition and mineralization as well as nutrient
losses caused by leaching (Markewitz et al., 2004). Degradation caused by repeated
slash-and-burn practice and reduced fallow-periods lowers agricultural productivity
and ultimately leads to rural poverty (Varma, 2003). Maintenance or restoration of
the soil ‘productive potential’ is a central pillar of sustainable land use (Boddey et
al., 2003). Agroforestry has been proposed as viable alternative for shifting
cultivation in the tropics, as it can improve soil quality (Pinho et al., 2012), increase
system stability (Mohri et al., 2013) and reduce economic risks because of better
market flexibility via multiple products (Souza et al., 2012). Trees are a key factor
for maintaining soil fertility in agroforestry due to nutrient pumping and safety-net
mechanisms (Seneviratne et al., 2006).
Depletion of soil nutrients as the outcome of non-sustainable land-use intensification
can cause reductions in above- and belowground biodiversity, ecosystem functioning
and stability (Thiele-Bruhn et al., 2012). The diversity of agroforestry systems is
astonishing (Atangana et al., 2014c); therefore, the ecological and social
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sustainability of these systems is likewise expected to vary widely. Here, we assess
the impact of different land-use forms, which are three agroforestry systems:
commercial plantations, enriched fallows and homegardens, and mature rainforests,
and secondary forest regrowth on the physicochemistry of aboveground vegetation,
litter-layer and topsoil in eastern Amazonia (north-central Maranhão and eastern
Pará states) and we explore system-related differences in along the vegetation-littertopsoil continuum.

Materials and methods
Study region and site clusters
Research was conducted on 32 study sites in the eastern periphery of
Amazonia across five counties aggregated into two regional clusters (Table 1).
Pastures and secondary forests have almost entirely replaced the original rainforests
in central Maranhão and eastern Pará states. Maximum distance between sites within
each county was less than 30 km while the maximum distance between counties in
each regional cluster was less than 150 km. Seventeen of the 32 sites were located
in central-northern Maranhão state and the others were located approximately 400
km further west in Tomé-açu County in eastern Pará state. Climate is classified
according to Köppen as Aw and Ami and varies slightly between the two regional
clusters, with 2100 mm and 2300 mm annual rainfall, and with 6- and 5-months
hydric deficit in central Maranhão and eastern Pará states, respectively. Soils are
nutrient-poor acid Oxisols and Ultisols (USDA, 2010). The topsoil texture was
classified as ‘loamy/fine-sand’ and varied little between sites and clusters (sand
average = 72.88 ± 17.11%, silt average = 12.97 ± 18.63% and clay average = 14.15
± 7.21%). There were no differences in soil texture between systems, counties and
regional clusters.
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Table 1. Number (in brackets) and distribution of the 32 study sites within the two
regional clusters and five counties. Vegetation characteristics and site use histories
of the study sites in Eastern Amazonia
Forest system

System type

Region

County

São Luís (2)

2°59’12.0” S 44°20’52.2”
W
2°59’11.2” S 44°20’52.6”W

Tomé-açu (2)

2°24’06.6” S 48°11’48.4”
W
2°24’29.0” S 48°11’52.3”W

Maranhão

São Luís (2)

2°58’44.5” S 44°21’14.5”W
2°58’44.2” S 44°20’52.6”W

Pará

Tomé-açu (1)

2°24’45.7” S 48°11’51.2”W

Tomé-açu (2)

2°23’39.1” S 48°09’51.6”
W
2°30’05.6” S 48°17’26.2”W

Anajatuba (2)

3°26’58.2” S 44°23’13.3”W
3°11'31.3"S 44°35'29.3"W

Morros (3)

2°53'10.0"S 44°09'23.5"W
2°59'48.9"S 43°55'05.0"W

Tomé-açu (1)

2°32'38.4"S 48°16'26.7"W

Anajatuba (3)

3°14'59.0"S 44°36'46.8"W
3°15'00.6"S 44°36'43.5"W

Arari (5)

3°33'40.8"S 44°49'57.3"W

Maranhão
Young
secondary
forest (4)
Pará
Spontaneous
forest (9)
Old secondary
forest (3)

Mature forest
(2)

Enriched
fallow (6)
Agroforest
(23)

Pará

Maranhão

Pará

Homegarden
(11)

Location*

Maranhão

3
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3°33'08.6"S 44°49'10.5"W
Pará

Commercial
Plantation (6)

Pará

Tomé-açu (3)

2°11'31.9"S 48°08'41.9"W
2°11'55.9"S 48°09'17.2"W

Tomé-açu (6)

2°12'32.2"S 48°17'44.2"W
2°33'11.0 "S 48°07'39.2"W

*For counties with more than two sampling sites per system we give regional
coordinates.

Spontaneous forest and agroforest system classification
We compared three types of spontaneous forest with three types of
agroforests, which were distributed into two regional clusters and five counties
(Table 1). Site classification was based on previous work by E. Cardozo et al. (2015)
as follows:
(i) Spontaneous forest types
Secondary Forests: Spontaneous secondary forest regrowth following
slash-and-burn shifting cultivation or on abandoned pastures. We divided these into
‘young’ (≤12-year-old; SFY) and ‘old’ (20- to 26-year-old; SFO). The most
common species were the babassu palm (Attalea speciosa Mart.) as well as Cecropia
sp., Inga sp., Astrocaryum vulgare Mart., Lecythis sp., and Carica microcarpa Jacq.
Mature rainforest (MF): Original mature forest without visible human
perturbation (one site) or with low-intensity selective logging >60 yrs ago (one site).
The most common species were Holopyxidium latifolium (Ducke) R. Knuth,
Manilkara sp., Copaifera langsdorffii Desf., Carapa guianensis Aubl., and Protium
sp.
(ii) Agroforest types
Enriched Fallow Agroforest (EFA): Established by enrichment planting of
fruit and timber species in the understory of 15- to 25-year-old secondary forest. The
most common crops were cupuassu (T. grandiflorum K. Schum), açaí (Euterpe
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oleracea Mart.), and cacao (Theobroma cacao L.), spaced at distances of 3-4 m.
Homegarden Agroforest (HA): Tall multistrata agroforests surrounding
houses, virtually omnipresent in our study region and elsewhere. This system has a
particular fire regime called ‘sweep-and-burn’ (Winklerprins, 2009), the regular
sweeping and subsequent burning of litter piles in order to keep the surroundings of
the houses ‘clean’ and to avoid mosquitoes, spiders, snakes etc. Dominant overstory
plants are mango (Mangifera indica L.), jackfruit (Artocarpus integrifolia L.) and
açaí, then banana (Musa spp.), cupuassu and cacao in the understory,
Commercial Plantation Agroforest (CPA): Regularly spaced plantations
with inorganic fertilization and liming. This system was inspired and developed by
Japanese immigrants. Main products are fruits of cacao, cupuassu, açaí and black
pepper (Piper nigrum L.).
Not all systems occurred in both regional clusters. Implications of the resulting
unbalanced scheme are further discussed in sections 2.4 and 3.1.

Within-site sampling scheme
We adopted a joint sampling scheme to guarantee compatibility between all
of our datasets. Vegetation and litter sampling methods strive to capture ‘plant
influence zones’, sensu Rhoades (1996). We estimated large tree aboveground
biomass in a main circular plot and minor vegetation and litter in five subplots
(Coomes et al., 2002) (see Figure 1a). Topsoil (0-20 cm) was collected as composite
samples from the centers of the five subplots.
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Figure 1 Sampling units with differently-sized and replicated sampling areas for vegetation,
litter and topsoil for (a) the spontaneous forests, enriched fallow and homegardens and for
(b) CPA only.

In the CPA sites, we adapted our sampling-scheme to the predominating
regular spacing. Instead of a circle, we used six sub-plots (3 x 5 m), in three
quadrangular main plots of 25x25 m (Fig 1b). This sampling scheme has been shown
to generate reliable estimates of system-totals and to be superior to circular sampling
geometry in regularly-spaced plantations (Kato et al., 2009). We subsequently
corrected the total area for the different sampling-sizes (4.5% smaller total sampling
area) in this alternate scheme. During site selection we discarded large border-zones
to neighboring vegetation.
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Variables under investigation
Large biomass components were estimated allometrically by Muchavisoy
(2013) by utilizing diameter-based equations as well as conversions between
diameter at breast height (dbh) and diameter measured at 30 cm height for smaller
vegetation components (Gehring, Park, et al., 2008). These and further speciesspecific equations utilized in this study are detailed in Annex 1.
Small vegetation (<1.30 m height) was estimated destructively jointly with
the litter-layer in the 1x1 m subplots, by complete harvesting and subsequent in-situ
separation into biomass fractions wood and leaf of trees, lianas and palms,
herbaceous, gramineous, as well as leaf and twig litter. We estimated dry-matter
content in representative subsamples of each of these fractions by comparing the
fresh weights (in-situ) and the dry weights, which were taken after 2 weeks at 65°C.
We distinguish biomass of the following components: large vegetation (trees
with dbh ≥ 10 cm and palms > 2 m height) was grouped as AboveGround Biomass
of plants larger than 10 cm dbh (AGB≥10 cm dbh’), mid-sized vegetation (trees,
shrubs and lianas with dbh < 10cm and palms < 2 m height), and small vegetation
(destructively sampled herbaceous and shrubs smaller than 1.30 m height). For
statistical analyses we combined mid-sized and small vegetation as the
AboveGround Biomass smaller than 10 cm dbh (‘AGB<10 cm dbh’). We estimated
the necromass of fallen logs in four transects (Van Wagner, 1968) and standing dead
logs in the circular main plots, following the methods of Arevalo et al. (2002). We
destructively quantified and sampled the litter-layer during the rainy season, in five
1x1 m sub-quadrants within each sampling-unit, distinguishing between leaf and
twig litter biomass. Total aboveground biomass (TAGB) was considered as the sum
of all above-mentioned components.
To characterize topsoil physical quality, we measured (i) soil bulk density
(volumetric rings), and (ii) soil texture (pipette method), utilizing procedures
described in Klute et al. (1986). To characterize topsoil chemistry, we measured the
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pH (0.01 M CaCl2 suspension), soil organic matter content (Walkley-Black method),
available P (extraction with synthetic anion exchange resin Amberlite IRA-400) and
exchangeable K (Mehlich I), Ca, Mg (KCl extraction) and H+Al (SMP Method),
following IAC (2001) routines. C- and N-concentrations in leaf-litter samples were
determined with Walkley-Black (Walkley et al., 1934) and Kjeldåhl digestion
(Tedesco et al., 1995), respectively.
Statistical analyses

Basic and univariate statistics
Kolmogorov-Smirnov and Lilliefor’s tests were used for checking the
normality of the data. Most variables followed a normal distribution or could be
normalized via log10 or log10(x+1) transformation, with the exception of the leaf litter
C:N-ratio, for which we utilized non-parametric procedures (Spearman correlations,
Kruskal-Wallis ANOVA with rank-based Dunn’s test). Homogeneity of variance
was checked by using Brown-Forsythe test for unequal replication numbers. Outliers
and extremes (>1.5*SE) were excluded: one value for organic matter, two for twig
biomass and one for total aboveground biomass (in a CPA with Brazil-nut trees). For
between-group comparisons and regressions, significance level as 5% and
tendencies with <10 % significance-level were established as default.
Types of single systems were directly compared by two or in groups of
vegetation-types via t-tests, and jointly via one-way ANOVAs and subsequent posthoc Spjøtfoll-Stoline test (HSD Tukey for unequal replication numbers).
Relationships between pairs of variables via linear and non-linear regressions were
investigated. These analyses were conducted with Statistica 8.0 (StatSoft, 2007),
graphs were generated with SigmaPlot 11.0 (Systat, 2008) and in R.
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Multivariate statistics
Principal Component Analysis (PCA), Between-Class Analysis (BCA)
(Chessel et al., 2004), Co-Inertia Analysis (CIA) (Dray et al., 2003) and permutation
Monte Carlo significance-tests were used in the analyses. PCA was adopted to
investigate variation of the entire dataset and BCA to isolate the system grouping
contributions to data variability.
CIA investigates relationships between two or more datasets (Dray et al.,
2003), which in our case were the biomass and soil datasets. We utilized a Betweenclass CIA, which is a procedure that maximizes the covariance between groups,
rather than between individual cases. We measured overall similarities using a
multivariate extension of the Pearson correlation, the Rv coefficient.
R environment (R Development Core Team, 2007) and “ade4” library were used for
the multivariate analyses (Chessel et al., 2004).

Analysis of regional variance
Our experimental design was unbalanced, due to the non-occurrence of some
systems in some clusters (chap. 2.2). We addressed the unbalanced design by
searching for between-region (states) differences for the two systems which occurred
in sufficient replications in both regions, via t-tests between the regions central
Maranhão and western Pará (Tomé Açu approx. 400 km westwards) via betweenclass analysis (BCA).
A multivariate between-class analysis (BCA) was used to investigate the
potential effect of regional differences on secondary forests and on homegarden
agroforests (which occurred in both regions, see Table 1). Furthermore, the regional
effect on the sum of variation of the entire dataset was quantified by suing Monte
Carlo randomization procedure with 9,999 permutations for significance testing.
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Results
Vegetation, litter and topsoil variables across land use systems and
between regions
Total aboveground biomass (TAGB) differed significantly between systems
(Figure 2a, left scale). Within the spontaneous forests, TAGB increased from 68.08
Mg ha-1 in SFY to 92.98 Mg ha-1 in SFO, and it was 2.73-fold higher in MF (253.55
Mg ha-1). TAGB likewise differed strongly among agroforests. TAGB of HA (178.52
Mg ha-1) was 3.5-fold higher than in CPA (50.95 Mg ha-1).
The agroforest and spontaneous forest systems differed significantly in their
shrubs and herbaceous biomass (AGB<10 cm dbh, right scale in Figure 2a). SFY
had an approximately 100-fold higher shrub biomass than HA (64.97 Mg ha-1 and
0.42 Mg ha-1, respectively), and MF a nearly five-fold higher shrub biomass than
CPA. There was no significant difference in necromass of standing and fallen logs
greater than 5 cm, nor in litter mass (twigs or leaf litter, data not shown). Within the
spontaneous forests (i.e., excluding agroforests), there was a tendency of decreasing
leaf litter and increasing twig litter along the succession gradient (p<0.10) (Figure
2b). A t-test comparison between mature forest and homegardens revealed a
significant (p<0.03) difference in total litter biomass (Table 2, as indicated by the
capital letters).
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Figure 2 – (a) Total aboveground biomass (TAGB) and biomass of small (<10 cm dbh) trees,
lianas, shrubs and herbaceous plants and (b) twigs and leaf litter in the understory of
spontaneous forests and agroforests. Note differences for the black (left scale) and grey (right
scale) columns. SFY=Young Secondary Forest; SFO = Old Secondary Forest; MF= Mature
Forest; EFA = Enriched Fallow Agroforest; HA = Homegarden Agroforest; CPA =
Commercial Plantation Agroforest. Means+SE followed by the same letter do not differ
between another, as indicated by Spjøtfoll-Stoline test at the 5% probability-level. Letters in
brackets correspond to Spjøtfoll-Stoline test for spontaneous forests only (analysis excluding
agroforests), at a 10% probability-level.

T-tests between the two regional clusters (central Maranhão state and Toméaçu in eastern Pará state) did not detect any significant differences in any variable.
Furthermore, the Between-class analysis (BCA) of clusters on the land use systems
partitioned by region indicates that the difference between regions explains only
7.72% of the total variance for the data set of secondary forests fallow (SFY and
SFO) and homegardens agroforests (HA), because both of which occurred in
sufficient replications in both regions. According to Monte Carlo test of 9,999
random simulations between-region variation was neither relevant nor significant
(P=0.114).
We found no overall between-system differences in topsoil organic matter
(OM) concentration. Excluding agroforests, i.e., concentrating on spontaneous
succession, there was a significant (p<0.05) increase of OM-concentration from
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young to old secondary forests and highest values in MF (Table 2, letters in
brackets). Bulk soil density was significantly higher in SFY than in SFO, MF and
HA (p<0.05). Topsoil pH was highest in CPA and lowest in MF and HA (p<0.05)
(Table 2). Available P-concentration was non-normally distributed and, due to high
data variability, did not differ between systems, according to Dunn´s non-parametric
test (Figure 3a).

Figure 3 – (a) Topsoil (0-20 cm) resin-extractable P-concentrations and (b) Carbon:Nitrogen
ratios in leaf litter in spontaneous forests and agroforests. SFY=Young Secondary Forest;
SFO = Old Secondary Forest; MF= Mature Forest; EFA = Enriched Fallow Agroforest; HA
= Homegarden Agroforest; CPA = Commercial Plantation Agroforest. Lines and boxes
represent medians and 25-75 percentiles of P concentrations, whiskers are the 90 and 10
percentiles. Systems with the same letter do not differ between another, as indicated by
Dunn’s nonparametric test at the 5% probability-level.

Topsoil K concentration was three times higher in HA than in the
spontaneous forests (SFY, SFO and MF) (p<0.05), and topsoil Ca concentration was
higher in CPA and SFO than in HA and MF (p<0.05). Soil potential acidity (H+Al)
was higher in MF and HA than in CPA (p<0.05) (Table 2).
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Table 2. Topsoil (0-20 cm) organic matter (OM) concentration, bulk soil-density,
pH-value, concentrations of K and Ca, and of littermass and leaf litter Nconcentration in spontaneous forests and in agroforests.
Spontaneous forests

Agroforestry systems

SFY

SFO

MF

EFA

HA

CPA

Organic

22.63 ±

31.03 ±

32.30 ±

30.64 ±

28.53 ±

26.00 ±

Matter

2.95 (b)

3.41(ab)

4.17(a)

2.64

1.78

2.23

Bulk

1.37 ±

1.21 ±

1.17 ±

1.27 ±

1.22 ±

1.32 ±

density

0.03a

0.04b

0.05b

0.03ab

0.02b

0.03ab

4.28 ±

4.34 ±

3.77 ±

4.19 ±

4.03 ±

4.68 ±

0.14ab

0.17ab

0.20b

0.13ab

0.09b

0.11a

K (mg

9.75 ±

14.02 ±

12.82 ±

26.05 ±

37.95 ±

25.64 ±

dm )

5.49 b

6.34 b

7.76 b

4.91 ab

3.31 a

4.15 ab

Ca (mg

115.00 ±

246.67 ±

10.00 ±

212.00 ±

112.73 ±

251.43 ±

dm-3)

43.47 ab

50.20 a

61.48 b

38.88 ab

26.22 b

32.86 a

H+Al

40.25 ±

50.33 ±

85.00 ±

41.80 ±

63.09 ±

34.86 ±

(mmolc

8.82 ab

10.19 ab

12.48 a

7.89 ab

5.32 a

6.67 b

Total

8.61 ±

7.97 ±

10.47 ±

7.76 ±

6.07 ±

9.63 ±

Litter

1.54

1.78

2.18 (A)

1.38

0.93(B)

1.17

Leaf

9.75 ±

12.53 ±

13.32 ±

9.58 ±

10.64 ±

10.74 ±

Litter N

1.04 c

1.48 ab

1.48 a

1.04 c

0.64 bc

0.85 bc

(OM) (g
dm-3)

3

(BD)
(g cm-3)
pH

-3

dm-3)

(Mg ha-1)

(g kg-1)
SFY=Young Secondary Forest; SFO = Old Secondary Forest; MF= Mature Forest; EFA =
Enriched Fallow Agroforest; HA = Homegarden Agroforest; CPA = Commercial Plantation
Agroforest. Means+SE followed by the same letter do not differ between another, as
indicated by Spjøtfoll-Stoline test at the 5% probability-level. Letters in brackets correspond
to Spjøtfoll-Stoline test for spontaneous forests only (analysis excluding agroforests), at a
10% probability-level. Capital Letters in brackets correspond to the t-test applied for Mature
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Neither leaf nor twig litter-layer C-content differed significantly between systems
(data not shown). By contrast, leaf-litter N-content was highest in MF (average 20%
above CPA and HA, and 30% above SFY and EFA) (Table 2). Leaf-litter C:N was
significantly higher in both SFY and CPA compared to EFA (Figure 3b)

Relationships between variables
Here, we explore the bivariate relationships between aboveground
vegetation–litter–topsoil over the 32 study sites.

Within-vegetation and vegetation-litter relationships
We found a negative logarithmic relationship in spontaneous forests
between AGB ≥ 10 cm dbh and AGB < 10 cm dbh over the 32 study sites (r²=0.19,
p<0.04). Our results also established a positive logarithmic relationship between
AGB < 10 cm dbh and total litter biomass (r²=0.11, p<0.07). However, when
distinguished between leaves and twigs, this relationship was significant only for
leaf litter (r²=0.14, p<0.05). There was no apparent relationship between AGB ≥ 10
cm dbh and leaf, twig or total litter mass, though there was a positive relationship
(Spearman rank R=+0.61, p<0.05) between total litter mass and its C:N-ratio.

Litter-topsoil relationships
Neither total nor leaf-litter biomass were significantly related with topsoil
organic matter (all p > 0.57). In contrast, there was a significant positive relationship
between twig biomass and topsoil organic matter content (r²=0.13, p<0.05). Plantavailable P- and K-concentration were negatively related with total litter biomass
(r²=0.22, p<0.01 and r²=0.20, p<0.02).
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Within-topsoil relationships
Soil organic matter (OM) content was positively related with clay content
(r²=0.20, p<0.01) and negatively related with soil bulk density (r²=0.20, p<0.01).
Clay-content related negatively with soil bulk density (r2 = 0.18, p<0.03), whereas
the other granulometric fractions did not significantly affect soil density.
We detected no significant relationships between OM and pH or nutrients
(data not shown). Within the soil chemical indicators, we found a positive
relationship between P and K (r² = 0.32, p<0.01), as well as between pH and Ca (r²=
0.67, p<0.01).

Multivariate synthesis of variables and systems
We explored the degree of covariation via PCA (Figure 4). The two main
‘factors’ (axis 1 and 2) together explained 44.14% of total variability of the
combined vegetation, litter and topsoil physicochemical data. Figure 4a shows a
successional trajectory of spontaneous forests from SFY via SFO and EFA to MF,
aligned along axis 1 as a result of the influence of the aboveground biomass (i.e.,
TAGB and AGB <10 cm dbh) and of soil physicochemical properties (bulk soil
density, pH, K- and Ca-content). Remarkably, HA were closest to MF. CPA formed
a distinct group clearly separated from the other systems, with one extreme value
presumably caused by the high biomass of Brazil-nut trees (Bertholia excelsa Humb.
& Bonpl.) on this site only. Figure 4b delimits the PCA correlation circle over all
variables of this study. Axis 1 captured most of the variability related to the soil
physicochemistry (base saturation, soil potential acidity, pH, K concentration, clay,
bulk soil density) and the litter layer and small vegetation components, whereas axis
2 represented the variability driven by OM, litter-layer N content and total and large
vegetation biomass (these latter two also strongly contribute to axis 1). In summary,
our results of PCA (i) partitioned two main axes (‘soil physicochemistry’ vs. ‘large
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vegetation’), (ii) indicated successional pathways, and (iii) positioned HA close to
MF and CPA as a distinct group distant from all others.

Figure 4 – (a) Principal Component Analysis (PCA) over the 32 sites of spontaneous forests
and agroforests in eastern Amazonia, and (b) PCA correlation circle of soil physical and
chemical indicators and vegetation components. SFY=Young Secondary Forest; SFO = Old
Secondary Forest; MF= Mature Forest; EFA = Enriched Fallow Agroforest; HA =
Homegarden Agroforest; CPA = Commercial Plantation Agroforest.

We investigated differences between land-use systems using BCA (Figure
5). The between-group inertia corresponded to 30.3% of the total PCA variation
(P=0.0001). The first and second axes together represented 75.5% of the total data
variation. The successional trajectory from SFY to MF was less apparent than in the
PCA, which may be expected since the BCA method maximizes the inertia betweengroups rather than between-sites. Further similarities were found with the PCA result
- HA systems were most similar to MF; CPA again formed a distinct group. EFA
were similar to SFO, HA and CPA; and SFY formed a separate group. Homegardens
had the most widespread spread of points in the two axes, reflecting a high
variability, whereas the market-oriented CPA exhibited the lowest data-spread.
66

Aboveground biomass and soil quality indicators in forests and agroforests of Amazonia

3

Figure 5 – Between-class analysis (BCA) of the 32 sites of spontaneous forests and
agroforestry systems in eastern Amazonia. SFY=Young Secondary Forest; SFO = Old
Secondary Forest; MF= Mature Forest; EFA = Enriched Fallow Agroforest; HA =
Homegarden Agroforest; CPA = Commercial Plantation Agroforest. The inertia between
classes was of 30.29%, the Monte Carlo permutation level of significance was P=0.001.

Between-class co-inertia analysis measured the overall similarity between
aboveground biomass and litter biomass with soil physicochemistry datasets. Over
all systems, the similarity between aboveground and litter biomass with soil
physicochemistry was significant but weak (Rv=21.76%, P<0.05). When
considering only spontaneous forests (SFY, SFO and MF), the multiple correlation
coefficient was three times higher (Rv=75.50%, P<0.01), whereas the same
correlation coefficient in agroforest systems (EFA, HA and CPA) was only 25.73%
and also less significant (P<0.09) (Table 3). The spontaneous forests retained more
information of variability in the first two axes (95.14%) than the agroforests.
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Table 3. Coefficient of matrix correlation (Rv) between datasets of soil and
biomass for spontaneous forests and agroforests.
Systems
All systems
Spontaneous forests
Agroforests

Co-inertia ratio
(Rv)
0.2176*
0.7550**
0.2573

Cumulative project inertia
(%)a
81.96
95.14
87.72

Pb
0.0429
0.0026
0.0817

a
Total inertia percentage of the two principal axis of CIA; b Significance-level based on 9,999
Monte Carlo permutations; * Co-inertia ratio was significant at P<0.05; ** Co-inertia was
significant at the level of P<0.01.

Discussion
Regional variance and plot-size effects
We investigated the possible problem of regional variability unduly
affecting our results in secondary forests and in homegardens, both of which present
in sufficient replications in central Maranhão and in Pará states. According to
between-region BCA, the regional effects on data variability were small (only 7.7%
of total variance), and t-tests between regions did not detect any significant
differences. Thus, regional variability did not bring a relevant bias to our key
findings.
We estimated AGB ≥ 10 cm dbh in a 0.20 ha sampling unit per site, similar
in size to sampling units successfully employed in studies of tall spontaneous forests
(Keller et al., 2001). However, we recorded two very high (> 80 Mg ha-1) estimates
of shrubs, treelets and lianas (AGB 1-10 cm dbh), one for SFY and another for CPA.
A possible explanation for these outliers may be insufficient subplot-size for reliable
estimation of mid-sized vegetation. This problem was likely of limited extent, as for
a young secondary forest this may represent the main size range of the trees and for
the commercial plantations this represents the size of the perennial tree crop (cacao,
cupuassu, açaí, etc).
68

Aboveground biomass and soil quality indicators in forests and agroforests of Amazonia

Vegetation and land use-related differences
Aboveground biomass of large (≥ 10cm dbh) trees and palms and of
understory (< 10 cm dbh) plants had a wide variation between systems, though
frequently in opposite directions in consequence of the negative logarithmic
relationship between large and small plants, presumably the outcome of light and
nutrient competition (Schwinning et al., 1998). Within the spontaneous forests, we
observed successional trajectories of increasing overstory biomass and of decreasing
understory biomass (Figure2a). Within agroforests, we observed direct management
effects, such as differing regimes of understory clearing, and of sweep-and-burn in
the homegardens (Figure 2a). Overall, understory biomass was much lower in
agroforests than in spontaneous forests, reflecting the management objective of
reducing competition and maximizing crop resource-use. Neither topsoil OM nor
bulk density differed significantly between spontaneous forests and agroforests
(Table 2). Soil organic matter content was the lowest in SFY, intermediate in SFO
and the highest in MF (Table 2), pointing to organic matter restoration along
succession (Silver et al., 2000). Management also influenced topsoil chemistry, with
higher pH and Ca-concentrations in CPA (Table 2) presumably caused by liming
and significant chemical fertilizer-input.
The increase of leaf litter N-content from young secondary forests to mature
forests (Table 2) reflected a decreasing N-limitation and also a decreasing relevance
of biological N2-fixation along secondary forest succession (Davidson et al., 2007).
N-concentrations in the litter-layer of agroforests (Table 2) were lower than reported
elsewhere (Moço et al., 2010), probably due to the low quantity of N2-fixing legumes
in our agroforests.
Next to N, litter-layer C:N-ratios are key for litter-topsoil N-dynamics
(Constantinides et al., 1994). Plant tissues tend to mineralizar with C:N-ratios of less
than 25 while those greater than 25 tend to immobilize mineral N (Hobbie et al.,
2006). Thus, N-immobilization predominated in litter-layers (Fig 3b), with the
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exception of one HA and two EFA sites. We observed a significant positive
relationship between twig littermass (but not leaf littermass) and topsoil OM contents
(chap. 3.2.2), which may be due to the elevated lignin/polyphenol-contents typical
for twigs (Tu et al., 2011). Twigs decompose slower than leaves within the litter
layer, due to the higher concentrations of less degradable components, especially
lignins and other polyphenols, which form precursors for the buildup of soil organic
matter (Rahman et al., 2013). Thus, a higher portion of twigs in littermass can be
more important for organic matter buildup than the leaf litter layer. Agroforestry
species with larger twig input could therefore improve soil carbon sequestration.
Multivariate analysis permitted deeper insights into the interrelationships between
variables, and the appreciation of land-use and management-effects on such
relationships. Here, our results of PCA (i) partitioned two main axes (‘soil
physicochemistry’ vs. ‘large vegetation’) (Fig 5b), (ii) indicated successional
pathways, and (iii) positioned HA close to MF, whereas CPA formed a distinct
proper group (Fig 5a).
According to BCA analysis (Fig 6), the homegardens had the most
widespread point projection in both axes, pointing to high management variability.
By contrast, the market-oriented commercial plantation agroforests exhibited the
lowest within-system variability. This high variability within homegardens suggests
a large potential of management improvement, by selecting sites with low indicator
values and implementing agricultural practices to increase agronomic efficiency.
Such beneficial effects could be maximized by combining plots with contrasting
functions in a strategically designed landscape mosaic (S. T. Lovell et al., 2009).

Plant-litter-topsoil interactions
Plants and soils interact via a complex network of relationships between the
vegetation components, the litter layer and the topsoil (van der Putten et al., 2013).
We observed (i) a negative relationship between aboveground biomass of large and
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small plants, presumably the outcome of competition for light and soil resources
(Schwinning et al., 1998). However, this direct effect of canopy tree on understory
is likely more complex since the spatial patterns of the light environment are not
entirely dependent on stem height and the diameter at breast height (Montgomery et
al., 2001), the input variables measured to estimate aboveground plant biomass in
this study; (ii) litter-layer biomass was affected by small vegetation but not by large
trees, and was influenced mainly by the portion of leaves in the litter. This could be
a consequence of the tradeoffs between light use efficiency and light interception
efficiency (Onoda et al., 2014) which results in fast changes of leaves in the
understory rather than in the overstory; (iii) litter-layer twigs but not leaves
contributed to soil organic matter build-up, probably due to their contrasting
decomposition dynamics, with fast leaf litter decomposition contributing little to soil
organic matter buildup, as opposed to the more recalcitrant twigs which are less
easily degraded and form precursors of soil organic matter (Wang et al., 2010). A
further explanation for the weak relationships between the litter layer and topsoil
organic matter is in the decisive role of (mainly fine) root biomass to soil organic
matter formation (Zhang et al., 2013), not covered in our study; (iv) leaf litter mass
increased with a widening of its C:N-ratio and were negatively related with ‘plantavailable’ topsoil P- and K-concentrations; similar results have been found in other
studies throughout Amazonia (review by McGrath et al. (2001); and (v) expected
relationships within topsoil, such as the positive relationship between clay-content
and soil organic matter (Desjardins et al., 2004), and the negative relationship
between OM and bulk density (Feller et al., 1997).
Management impacted strongly plant-soil interactions and may influenced
the strength of the plant-litter-topsoil relationships. One conspicuous result of our
study was the absence of significant relationships between topsoil OM-content and
nutrient-concentrations or pH. In CPA (and partially in EFA), this can be attributed
to liming (CPA only) and localized synthetic fertilizer-inputs. Low biomassestimates of small plants and litter in the agroforest systems likely reflect the
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management practice of regular weeding (for the CPA and the EFA systems) and in
the homegardens of ‘sweep-and-burn’ in the house surroundings (Benjamin et al.,
2001). On the other hand, the lower values found in the mature forests are probably
a result of the influence of the overstory (Schwinning et al., 1998).
Relationships between components of plant biomass within vegetation,
vegetation-litter and litter-topsoil physicochemistry were altogether weak. Several
explanations are likely responsible for this: (i) Compared to regularly ploughed fields
or species-poor grasslands, spatial variability in tropics may be high in both
vegetation (Punchi-Manage et al. 2014) and soil (Fromin et al. 2013). (ii) We are
confident that our sampling scheme well reflects the ‘grain’ of spatial variability of
the different components covered, and previous study (Somarriba et al., 2013) have
shown similar sampling schemes to successfully represent the different vegetation,
litter and soil components under investigation. However, an unavoidable problem of
any sampling scheme is the assumption of ‘homogenous’ characteristics throughout
the sampling units, whereas both above- and belowground plant-soil interactions
vary in strength and expression from the plant center (stem position used for biomass
estimation) towards the crown rim and neighboring vegetation (Rhoades 1996). (iii)
Our study showed how management can affect soil nutrient availability via inputs
such as liming, fertilization, and in homegardens the addition of crop residues from
the outside (Rugalema et al., 1994), and how it can affect its spatial variability via
pruning, weeding, and sweeping and burning of litter piles. Thus, systems-specific
management will alter plant-soil interactions and – over all systems – reduce the
strength of these relationships.
Co-inertia analysis (Table 3) helped us to synthesize the multivariate
relationships between vegetation-litter-soil. Overall vegetation impacts on topsoil
were stronger in spontaneous forests than in agroforests and lacked (i.e.,
discontinuity) in two agroforestry-systems (CPA and HA). Our results indicate that
even agroforestry systems, commonly accepted as a low-impact land use, may face
sustainability challenges (P. K. R. Nair, 2014), as specific management practices can
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affect the relationships within the plant-litter-soil interface.
The special case of homegardens
Omnipresent homegardens are complex multistrata systems, typically with
high plant diversity and are subsistence- rather than market-oriented (Mohri et al.,
2013).
Homegardens are also special in their specific ‘sweep-and-burn’ fire regime of the
litter layer (Benjamin et al., 2001; Winklerprins, 2009) practiced by the house
residents in order to reduce the occurrence of insects and snake, and to keep the
homegarden ‘clean’ around the farmer´s houses. Benjamin et al. (2001) suggested
that this practice could offset carbon liberation and negatively affect nutrientcycling. We found elevated K-concentrations (Table 2) and widespread Pconcentrations or P-hotspots (Figure 3a) in the topsoil of homegardens, similar to
results reported by Pinho et al. (2011) in homegardens of Roraima, Brazil. Potassium
in the soil is easily lost via leaching (He et al., 2013), whereas P is immobile but
subject to P-fixation especially in highly weathered tropical soils (Gama-Rodrigues
et al., 2014; Melo et al., 2015). The higher topsoil K-content in homegardens may
result from leaching protection by the large trees, whereas the widespread values of
topsoil P-availability point to high soil heterogeneity in homegardens. Both findings
could be the outcome of spatially irregular burning of litter piles (the burning of litter
piles which releases K and P into the soil, which is protected against leaching and
concentrated in the location of the burn). Thus, sweep-and-burn may be a fire regime
capable of creating a mosaic of edaphic conditions, and such heterogeneity could
benefit ecosystem-stability (Tittonell et al., 2013). By contrast, the lower pH values
in both homegardens compared to CPA only (Table 2) may result from the low
burning temperatures in the litter piles—insufficient to increase pH (Certini, 2005).
Sweep-and-burn may combine quick nutrient mineralization and the creation of
spatial heterogeneity with protection against leaching by the large trees with their
73

3

Chapter 3

dense canopies and root systems. Further nutrient-relevant mechanisms in
homegardens include the influence of nutrient pumping by larger plants, and nutrient
inputs by the addition of crop and food residues from outside plantations and the
house (crop residues, household refuse, animal manure) (Rugalema et al., 1994;
Seneviratne et al., 2006).
In spite of their omnipresence (Mohri et al., 2013) and socioeconomic
success (E. Cardozo et al., 2015), homegarden agroforests remain under-researched
(P. K. R. Nair, 2014). Complex geometries and interactions have so far largely
evaded science (Seneviratne et al., 2006) and homegardens have never been part of
systematic agronomic improvement efforts. The high between-site data variability
found here (Fig 5 and 6) points to a substantial potential for management
improvements (optimized composition, spacing, pruning, etc).

Conclusions
We found strong impacts of land-use on soil-quality indicators and
aboveground biomass, within agroforests partly related to contrasting effects of
understory and soil management, whereas changes in spontaneous forests are related
to successional trajectories. We also detected a disruption in the plant-litter-soil
continuum for the agroforests, presumably the result of management. Altogether,
biomass in agroforests was statistically similar with mature rainforests and litter and
topsoil nutrients were higher than in young secondary forests, confirming their
ecological sustainability and potential as alternative to slash-and-burn in eastern
Amazonia.
Our study highlights the outstanding characteristics of traditional
homegarden agroforestry in terms of biomass, homegardens ranked next to mature
rainforests. The traditional ‘sweep-and-burn’ practice combines rapid nutrient
mineralization with protection against leaching by large trees and a closed canopy.
The large between-site variability pointed to a significant potential of improved
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management, homegardens need to be part of strategies for sustainable rural
development.
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Abstract
Soil microbial community data produced by next-generation sequencing platforms
has introduced a new era in microbial ecology studies but poses a challenge for data
analysis: huge tables with highly sparse data combined with methodological
limitations leading to biased analyses. Methodological studies have attempted to
improve data interpretation via data transformation and/or rarefaction but usually
neglect the assumptions required for an appropriate analysis. Advances in both
mathematics and computation are now making model-based approaches feasible,
especially latent variable modeling (LVM). LVM is a cornerstone of modern
unsupervised learning that permits the evaluation of evolutionary, temporal, and
count structure in a unified approach that directly incorporates the data distribution.
Despite these advantages, LVM is rarely applied in data analyses of the soil
microbiome. Here, we review available methods to handle the characteristics of soil
microbial data obtained from next-generation sequencing and advocate for modelbased approaches. We focus on the importance of assumption checking for guiding
the selection of the most appropriate method of data analysis. We also provide future
directions by advocating for the consideration of the dataset produced by sequencing
as a representation of microbial detections instead of abundances and for the
adoption of hierarchical models to convert these detections into estimated
abundances prior to evaluating the microbial community. In summary, we show that
model assessment is important for qualifying interpretations and can further guide
refinements in subsequent analyses. We have only begun to understand the factors
regulating soil microbial communities and the impacts of this microbiota on the
environment/ecosystem. Understanding the assumptions of new methods is essential
to fully harness their power to test hypotheses using high-throughput sequencing
data.
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Introduction
Understanding soil microbial community data (bacteria, archaea, fungi, and
protists) has become the holy grail of microbial ecology. Advances in sequencing
technologies and molecular biology methods have improved how microbiome
studies are conducted, from sampling design to biological interpretation (Knight et
al., 2018), and enabled observation periods ranging from short to long (Silverman,
Shenhav, et al., 2018). However, the use of inappropriate methods of analysis in soil
microbiome studies might generate insufficient or, even worse, misleading
biological inferences (Sohn et al., 2017) due to the high-dimensionality of sequence
data (high number of variables representing all amplicons of phylogenetic markers
or partial genes in metagenome sequencing), overrepresentation of zeros, variable
effort of data collection, imperfect detection, and the need for ancillary data
(environmental variables, phylogenetic information, etc.) (Li, 2015). In addition,
bias can arise from the cumulative effect of both systematic and random errors
throughout the whole process, including DNA extraction, sampling, amplicon,
sequencing, and bioinformatics (Hugerth et al., 2017; McLaren et al., 2019; Pollock
et al., 2018). Therefore, conclusions cannot be drawn from comparisons of raw
signal values for the same microbial taxa across multiple samples because the
observed differences in sequence abundance are not due solely to differences in the
true amount of DNA in a sample.
Another crucial characteristic of the soil microbiome is the complex interactions
between microbes (Armada et al., 2018; Ho et al., 2016). These interactions cannot
be represented solely by correlations because the compositional nature of microbial
community data biases correlations by inducing false significant negative
relationships: whenever a taxon become more abundant, it reduces the proportions
of other groups, which current methods falsely interpret as a statistically significant
negative correlation (Gloor et al., 2017). Friedman et al. (2012) observed that when
the population contains dominant taxa, the problem of spurious associations is very
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severe.
Given these challenges and available methods, here we review current
approaches for the analysis of microbial communities with the aim of synthesizing
developments in model-based approaches. Our main goal is to highlight the
importance of correctly understanding the assumptions underlying each method. In
particular, we focus on (i) statistical implementations and applications for
community-level soil microbiome analysis, (ii) scenarios in which various current
approaches and recent methods may have tangible benefits, and (iii) the assumption
checking required for appropriate analyses. We also advocate the potential of the
largely unexplored approach of imperfect detection for handling sequencing bias,
thus suggesting directions for future applications. We believe that soil microbiome
analysis should provide not only inferential information but also information on the
sources of bias and how bias was considered in the whole analysis. To better
illustrate the concepts discussed here, we use the dataset on the endophytic
microbiome from host tree seedlings available in the ‘gjam’ R package developed
by Clark et al. (2017) and simulated data from Sohn and Li (Sohn et al., 2017) in the
‘GOMMS’ R package.

What do soil microbiologists hope to learn from amplicon
sequence datasets?
According to Prosser (2020), microbial ecologists aim to gain an
understanding of the relationships and interactions between microorganisms and
their environments. Similarly, the major goals of soil microbiologists applying
molecular approaches can be classified into five main topics: (i) assessing soil
diversity (i.e. phylogenetic diversity); (ii) identifying dominant and low-occurrence
microbes; (iii) comparing soil communities subjected to an experimental condition
or geographical distance; (iv) identifying microbial taxa (OTUs, ASVs, or species)
that are more sensitive to edaphic factors; and (v) establishing relationships within
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and between microbial taxa to understand community structure. Developments in
high-throughput sequencing technology have propelled this scientific field into a
golden age, and soil microbiology has greatly profited from the information gained
by these methods. In turn, the enormous amount of information generated has created
a demand for data analysis approaches capable of synthesizing the results for
thousands of different microorganisms into more tractable information.
Initial data analysis methods originated from classic approaches in
community ecology. (i) To assess soil microbial diversity, microbiologists first used
diversity indexes such as alpha (e.g., Shannon, Pielou) and beta (Bray-Curtis
dissimilarity) and later developed indexes to include phylogenetic diversity (e.g.,
UniFrac) (Lozupone et al., 2005; Lozupone et al., 2010). (ii) To identify both
dominant and low-occurring microbes, relative abundance and other measures of
proportions (log-ratios) have been explored. To (iii) compare soil communities and
(iv) identify sensitive microbial taxa, multivariate analysis tools such as cluster
analysis, principal coordinate analysis, and constrained analysis have been applied.
The main method of analysis is distance-based ordination (constrained or
unconstrained), which summarizes the community variation in a concise, lowdimensional form, e.g., as a scatterplot (Hui et al., 2015). These ordination methods
can be followed by permutation-based analysis (PERMANOVA, ANOSIM, Mantel
test, etc.). Ordination also permits the identification of correlations, but more direct
analyses of correlation such as Spearman or Pearson were initially adopted to
evaluate microbial taxa relationships and perform network analyses (Lupatini et al.,
2014).
Distance-based methods are now expanding to include ecologically
meaningful metrics aimed at tackling multiple goals. For example, Schmidt et al.
(2016) proposed the indices TINA and PINA, which combine phylogenetic
information to measure and evaluate community similarity while accounting for the
interactions between taxa. Given the increasing number of available metrics, (Paliy
et al., 2016) emphasized the need for testing different indices to quantify the different
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aspects of the microbial community. However, only general guidance on index
selection is available (Buttigieg et al., 2014), with no formal test to ensure an
appropriate choice (Warton, Foster, et al., 2015; Warton et al., 2012). A critical look
at many studies of microbial ecology reveals that the choice of a metric typically
focuses on the potential information offered by the approach. For example, the BrayCurtis dissimilarity reflects the percentage of organisms belonging to different taxa
in two samples (e.g., a value of 0.27 indicates that 27% of all organisms in one
sample are different from those in the other). This is analogous to justifying the
choice of a parametric approach based on a normal distribution because this would
permit the evaluation of differences between means and standard errors. Based on
the potential information offered, one may decide to use the Bray-Curtis dissimilarity
without knowing that this metric is not suitable for compositional data (Jost et al.,
2011). To better guide the selection of distance-based methods, we first need to
understand the nature of the sequencing data and how its characteristics limit or even
bias currently available methods for data analysis.

The nature of sequencing data limits analysis using
traditional approaches
Advances in microbiology studies have revealed that the nature of
sequencing data is distinct from that of data in traditional ecological studies of
macro-organisms. First, sequencing the genes in a soil sample is not the same as
counting (Gloor et al., 2017). Thus, if a distance-based method takes into account
the proportion, it is prone to errors (Fernandes et al., 2014; Gloor et al., 2017).
Moreover, each step of a metagenomics workflow (DNA extraction, PCR, and
sequencing) adds an error that seems to be taxa-specific (McLaren et al., 2019).
In an attempt to control the influence of sequencing bias, microbiome data
are often converted into proportions by dividing the number of observed sequencing
reads (counts) by its the total (Gloor et al., 2017) or into some dissimilarity measure
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(e.g., Bray-Curtis, weighted UniFrac). Another widespread practice is to rarefy the
count data to force the samples to have the same number of total sequencing reads
(Hughes et al., 2005), at the expense of discarding vast amounts of information
(McMurdie et al., 2014). The aim of these approaches is to fulfil the criteria for
classic multivariate analysis and ANOVA-like tests, which use random permutations
for inferential analysis (Anderson et al., 2013). Therefore, these approaches focus
on bending the data to fit a particular type of analysis instead of using the analytical
approaches to better understand the data variability.

Data essence precedes data existence: the key properties of

4

microbial community data
Soil microbial community data is the output of molecular approaches.
Several sources of potential error arising before this microbial data is obtained could
interfere with the final observed microbiome. Dimitrov et al. (2017) reported
differences in the efficiency of soil DNA extraction and showed that successive
extraction can increase the DNA yield from 1-374%, depending on the soil type.
Subsequent amplicon sequencing remains strongly limited by the choice of primers.
Moreover, shotgun metagenome approaches identify 1.5 to 10 times as many phyla
and genera as 16S rRNA-based amplicon strategies (Poretsky et al., 2014). 16S
rRNA amplicon approaches can also introduce exaggerated between-sample
diversity (Edgar, 2017). Furthermore, the standard sequence clustering approach is
not free from criticism (Nguyen et al., 2016). Given the limitations of sequencing
platforms (Gloor et al., 2017) and molecular approaches (Dimitrov et al., 2017;
McLaren et al., 2019), we must assume that OTU (operational taxonomic unit) or
ASV (amplicon sequence variant) counts do not reflect microbial community
abundance but microbial detection in the soil environment. In essence, the
sequencing data are compositional, sparse, and overdispersed, and each sample
presents a different sequencing depth.
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The compositional nature of soil microbial community data originates from
the lack of independence imposed by high-throughput sequencing (Fernandes et al.,
2014). Every sequencing platform has a memory size limit, which is never reached
because of differences in efficiency. Therefore, regardless of the amount of
information available in the DNA sample, the output of a sequencing analysis will
be determined by the limit of the sequencing platform. Consequently, to fulfill the
goals of studies in soil microbiology, data analysis should focus on differences in
proportions rather than counts. More advanced statistical approaches are required to
accommodate the compositional nature of microbial community data (Lovell et al.,
2015; Rivera-Pinto et al., 2018), as compositional effects can result in significant
bias if a few taxa dominate the soil community (Delgado-Baquerizo et al., 2018).
Microbiome datasets are also characterized by sparsity or a high number of
zeros. In sequencing data, a zero count can be a result of either true absence or
undetected presence. Silverman, Roche, et al. (2018) suggested three classes of
zeros: (i) sampling zeros originating from undetected organisms in a given sampling
method; (ii) technical zeros caused by technical bias (e.g., limitations on methods of
DNA extraction, PCR or the sequencing platform); and (iii) biological zeros due to
true absence in the evaluated sample (Gloor et al., 2017; Hugerth et al., 2017; Paliy
et al., 2016). The lack of clarity in detection has led to arbitrary approaches for
avoiding this error, such as discarding taxa (OTUs or ASVs) with fewer than an
arbitrarily chosen number or proportion of reads or presence in fewer than an
arbitrary number of samples. These cutoffs might ultimately bias the analysis,
especially for alpha diversity, as reviewed by Hugerth et al. (2017). In summary, the
microbial abundance detected by high-throughput sequencing is far from a true
picture of the microbiome.
The sparse nature of microbial community data becomes evident when
evaluating mean-variance relationships (Björk et al., 2018; Nelder et al., 2004). The
mean-variance relationship measures the degree of heterogeneity between different
taxa and shows that differences between means are followed by differences in
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variances (Warton et al., 2016). The mean-variance relationship increases greatly
with the sparsity of data, particularly for count-based data, generating so-called
overdispersion (Warton, Blanchet, et al., 2015; Warton et al., 2012). This
overdispersion affects the location of each sample in the ordination plot, leading to
a biased interpretation of the results (Warton et al., 2012). Therefore, the meanvariance relationship plays a central role in any multivariate analysis (Warton et al.,
2017): if it is neglected, the microbial community analysis will claim changes that
do not exist or fail to detect differences that do. Different variables (taxon abundance,
metabolite concentration, etc.) usually display a sparsity of data (many species tend
to be present in large numbers or not at all), leading to variance greater than the mean
(an overdispersed mean-variance relationship) (Warton, 2017). Figure 1 illustrates a
strong positive mean-variance relationship of the endophytic microbiome dataset.

Figure 1 – Mean-variance relationship of the endophytic microbiome from host tree
seedlings available in the ‘gjam’ package published by Clark et al. (2017). The most abundant
Operational Taxonomical Units (OTUs) (high values on the x-axis) also display a very large
variance (high values on the y-axis).
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Assumptions first
Each distance-based metric makes an implicit assumption about data
variability that is rarely considered, which increases the likelihood of choosing an
inappropriate dissimilarity metric (Warton et al., 2012). For example, the BrayCurtis dissimilarity distance only weights different taxa appropriately if they have
similar variability (Warton et al., 2012). The Bray-Curtis dissimilarity was originally
developed for surveys with similar areas or volumes and therefore requires even
sampling. If the sampling is uneven, as is the case with varying sequencing depth
(Gloor et al., 2017), the Bray-Curtis dissimilarity will fail to identify differences in
the microbial community unless a vast amount of information is wasted in
rarefaction (McMurdie et al., 2014). An inappropriate dissimilarity metric will fail
to account for the true mean-variance relationship present in the data, a key statistical
property of multi-taxa data (Warton et al., 2012).
An inappropriate choice of distance-based methods compromises the capacity of
ordination analysis to distinguish differences between samples (Warton et al., 2012).
For example, a simulation performed by Sohn et al. (Sohn et al., 2017) showed that
if groups of samples (e.g., two or more different treatments) differ in their variability,
such as a much higher variance of one group compared with the others, non-metric
multidimensional scaling (NMDS) fails to display differences between them
(clustering groups that are in fact different), while principal coordinate analysis
(PCoA) tends to present false differences. Therefore, it is crucial to confirm that the
method of choice is suitable for the data under study.
Another important issue is the flexibility of some methods in terms of certain
assumptions, such as non-parametric multivariate approaches (Anderson, 2001).
This flexibility might lead many researchers to neglect an important prerequisite for
appropriate analysis: checking the method’s assumptions. For instance,
PERMANOVA is used to compare differences between two or more different groups
or treatments of samples via dissimilarity. This method takes advantage of
permutation and randomization procedures to deliver a robust analysis that does not
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depend on data normality. However, as pointed out by Anderson (2006), many
dissimilarity metrics are sensitive to differences in dispersion between groups of
samples (e.g., microbial communities from different treatments). Therefore, to avoid
a biased PERMANOVA, the dispersion between groups should first be checked via
a homogeneity test. Accordingly, Anderson (2004) developed the PERMDISP test
to evaluate the dispersion and test the homogeneity within each group of samples or
treatments being evaluated. This crucial step is often neglected in published
PERMANOVAs.
The need to check assumptions also applies to correlation analysis. Pearson’s
correlation between two compositional components cannot be calculated without
considering the compositional nature of the sequencing data (Gloor et al., 2017).
Because of their compositional nature, taxa abundances are not independent and thus
fail to fulfil the assumption of independence required by correlation analysis.
Another major issue of correlation analysis is the isolation of the true signal of biotic
interactions from other possible influences (shared environmental response), which
is discussed in section 4.4.

Data transformations are often inappropriate or counterproductive
As a first attempt, one might want to perform data transformation to reduce
the influence of unequal mean-variance relationships. The sparse nature of microbial
community data initially suggested data transformation to the log scale. However,
concerns about the efficiency of this approach (Ives, 2015; O’Hara et al., 2010;
Warton et al., 2016) and the required inclusion of a pseudo-count were raised, as the
appropriate value of the pseudo-count is not clear (Costea et al., 2014). Warton
(2017) demonstrated that data transformation cannot be reasonably expected to
stabilize variances for small counts and thus satisfy linear modeling assumptions.
Consequently, a strong bias is imposed on the analysis when data transformation or
normalization becomes a source of bias instead of allowing a fair comparison.
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McMurdie et al. (2014) showed that the most common normalization
technique, relative abundance (also known as total-sum scaling, TSS), fails to control
overdispersion and also disrupts data independence, thereby also increasing the rate
of false-positive correlations. Gloor et al. (2017) subsequently argued that the
compositional nature of high-throughput sequencing data itself breaks data
independence. The cumulative-sum scaling (CSS) approach (Paulson et al., 2013)
admits that some samples may be preferentially sequenced and focuses on removing
the biases by dividing the raw counts by the cumulative sum of counts up to a specific
percentile. This data-driven approach reduces the influence of preferentially
sequenced samples to avoid creating an unbalanced sampling effort. Paulson et al.
(2013) also used a mixture model that implements a zero-inflated Gaussian (ZIG)
distribution to explicitly account for data sparsity. This model distinguishes true
absences from technical absences, a common situation when some samples have a
much smaller number of reads.
However, Costea et al. (2014) noted that, in terms of ordination analysis, the
main advantage of CSS is the log-transformation. A simple log-transformation of
TSS data in which the scale of the pseudo-count is adjusted produces similar results,
as illustrated in Figure 2. Moreover, the adoption of a zero-inflated Gaussian as the
distribution assumption is controversial. Warton (2005) argues that a zero-inflated
Gaussian distribution is not always necessary, and that model diagnosis should
determine its adequacy. In summary, CSS partially controls the influence of
unbalanced sequencing data, but its adequacy should be checked prior to considering
its results.
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Figure 2 – First two dimensions of multidimensional-scaling (MDS) analysis of endophytic
microbiome data normalized by cumulative-sum scaling (CSS) (a) and total-sum scaling
(TSS) log-transformed (b) normalization of the endophytic fungal community present in
different plant hosts. For the TSS, we performed the log-transformation adding 0.000001 as
a pseudo-count.

Data transformation also contributes to converting the data to proportions
and tackling the compositionality constraint. The tool for this transformation is the
center log-ratio (clr). First, the ratio converts the sequence counts to proportions, and
then the log makes all the different samples symmetric and linearly related
(Pawlowsky-Glahn et al., 2015). However, the clr transformation remains subject to
the sparsity problem. Some promising alternatives exist to handle the zeros and allow
the use of this transformation, such as combining the clr transformation with the
matrix completion method as proposed by Martino et al. (2019).
Approaches other than data transformation and distance-based methods also
exist and offer an opportunity to perform analysis when the data presents a high
and/or heterogeneous dispersion. Generalized linear modeling (GLM) is a statistical
approach designed to handle different forms of data dispersion and data formats,
such as counts (Cameron et al., 2013), continuous variables (Foster et al., 2013), and
compositional data (Aitchison, 1982). Basically, GLM selects a probability
distribution that best describes the data instead of trying to adjust the data to a
specific distribution like the dissimilarity measures mentioned earlier. However,
GLM remains dependent on the proposed assumptions of the model, which are not
always clear to a broad audience. Consequently, the use of models that are more
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complicated than those commonly employed by microbial ecologists may increase
the risk of modeling errors. This risk is magnified by the traditional omission of
advanced mathematics and statistics from the core curricula for aspiring microbial
ecologists.

Tools and approaches for unbiased data analysis of the soil
microbiome
To circumvent the challenges imposed by the data’s nature, the analysis
method should be capable of handling the different sources of bias. We advocate that
the method should (i) investigate the microbial community differences under a
compositional constraint (the limitation imposed by the sequencing) and,
consequently, a lack of independence of correlation analysis; (ii) determine the
influence of sequencing bias on data variability, considering that some samples are
preferentially sequenced due to interference in the detection of some specific
microbes; (iii) adapt to the data mean-variance relationship present in the data; (iv)
add additional information (traits, environmental covariates, phylogenetic distances)
in a unified framework; (v) account for the influence of rare taxa; and (vi) disentangle
biotic interactions from environmental responses.
The solution for accurate microbial community analysis should not rely on
a large arsenal of measures for community (dis)similarities. It should focus on
powerful and versatile alternatives that appropriately handle high-throughput data
and provide tools for checking model adequacy. The most appropriate analysis of
microbial community data will account for the influence of the mean-variance
relationship. Currently, the most suitable approach is GLM, which separates out the
true effect from random noise by using a linear predictor (systematic component)
and a distribution assumption (stochastic component). We propose the use of modelbased approaches for both constrained and unconstrained analysis given their
capacity to explicitly model the mean-variance relationship in the data.
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Model-based approaches
Model-based approaches involve the construction of a generalized linear
model that explicitly dictates how the species response is generated. GLM
distinguishes the data into observed variables (e.g., OTU or ASV read number) and
explanatory variables or predictors, that is, any variable the researcher chooses to
explain the observed variables (e.g., treatments, temperature, pH). According to
Nelder et al. (2004), GLM requires three basic conditions: (i) there must be a
probability distribution that fits the observed variable in order to generate a model in
which the predictors explain the observed values; (ii) the effects of two or more
explanatory variables are a combination of their effects (e.g., heating may increase
some microbial groups if there are enough nutrients to support that growth); (iii) the
fitted model provides the expected value as a result of the explanatory variables. In
summary, GLM describes the linear relationship between the observed variables and
explanatory variables as a linear function that follows a specific probability
distribution tailored to the type of data under analysis. This specific probability
distribution is used to link the observed data with the explanatory variables (e.g.,
treatments, environmental covariates) and is called the link function (Jiang, 2007).
Hence, GLM permits the selection of the probability distribution that best fits the
data, thus enabling analysis under a specific mean-variance relationship (e.g., if the
variance equals the mean, the counts follow a Poisson distribution). After that, it is
possible to check whether the GLM appropriately fits the data.
Warton et al. (2012) concluded that the best approach to select an
appropriate mean-variance relationship for the analysis is to use GLM together with
diagnostic tools to guide model specification. In summary, a specific link function is
selected for the model, and the model fit is then checked to determine if this link
function captured the data variability. For example, to handle overdispersed counts,
a negative binomial (NB) distribution can be used as the link function in GLM. Other
distributions might also be considered, including quasi-Poisson, zero-inflated
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Poisson, and zero-inflated NB distributions (Zeileis et al., 2008). Numerous
distributions are available, but the residual analysis guides the choice of the one with
the best fit (Dunn et al., 1996), the so-called user-defined link function. To illustrate
this process, we fit a model for data with overdispersion by selecting a Poisson
distribution as the link function and evaluate its residual. This effect will be easily
detected in a residual vs. fit plot or Dunn-Smyth residuals analysis, a visual approach
that shows how the original data varies from its estimated value. If the data is
overdispersed, the residual from a Poisson model will show a variance that continues
to increase in microbial taxa with large counts (Figure 3a). Other auxiliary analyses
allow us to check the homogeneity of residuals according to samples (Figure 3b) and
taxa (Figure 3c). Additionally, we can evaluate the quantile plot (Figure 3d). If it
does not follow a straight line, then the data diverges from the assumed distribution,
thus demonstrating that the previously selected link function might not be
appropriate for the given dataset. Therefore, assumption checking should be
mandatory in model-based approaches (Warton et al., 2016). The analysis should
first capture the key data properties (using a priori knowledge and diagnostic tools)
and then consider how to use these properties to make valid inferences.
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Figure 3 – Residual plot of the microbial community under the assumption that the data
follow a Poisson distribution, as indicated by the Dunn-Smyth residual analysis of (a) linear
predictors, (b) samples, and (c) taxa, combined with the (d) normal quantile plot to check
how the data fits to the Poisson probability distribution.

GLM can be extended to evaluate dissimilarity measures. Generalized
dissimilarity modeling (GDM) combines matrix regression and GLM to relate
dissimilarities between pairs of sites to environmental conditions (Elith et al., 2007).
Hence, the GDM approach represents a potential solution to handle locationdispersion bias in dissimilarity metrics, such as in Bray-Curtis and weighted UniFrac
distances. Therefore, GLM extends distance-based methods beyond the special cases
for which it was developed.
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Model-based approaches to ordination
Ordination analysis (e.g., PCA, PCoA, and NMDS) reduces data with many
variables (high dimensionality) to a set of two or three responsive variables (Ter
Braak et al., 1988). Model-based approaches also offer many tools to reduce data
dimensionality (Hawinkel et al., 2018), including GLM with latent factors or latent
variable modeling (LVM). Model-based approaches have the advantage of
overcoming the limitations imposed by the nature of sequencing data. Analogous to
classic ordination, a latent variable model creates a set of axes (here named the latent
factor) to model the data variability, but the axes use a specified probability
distribution that best captures the data variability (Hui et al., 2015). Here again, the
best choice is defined via residual analysis.
Sohn et al. (2017) proposed a GLM-based ordination method for
microbiome samples (GOMMS) that uses as a link function a zero-inflated quasiPoisson (ZIQP) distribution. However, the GOMMS package (https://cran.rproject.org/web/packages/gomms/index.html) does not yet offer the possibility of
including environmental covariates, which limits the evaluation of the microbial
community to unconstrained ordinations. If covariates are necessary (e.g., edaphic
factors), the best option is general LVM (Verbeke et al., 2017; Warton, Blanchet, et
al., 2015), which allows both constrained (predictor or ‘environmental’ variable) and
unconstrained (response variable alone) ordinations.
LVM can also account for compositionality by including site effects. Here,
a site effect is any factor that influences data at the sample level, such as differences
in sample intensity (e.g., different numbers of sequencing reads in each sample). By
including site effects, LVM evaluates the data in terms of relative taxa abundance
(Hui et al., 2015) even though the input is the number of sequences, and thus data
transformation is not required. To illustrate, we performed LVM of the simulated
data from Sohn et al. (2017) and found an arch effect (Figure 4a). This arch effect
suggests that the data variability was not adequately captured by the latent factors.
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However, after accounting for the site effects (Figure 4b), the bias in ordination
disappeared, and the differences between sample groups became more evident. This
result suggests that accounting for the compositional nature of data reduces bias in
the analysis.
LVM can also handle complex relations by including polynomial terms (e.g., x², x³)
in the linear predictor (covariates). For example, some soil factors such as pH might
influence the microbial community with an optimum value, similar to a bell-shaped
curve (where both low and high values are toxic). LVM can easily incorporate such
complex relations by adding a quadratic term (x²) to pH in the model equation.
Importantly, the need to account for any quadratic response could be diagnosed as
an ‘arch effect’ in LVM ordinations (Hui et al., 2015). Therefore, one can initially
assume no quadratic relationship and, after visualizing the data, identify the presence
of the arch effect. In classic multivariate methods, the presence of an arch effect
usually invalidates an analysis and requires a change in approach. In LVM, an arch
indicates the presence of nonlinearity, which might itself be a potential result and
indicate a direction for continuing the investigation and model selection.
Like any statistical approach, LVM is founded upon assumptions (Hui et al.,
2015). Therefore, to ensure these assumptions are met, diagnostic tools should be
used to select the best model; if the choice of probability distribution as the link
function does not capture the data variability, this would become apparent during
analysis. Alternative link functions can then be checked to ensure the best fit. In
some cases, the neglected characteristic of the data may not be easy to identify. For
example, for the data on endophytic fungi published by Clark et al. (2017), we found
that the differences between considering or omitting the site effect may not be strong
(Figure 4c-d), but because sequencing data is compositional (Gloor et al., 2017), we
should include the site effect as a default option for microbiome analysis.
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Figure 4 – Latent variable modeling (LVM) with no (a and c) and fixed (b and d) effects of
sample sites. Addition of the fixed sample effect removed the ‘arch effect’, indicating that
nonlinear effects influence the microbial community structure.

More importantly, model-based approaches to ordination provide a unified
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framework for many different data types. LVM offers a parsimonious way to
incorporate taxa interactions or other sources of correlation (such as missing
covariates), thus enabling the development of joint species distribution models. For
example, Björk et al. (2018) used a joint species distribution model to analyze the
host-associated microbiome, which allowed adequate modeling of compositional
aspects while answering ecological questions (e.g., proportion of microbial variance
explained by elevation, sex, etc.).

Joint species distribution modeling
Joint species distribution modeling (JSDM) determines the influence of the
covariates in determining the abundance of each taxon while also taking into account
the presence of interactions between organisms (Ovaskainen et al., 2017). By
accounting for taxa interactions, JSDM provides more accurate estimates of the
changes in communities (Clark et al., 2014). However, JSDM remains
comparatively unknown and underutilized in the field of microbial ecology, with few
studies exploring its merits and limitations (Clark et al., 2017; Ovaskainen et al.,
2011; Sankaran et al., 2017). Recently, hierarchical Bayesian modeling (HBM)
promoted an advance in JSDM by accounting for potential correlations between
species using a residual term and introducing structured errors (Warton, Blanchet, et
al., 2015). The rationale for considering structured errors is the assumption that the
residual term of a model analysis (the variability not explained by the treatments or
covariates) is not just random noise but can also represent unobserved variables.
First, the model identifies how the covariates explain the differences in organisms’
abundance. Then the residual variability is considered as a result of potential
interactions or non-included variables (e.g., phylogenetic distance, metabolism).
HBM of communities encompasses several algorithms, e.g., the boral package (Hui,
2016) and mistnet package (Harris et al., 2017), that use a hierarchical structure to
infer signals of biotic interactions or improve community structure analysis.
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The application of HBM culminated in the general framework proposed by
Ovaskainen et al. (2017), the Hierarchical Modeling of Species Communities
(HMSC). HMSC provides a hierarchical joint species distribution approach that
offers a unified framework to combine different components (environmental factors,
taxon traits, phylogeny, temporal, and spatial differences) to understand their
influence on community assembly. HMSC assumes that (i) abiotic filtering is
properly captured by the environmental covariates included in the model; (ii) biotic
filtering is properly captured by the residual species-to-species correlation matrix or
– in the case of time-series data – by matrices modelling the influence of each species
in the previous year on the occurrence of every other species in the following year;
and (iii) any residual variation (i.e., variation not predicted by environmental or
biotic filtering) can be attributed to random processes such as dispersal limitations,
environmental stochasticity or ecological drift.
HMSC offers the possibility of partitioning the explained variance into all
components included in the model. Thus, it permits the measurement of the
percentage of variability in the microbial community that can be explained by
differences in soil factors, spatial distance, time, etc. As an example, Figure 5 shows
the use of HMSC to evaluate the variance explained by the hosts and the other
covariates (temperature, water deficit, shade, polyculture, warm, and distance) in the
endophytic fungal dataset. This partitioning shows that the host plays the major role
in selecting specific OTUs as endophytes (average of 66.2%), but changes in
temperature also explain a large proportion of the endophytes found in the plants
under study (22.6% in average). Notably, for a Sordariomycetes OTU, changes in
temperature explain 47.9% of its variability (Figure 5). Therefore, this procedure
informs how different processes shape the microbial community by assigning the
proportion of variance of each microbial taxon occurrence resulting from
environmental filtering, biotic filtering or random processes. This unified framework
also decomposes the observed co-occurrences, leading to better hypotheses on true
biotic interactions (Pollock et al., 2014). In our example, the residual variance ranged
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between 2.8% and 23.9%, suggesting that other non-measured variables also play an
important role in determining the abundance of some endophytic fungi.

4

Figure 5 – Variance partitioning obtained from hierarchical modelling of species
communities (HMSC) using the example dataset of the endophytic microbiome from host
tree seedlings available in the ‘gjam’ package published by Clark et al. (2017). Temp:
temperature, deficit: water deficit, gap: presence of shade, poly: poly or monoculture, warm:
room temperature or warming, far: distance (near or far) from the adult plant host. Host: plant
species of the host.

Similar to HMSC, one can perform JSDM by modeling the observed taxa
count data using Dirichlet multinomial (DM) regression, which has a different set of
assumptions. This approach automatically accounts for measurement errors and the
compositional constraint associated with counts data (Xia et al., 2013). Therefore, at
first glance, this approach seems more appropriate than HMSC for soil microbial
data. However, the correlations between dependent variables in a Dirichlet model
are always negative and thus may not represent the nature of the soil microbial
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community.
Another interesting form of JSDM is generalized joint attribute modeling
(GJAM) (Clark et al., 2017). GJAM allows relationships between species to be
inferred and interpreted on the observation scale while avoiding distorted
correlations. Moreover, GJAM works well for datasets with more than 100 species
based on the dimensional reduction approach developed by Taylor-Rodríguez et al.
(2016). GJAM also accommodates sampling effort by treating observed counts as
censored versions of true abundance, and parameters can be interpreted on the
observation scale or the effort scale. This approach measures the quality of data and
then determines the strength of the results and inferences. However, GJAM still does
not offer a unified framework that includes the phylogenetic distance between
different microbes. In summary, GJAM provides new flexibility for inference and
prediction from ecological data by aligning the scales for multiple observation types
and fitting the model on the observation scales. Recently, Norberg et al. (2019)
evaluated the performance of 15 species distribution modeling strategies, including
GJAM and other JSDM approaches, according to their accuracy, discrimination
power, calibration, and precision for different levels of biological information
(species occurrence, species richness, and community composition). Their results
showed that no model performs well at all prediction tasks, further emphasizing the
importance of model selection for achieving a more accurate analysis of community
data. Therefore, the choice of a given model should be based on its capacity to best
describe the data obtained from the soil community.

Understanding microbial co-occurrences
Microorganisms in soil live as integrated microbial communities that
process energy and materials and consequently affect their surroundings (Gilbert et
al., 2012; Lima-Mendez et al., 2015; Schmidt et al., 2016). Therefore, projections of
taxon distribution and community structure across large spatial gradients must
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include the effects of multispecies interactions. However, the compositional nature
of microbial community data requires more advanced statistical approaches (Lovell
et al., 2015; Rivera-Pinto et al., 2018), potentially in combination with a variable
selection approach (Fang et al., 2015). Compositional effects can result in significant
bias if a few taxa dominate the soil community (Delgado-Baquerizo et al., 2018).
Moreover, the revealed associations among variables and patterns of object
distribution do not inherently imply causality (unless the explanatory variables are
the experimental treatments). Correlation is a powerful tool for helping researchers
generate hypotheses (Dormann et al., 2018), such as which interactions are
biologically relevant in the systems under study and warrant further research (for
example, through co-culturing or whole-genome sequencing). The models that we
discuss here do not claim to specify or quantify interactions between species
mechanistically; they simply allow for the detection of co-occurrences of different
taxa that are potentially explained by true biotic interactions between microbes or
common - but independent - responses to environmental variables.
Weiss et al. (2016) benchmarked the performance of eight correlation
techniques (Bray-Curtis, Correlation Networks - CoNet, Local Similarity Analysis LSA, Maximal Information Coefficient - MIC, Pearson, Random Matrix Theory RMT, SparCC, and Spearman). Simulations with sparse data showed that the
majority of correlation approaches are overly sensitive for OTUs with more than
50% absence. Based on these results, Weiss et al. recommended that an approach
similar to SparCC be adopted to remove from the analysis any taxa that may actually
compromise the investigation of community interactions. Again, such an approach
neglects assumption checking and diagnosis. Taxa expected to be very rare and
seldom should not be included in estimates of community network interactions; other
studies have shown that increased rarefaction of data (leading to an increase in the
proportion of zero counts) greatly increases the rate of false positives for all methods
tested (Weiss et al., 2016). Recently, Cougoul et al. (2019) demonstrated that
classical associations and the abovementioned common network analyses do not
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provide a reliable test for rare microbes (e.g., low-prevalence OTUs), and they
recommend limiting these tests to only non-problematic pairs. Thus, the authors
proposed implementing a filtering strategy to identify and select only testable
associations. Therefore, once again, checking assumptions can provide better
guidance on whether a specific method is reliable or not for a particular dataset.
Regardless of the procedure adopted, the tools for correlation analysis
confound the effects originating from a shared environmental response (Pollock et
al., 2014), which occurs when two microbes co-occur due to some common response
to a resource or environmental factor instead of a true biotic interaction. To address
this point, JSDM determines if a co-occurrence results from a shared response
(originating from an environmental, ecological or evolutionary process) or from a
missing variable based on the residual correlation. The idea is that once the
community is fit to a determined set of environmental factors, any departure from
that fit (residue) might result from the potential interaction of any non-measured
variable or an undetected or discarded microbe or from a biotic interaction (Dormann
et al., 2018; Pollock et al., 2014). Therefore, residual correlation offers a statistical
framework for reducing the influence of any measured environmental covariate (and
hence the treatments) as a potential inducer of microbial co-occurrence.
Lastly, to apply model-based approaches to microbiome data analysis,
microbial ecologists should focus on two questions: (1) Does the model fit the data
well, and what techniques are available for performing this evaluation? (2) If the
model fits well, does it provide informative summaries of the original data? We
advocate that future research on microbial ecology provide answers to these
questions prior to digging into scientific questions and biological explanations. Such
an approach is essential for informing the reader about the quality of the findings of
microbial community analyses.
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Future directions: the challenge of imperfect detection
To improve our understanding of the soil microbial community, it is
important to recognize not only that microbiome datasets are compositional but also
that detection is imperfect. Imperfect detection implies uncertainty about the
abundance recorded (Dorazio et al., 2015). Consequently, the observed abundance
is a result of the efficiency in detecting all organisms in the sample and thus should
be disentangled (Yamaura et al., 2016). Soil sampling usually presents imperfect
detection, resulting in the creation of the three classes of zeros discussed earlier
(section 3.1) (Guillera‐Arroita, 2017). Common species with low detection
probability and rare species with high detection probability should not receive equal
weight.
Model-based approaches deal with imperfect detection in taxa distribution
by disentangling inferences about the taxa distribution from noise in observed
abundances (Guillera‐Arroita, 2017). Separating the detection from observed
abundance requires technical replicates. For the soil microbial community, it is
possible to increase the number of replicates by performing multiple DNA
extractions from the same soil sample. Moreover, PCR can be performed multiple
times from the same extracted DNA and contribute information on the variation
induced within this process. PCR replication has also been suggested to provide a
better snapshot of the microbial community (Ficetola et al., 2015; Knight et al.,
2012).
By recording separately, the detections and non-detections in a sample in
each DNA extraction and/or PCR, the model gains information about how detectable
a species is and hence can account for changes due to missing the species at some
time points (Iknayan et al., 2014). However, conducting separate visits in time is not
the only approach for collecting information about detectability, and we refer to
Mackenzie et al. (2005) for a more in-depth discussion of currently available
methods. In this review, we restrict our discussion to the case of multiple visits, since
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it can be easily extended to molecular methods, and consider the N-mixture model,
which requires data on replicated counts of individuals (Royle, 2004), adapted to the
estimation of counts from sequencing reads.
Royle et al. (2003) developed the N-mixture model as a mathematical
approach for estimating the abundance of a sample based on detection. This model
allows sampling data to be evaluated as the number of individuals detected and
associates a probability value with each taxon (each taxa occurrence consists of the
outcome of a detection probability). The N-mixture model permits the development
of a hierarchical detection-based model that accounts for imperfect detection by
including many sources of bias, such as the distance between samples, differences
in repeated measurements, and differences in time (Yamaura et al., 2016). The model
analyzes the experimental design only after determining the detection probability of
each taxon in the table. Therefore, the hierarchical approach provides a framework
for investigating the detection bias occurring in DNA extraction, PCR, and
sequencing, if we include technical replicates in these processes.
If technical replicates are not possible or too expensive, another interesting
alternative is generalized joint attribute modeling (GJAM), which classifies each
sample according to its sampling effort (Clark et al., 2017). In compositional data
such as microbiome data, effort corresponds to the total number of reads per sample,
and thus it is possible to put each sample into an effort scale. As a result, samples
that were better sequenced will be considered more informative in the model. This
weighted information enables a more accurate analysis of the microbial community.
In summary, accounting for imperfect detection of microbial communities
implies greater sequencing effort; otherwise, detection would become an
uninterpretable parameter. The effects of imperfect detection are a fruitful new area
for microbial ecology to explore, and our focus is to introduce these simple methods
for adjusting statistical models. Future research may use simulations such as the one
reviewed by Escalona et al. (2016) to evaluate the impact of imperfect detection
models on improving the estimation of the microbial community from next104
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generation sequencing technologies. Comparisons with other approaches are left as
an avenue for future work.

Conclusion
Studies of the soil microbiome are a source of richly structured, highdimensional data but bring novel scientific problems and setups. The increasing
number of techniques and methods to overcome these challenges generates several
possibilities for microbiome data analysis, and this large arsenal of choices increases
the importance of assumption checking as the first step in appropriate model
selection.
Model-based approaches can explicitly account for key statistical properties of
data (compositional nature, imperfect detection, mean-variance relationship, lack of
independence between taxa, rare taxa, and disentangling biotic from abiotic driven
co-occurrences). By explicitly modeling the mean-variance relationship, LVM
ordinations cover the true underlying site patterns. However, we must highlight that
model-based approaches usually demand much more computational power and time
than distance-based approaches, especially software that uses Markov chains to
obtain regression coefficients. When specifying a statistical model, the primary goal
should be choosing the model for the data at hand. As a substantial improvement that
is currently available to provide more accurate analyses of microbial communities,
we advocate models capable of estimating taxa abundances while accounting for
imperfect detection, the effects of environmental factors, and associations between
species. We have only begun to realize the potential of probabilistic methods to guide
careful scientific reasoning – emphasizing both insights and their degree of
uncertainty – in the analysis of complex microbiome datasets.
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Abstract
An alarming and increasing deforestation threaten Amazon tropical ecosystems.
Notably, this occurs because shifting cultivation. Shifting cultivation is trapped in a
vicious cycle of unsustainable intensification and degradation, due to the shortened
period of forest recovery following natural succession (secondary forest).
Agroforestry systems may offer a sustainable alternative, reportedly mimicking the
plant-soil interactions of the natural mature forest. However, the role of microbial
community, the key player in the above- and belowground linkages in tropical
agroforestry systems (AFS) remains not known. Here, the land use systems (mature
and secondary forest; AFS) affected both plant biomass and soil factors, and the soil
microbial community. The current study provided evidence on how land use systems
interfere with the aboveground and belowground interactions at ecosystem level,
with a particular focus on these effects to the soil microbial communities (bacteria,
and fungi). Collectively, this study demonstrates that secondary forests can converge
to the same soil microbiome as found in the mature forest, by favoring the same
groups of fungi. However, the different agroforestry systems foster distinct groups
of bacterial community, likely a result of the differences in management practices.
Additionally, our analysis suggests that AFS require more profound changes in the
aboveground biomass and soil factors to reach the same microbiome as found in the
mature forests. In summary AFS practices do not result in an ecosystem mimicking
natural forest plant-soil interactions but reshape the ecosystem to a completely
different relation between the aboveground biomass, soil properties, and soil
microbiome.
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Introduction
Tropical rainforests are the planet’s most species-rich biomes (Armstrong,
2016), a feature that is especially impressive given that these forests inhabit heavily
weathered, nutrient-poor, and acid soils (Armstrong, 2020). Collectively, the
combination of high diversity, high biomass, and nutrient-poor soil is made possible
by an efficient aboveground-belowground interaction (Camenzind et al., 2017;
Milton et al., 2007). Nutrients slowly accumulate in the plant biomass and efficiently
cycle in the soil through a complex network of soil organisms.
Over the past decade Amazon tropical forest has been converted to
commodity production (pasture and soybean) at a rate of 6.54M hectares per year
(Kim et al., 2015). To circumvent the limitations presented by nutrient-poor soils,
many farmers adopt slash-and-burn practices, which use fire to quickly mineralize
nutrients stored in the plant biomass, making them available for subsequent crops.
However, the soils of the humid tropics are particularly vulnerable to degradation as
the warm and humid environment promotes rapid organic matter decomposition and
mineralization, nutrient loss caused by leaching and runoff (Markewitz et al., 2004),
and gaseous nitrogen losses (Brookshire et al., 2017). Production thus declines
rapidly after burning, causing farmers to abandon such land and move to a different
plot of the forest, leading to further deforestation. Ultimately, repeated slash-andburn cycles and shortened fallow periods (Lawrence et al., 2010) lead to reduced
agronomic productivity (Runyan et al., 2012; Styger et al., 2007), thereby
exacerbating rural poverty (Jakovac, Peña-Claros, et al., 2016; Satyam Verma,
2012).
Alternative to slash and burn agriculture in the tropics is agroforestry. The
core principle of agroforestry systems lies in combining trees with crops, and/or
animals in the same plot of land (a multistrata system) to mimic plant succession in
the natural forest, while including crop production. As a potentially sustainable
agronomic solution, agroforestry systems in tropical forests have been shown to have
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the capacity to improve soil quality (Pinho et al., 2012), increase system stability
(Mohri et al., 2013), and reduce economic risk by enabling production of multiple
products and enhanced market flexibility (Souza et al., 2012). However, the
agroforestry systems can be very varied in their goals, crops and level of external
impacts (Atangana et al., 2014c). Consequently, the ecological and social
sustainability of these systems varies widely.
Intentionally or unintentionally, agroforestry systems are designed to
spatially, physically, and temporally optimize resource use by maximizing the
positive interactions, and minimizing the negative interactions, between plants and
soil subsystems (aboveground-belowground interactions). According to the central
agroforestry hypothesis (Cannell et al., 1996), the trees acquire and/or provide
resources otherwise unavailable to the crops, especially nutrients from the soil deep
layers (nutrient pumping). This also can reduce leaching and runoff (the safety net
mechanisms) (Seneviratne et al., 2006), thereby playing a crucial role in connecting
the aboveground and belowground subsystems. However, we recently showed that,
compared with the natural forest, agroforestry practices reduce the intensity of the
aboveground-belowground interactions and the interdependence between plant and
soil subsystems, which is likely an outcome of management practices (plant selection
and arrangement, nutrient input, pruning, weeding, etc.) (Leite et al., 2016). Thus,
while the non-sustainable land use intensification in slash-and-burn practices clearly
has negative impacts on soil nutrient recycling, above- and belowground biodiversity
and ecosystem functioning and stability (Thiele-Bruhn et al., 2012), intensely
managed agroforestry systems may likewise interfere in the abovegroundbelowground linkages that impact ecosystem function, especially nutrient cycling.
The challenge in investigating the aboveground-belowground interactions in an
agroforestry system begins with the multiple components or subsystems that play a
major role in determining system functioning. Research on Amazon Forest to date
has generally focused on tree-crop interactions or plant-animal interactions, while
investigations of plant-soil interactions at the ecosystem level have only recently
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been initiated (Leite et al., 2016) and no studies on impact of agroforestry practices
on soil microbiota - key component of soil ecosystem functioning (Bender et al.,
2016)- have carried out.
Highly efficient nutrient cycle is essential to tropical forest maintenance,
what services are provided by soil microbiome. Therefore, here we examined soil
microbial communities of three different agroforestry systems across the northcentral Maranhão and eastern Pará states of eastern Amazonia and compared them
those of immature secondary forest and mature rainforest sites. Our major goal was
to investigate the capacity of the agroforestry systems to mimic the abovegroundbelowground interactions found in mature forests. We linked microbiome features to
measures of aboveground vegetation biomass, litter mass and the topsoil physicochemical properties. By including the soil microbiome, we contribute to the design
of more sustainable systems that better mimic the aboveground-belowground
interactions of mature forests.

Materials and Methods
Field survey, biomass estimation, and soil sample collection
The study was conducted in the eastern periphery of Amazonia, at 56 study
sites in six counties (Anajatuba-Itinga, Arari, Morros-Rosário, São Luís, Gurupi, and
Tomé-açu), and aggregated into two regional clusters (Maranhão and Pará) in Brazil.
The studied area covered 67,500 km² in north-central Maranhão and eastern Pará
states of eastern Amazonia (Figure S1). We compared three different agroforestry
systems with natural secondary forest succession and mature rainforest controls and
explored

system-associated

differences

in

the

aboveground-belowground

interactions, specifically focusing on the impact of agroforestry system on these
interactions. The maximum distance between sites within each county was <30 km,
and the maximum distance between counties within each regional cluster was <150
km. Forty of the 56 sites were located in the central-northern Maranhão state, while
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the others were approximately 400 km further westward in the Tomé-açu County in
the eastern Pará state. The original rainforests in central Maranhão and in the
majority of eastern Pará are almost entirely replaced by pastures and secondary
forests. Lack of occurrence of mature rainforests in every county rendered
geographic distance as a potential factor affecting the results and was therefore
included in modeling. According to the Köppen classification, the climate is Aw and
Ami, and varies slightly between the two regional clusters (2100 mm of annual
rainfall in the central Maranhão state and 2300 mm in the eastern Pará state, with 6
and 5 months of hydric deficit, respectively). The soil is nutrient-poor acid Oxisol or
Ultisol (USDA, 2010), and the topsoil texture is loamy/fine-sand. Although the soil
texture and density did not vary much between sites and clusters, we did detect
significant soil physical/textural differences between some land use classes. We
therefore considered soil texture as a covariate in the analyses of soil nutrients to
investigate system-related differences. Interactions between the aboveground
vegetation and soil physico-chemistry of a subset of 32 of these sites were previously
analyzed and published (Leite et al., 2016).
Four types of natural forests and three types of agroforests were compared.
Site selection and classification was based on the work of E. G. Cardozo et al. (2015)
and Leite et al. (2016), as follows:
(i) Natural forests: Secondary forests following slash-and-burn shifting cultivation
or on abandoned pastures. Young (5–12-yr-old; SFY, 5 sites), mid-age (15–20-yrold; SFM, 6 sites), and old (>30 yr-old; SFO, 7 sites) secondary forests were
distinguished. Mature forests (MF, 12 sites) were also distinguished, and indicated
original mature forests without any visible human perturbation or with low-intensity
selective logging >60-yrs ago.
(ii) Agroforests: The following different systems were distinguished: enriched fallow
agroforests (EFA, 6 sites), established by enrichment planting of fruit and timber
species in the understory of 15–25-yr-old secondary forests; home-garden
agroforests (HA, 13 sites), tall multistrata agroforests surrounding houses, virtually
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omnipresent in the study region and throughout the tropics (Kumar et al., 2004); and
commercial plantation agroforests (CPA, 7 sites), regularly-spaced plantations with
inorganic fertilization and liming, established or inspired by Japanese immigrants.
The main products of CPA are cocoa (Theobroma cacao L.) and cupuassu (T.
grandiflorum K. Schum), açaí (Euterpe oleracea Mart.), and black pepper (Piper
nigrum L.).
Most of tropical rainforests are comprised of three to four canopy layers that
agroforests tend to mimic: the canopy emergent, the main canopy, the understory,
and the forest floor (Armstrong, 2020). In such complex systems, multiple
interactions exist between these layers. Besides, spatial complexity occurs not only
vertically but also horizontally. To capture that complexity, we adopted a joint
sampling scheme to guarantee the compatibility of datasets for all investigated
components (Leite et al., 2016). Vegetation and litter sampling strived to capture
plant influence zones, as suggested by Rhoades et al. (1996). The large tree
aboveground biomass [AGB≥10 cm diameter at breast height (dbh)] within each site
was determined in the circular main plot (1,963 m²), and the minor vegetation and
litter were determined in five subplots (25 m² and 1 m² for minor vegetation and
litter, respectively). The topsoil (0–20 cm) was obtained as composite samples from
the centers of the five subplots.
In CPA, the sampling scheme was adapted to the predominant regular
spacing. Instead of a circle, six sub-plots (3 × 5 m) were used, in three quadrangular
main plots of 25 × 25 m, similarly to Kato et al. (2009). The sub-plots and transects
were sampled as above.
Large biomass components were assessed allometrically via diameter-based
equations for mature rainforest trees (Overman et al., 1994), secondary forest trees
(Nelson et al., 1999), lianas (Gehring et al., 2004) and, when present, babassu palms
(Gehring et al., 2011), and also via conversions between the dbh and the diameter
measured at a 30-cm height for smaller vegetation components (Gehring, Park, et
al., 2008). The following were distinguished: large vegetation (trees with dbh ≥10
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cm and palms >2 m high) (AGB≥10 cm dbh); mid-sized vegetation (trees, shrubs,
and lianas with dbh <10 cm, and palms <2 m high); and small vegetation (herbaceous
and shrubs <1.30 m high). Small vegetation was estimated destructively and jointly
with the litter layer. For statistical analyses, mid-sized and small vegetation were
combined (AGB<10 cm dbh). The biomass of fallen logs in transects (Van Wagner,
1968) and standing dead logs in the circular main plots were quantified following
the methods of Arevalo et al. (2002). The litter layer was destructively quantified
and sampled in five 1 × 1 m sub-quadrants within each sampling unit. The litter layer
mass estimations distinguished between leaves and twigs. All the sampling was
performed during the rainy season.
Soil bulk density (volumetric rings) and soil texture (via a pipette method)
were determined as indicators of topsoil physical quality, according to the procedures
of Klute et al. (1986). The following indicators of topsoil chemistry were evaluated:
pH, determined via soil suspension in 0.01 M CaCl2; soil organic matter, determined
by the Walkley-Black digestion method; the available P, estimated via extraction
with a synthetic anion exchange resin Amberlite IRA-400; exchangeable K,
determined via Mehlich I extraction; Ca and Mg, determined via KCl extraction; and
H+Al, determined by the Shoemaker-McLean-Pratt (SMP) method. All procedures
followed the specifications of Agronomic Institute of Campinas-IAC (2001).

Amplicon-based 16S and 18S rRNA gene analyses
The soil subsamples (20 g) were stored at -80 °C prior to molecular analyses.
Total soil DNA was extracted from 0.25 g of the soil using the Power Soil kit (Mobio,
Carlsbad, CA, USA), following the manufacturer’s instructions. To assess the impact
of treatments on the bacterial community, the 16S and 18S rRNA genes were
sequenced from total DNA extracted from the soil samples. The V4 region of the
16S rRNA gene was amplified using the archaeal/bacterial primers 515F (5′GTGCCAGCMGCCGCGGTAA-3′)
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GGACTACHVGGGTWTCTAAT-3′), and the 18S rRNA gene marker was selected
to

investigate

the

fungal

community

using

the

primers

FR1

(5′-

AICCATTCAATCGGTAIT-3′) and FF390.1 (5′-CGWTAACGAACGAGACCT-3′).
The sequences were PCR-amplified using barcoded primers (Caporaso et al., 2012).
The 16S rRNA gene amplifications for library preparation were performed
using the C1000 thermocycler (Biorad, Hercules, CA, USA) with the following
thermal conditions: 95 °C for 5 min; 35 cycles of 95 °C for 30 s, 53 °C for 30 s, and
72 °C for 60 s; and 72 °C for 10 min. A 25-µl reaction contained 2.5 µl of 10× PCR
buffer, 2.5 µl of dNTPs (200 µM), 0.25 µl of each primer (0.1 pmol/µl), 0.2 µl of
FastStart Exp polymerase (0.056 U), and 1 µl of DNA (0.6 ng). The 18S rRNA gene
amplification reactions were performed using 5 micromolar of each primer, 2 mM
dNTPS (Invitrogen, Carlsbad, CA), 0.5 microliters of BSA, 10 PCR buffer,
0.56 units of Fast Start Exp-Polymerase and 1 microliter of sample DNA template in
a total reaction volume of 25 microliters. The PCR was conducted with initial
incubation of 5 min at 95 °C followed by 25 cycles of 30 sec. at 95 °C, 1 min. at the
annealing temperature of 57 °C, 1 min. at the extension temperature of 72 °C,
followed by a final extension for 10 min. at 72 °C. The reactions were performed in
duplicate and a negative control was included. The amplicon sizes were checked by
gel electrophoresis. PCR products were purified using the Agencourt AMPURE XP
system (Beckman Coulter, Brea, CA, USA) to remove primer dimers, quantified
using Fragment Analyzer (Perkin-Elmer Corp.), and mixed in equimolar amounts for
sequencing using Illumina MiSeq (Illumina Inc., San Diego, CA, USA).
Sequences of the 16S and 18S rRNA partial gene amplicons were processed
using dada2 workflow (Callahan et al., 2016) on a 32-node server running Linux
Ubuntu 14.4. The forward and reverse primer sequences were removed from the
FASTQ file of each sample using Flexbar version 2.5. Reads were filtered based on
sequence quality by running the Sickle tool (minimum quality score of 25 and
minimum length of 150). Taxonomic information for each ASV was added to the
BIOM file using the SILVA 132 database. The sequences were deposited in ENA
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database. In total, the sequencing resulted in 3,308,164 reads for bacteria and
3,334,355 for fungi.

Data analysis and statistics
Studying the microbial community composition at high taxonomic
resolution based solely on short reads is challenging. In order to provide a clear but
still detailed analysis and avoid overinterpretation at species/ASV level, all the
analyses of bacterial and fungal community were done at the taxonomic level of
genus. The rarefaction curves for both bacterial and fungal communities are
presented in Supplementary Figures S1 and S2.
The composition of microbial communities in soil is tightly connected with
soil characteristics (Cassman et al., 2016), nutrient availability (Delgado-Baquerizo
et al., 2017; Pan et al., 2014), and plant biomass (Aponte et al., 2013). These
parameters are in turn connected with land use and management practices (Barnes et
al., 2014). These relationships make use of environmental variables as predictors of
the microbiome prone to bias towards collinearity and overfitting (Dormann et al.,
2013). To circumvent this problem, we adopted the Generalized Joint Attribute
Modeling (GJAM) (Clark et al., 2017). This model allows one to include variables
of different types and to analyze them jointly, thus revealing the regression
coefficients of the effects of different land-uses in the relative abundance of taxa
within the soil microbiome, as constrained by the compositionality (Gloor et al.,
2017), the aboveground biomass and soil factors. Subsequently, we performed a
hierarchical clustering analysis (ward distance) of the different regression coefficient
to identify similarities in the responses to the land-use. GJAM also allows the
possibility to include random effects, which accounts for the within site replicates.
Another advantage of the GJAM approach is the possibility to simulate scenarios for
some specific set of dependent variables. This tool was adopted to simulate a
scenario where all the land-use systems (agroforests and secondary regrowth) have
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the same microbiome found in the mature forests. The intention here was to compare
how much the soil factors and plant biomass should differ from the original value
recorded during the measurements in each sampling site to achieve that specific
microbiome. The level of change for each variable was summarized as a ratio of
change (the ratio between the simulated value and the original value found in each
site).

Results
Interdependency between soil microbiome, plant biomass and soil
factors across land use systems
Mature forest (MF), without any visible human perturbation, was used as a
tropical rainforest standard to which we compared three different agroforestry
practices, as well as changes associated with a gradient of natural secondary
succession following slash-and-burn agriculture. GJAM analysis was used to
determine the effect of the different land-use systems on the microbial community,
plant biomass and soil factors, and cluster analysis of the resulting regression
coefficients allowed us to identify groups of land-use with similar characteristics and
groups of response variables with similar shifts according to the land-use (Figure 1).
First, we observed that the system with the most similar characteristics across sites
was the secondary succession (YSF, MSF, and OSF). These natural regrowth systems
are characterized by an increasing number of Ascomycota and Basidiomycota fungi
(Figure 2) that matches with the mature forest (MF). Another cluster grouped the
home-gardens (HA) with the commercial plantation agroforests (CPA), and the
enriched agroforests (EFA), likely due to reduced proportion of some specific genera
from fungi (Ascomycota, Basidiomycota) and bacteria (Proteobacteria), especially
as compared to MF.
Interestingly, the MF sites showed more similarities with secondary forest
regrowth than the agroforestry systems. In general, the natural forest exhibited a high
proportion of different genera of Ascomycota (YSF = 8, MSF = 8, and OSF = 16),
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Basidiomycota (YSF = 3, MSF = 6, and OSF = 9) (Figure S1) and the fungal phylum
Mucoromycota (YSF = 2 and OSF = 6). Within the Mucoromycota phylum, we found
two unclassified genera of mycorrhizal fungi (one classified as Glomeromycetes and
the other as Glomerales). These two genera were significantly more abundant in MF
and the secondary succession forests (OSF and YSF) as compared to the agroforestry
systems. In contrast, the agroforestry systems had a higher relative abundance of
numerous bacterial genera (EFA = 44, CPA = 7, and HA = 53), yet only few fungal
taxa (EFA = 6, CPA = 7, and HA = 25). The bacteria belonged to the phyla of
Acidobacteria,

Actinobacteria,

Bacteriodetes,

Cloroflexi,

Chytridiomycota,

Planctomycetes, Proteobacteria, Thaumarchaeota, and Verrucomicrobia.
The collective changes in plant biomass and soil factors also contributed to
the distinction between the land-use systems (Figure 1 and S1). Overall, the MF
systems had the highest values for total aboveground biomass (TAGB), followed by
the OSF and HA. We also found that the coefficient of aboveground biomass shifts
from negative to positive from the YSF to the OSF, suggesting a gain of plant
biomass along the natural regrowth. Our model also revealed which microbial genera
exhibited a similar response to the shifts found in the variables of plant biomass
(Trichoderma,

Apiotrichum,

Mortierella,

Geastrum,

Myrothecium,

and

Glomeromycetes) that clustered together in C3 with the variables of total
aboveground biomass (TAGB), living aboveground biomass (LAGB), and the
biomass of plants >10cm dbh (the group of plants that represent the canopy) (Figure
1). Overall, we found that many genera of fungi were associated with the variables
that described the plant aboveground biomass (leaf litter, dead logs, and living
aboveground biomass) while bacterial community responses generally tracked
trends found in the soil factors (Ca, Mg, soil organic matter). However, we also
observed bacterial taxa that were associated with the changes in twigs biomass
(cluster C8). Other associations with soil factors included changes in pH and soil Pcontent generally being associated with shifts in two genera of uncultured
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Bacteriodetes (one from the family AKYH767 and the other from the family
Cytophagaceae.

5
Figure 1 – Heatmap of the regression coefficient showing the shifts in the soil microbiome,
plant biomass, and soil factors. MF, mature forest (>100-yr-old, 12 sites); SFO, old (>30-yrold, 7 sites) secondary forest; SFM, mid-age (15–20-yr-old, 6 sites) secondary forest; SFY,
young (5–12-yr-old, 5 sites) secondary forest; EFA, enriched fallow agroforestry (6 sites);
HA home-garden agroforestry (13 sites); CPA, commercial plantation agroforestry (7 sites).
Blue and red refer to positive and negative values for the regression coefficients, respectively.
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Figure 2 – Number of genera that exhibited positive (blue) or negative (red) significant
regression coefficients within the phyla for bacteria, archaea, and fungi according to the
different land use systems. MF, mature forest (>100-yr-old, 12 sites); SFO, old (>30-yr-old,
7 sites) secondary forest; SFM, mid-age (15–20-yr-old, 6 sites) secondary forest; SFY, young
(5–12-yr-old, 5 sites) secondary forest; EFA, enriched fallow agroforestry (6 sites); HA
home-garden agroforestry (13 sites); CPA, commercial plantation agroforestry (7 sites).

The joint analysis of the microbiome, the aboveground biomass, and the soil
factors allowed us to generate simulated scenarios to evaluate how those variables
would shift under a specific condition. Since our goal was to investigate the capacity
of the agroforestry systems to mimic the aboveground-belowground interactions
found in mature forests, we simulated a scenario where all the different land use
systems have the same microbiome: the estimated microbiome of the mature forests
(MF). With that, we let all the variables of plant biomass and soil factors free to vary
and obtained the expected values of aboveground biomass and soil factors where
each one of the agroforestry systems and the successional forests possessed the same
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microbiome estimated for the mature forest (MF). This analysis allowed us to
identify the site-specific variables that should change in order to achieve the same
microbiome found in MF. The results from these simulations allowed us to determine
the ratio of changes from each system (Figure 3).

5

Figure 3 – Ratio of changes from the simulated scenario where all the land-use systems
mimic the same estimated microbiome found in the mature forest. The closer the value is to
one (horizontal dashed line in the graph) the closer the system already resembles the
microbiome estimated for the mature forest (MF). SFO, old (>30-yr-old, 7 sites) secondary
forest; SFM, mid-age (15–20-yr-old, 6 sites) secondary forest; SFY, young (5–12-yr-old, 5
sites) secondary forest; EFA, enriched fallow agroforestry (6 sites); HA home-garden
agroforestry (13 sites); CPA, commercial plantation agroforestry (7 sites).

The secondary forests (YSF, MSF, and OSF) showed the lowest ratios of
change. For the OSF, the biggest changes should occur in the biomass of shrubs with
a median increase of 2.32 times the original value, and with an interquartile range
(IQR) of 1.78-5.94, followed by the biomass of plants > 10cm (dbh) (median = 1.82,
IQR = [0.75-4.32]). For the MSF, the microbiome would require bigger changes in
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the shrubs (median = 4.44, IQR = [1.48-6.23]) and dead logs (median = 4.22, IQR =
[2.25-5.7]). Finally, for the YSF, the microbiome would require mainly an increase
in shrubs biomass (media = 5.28, IQR = [4.82-5.88]), deadlogs (media = 4.35, IQR
= [4.14-4.74]), and plants > 10cm (dbh) (median = 4.2, IQR = [1.78-6.92]).
Interestingly, all the agroforestry systems had very large ratios of change, especially
for the variables of plant biomass. Our simulation suggests that the EFA systems
required a median of 3.74 (IQR = [2.7-6.9]) more dead logs than found within the
sites, as well as 2.81 (IQR = [0.43-3.36]) times more litter mass, and 2.58 (IQR =
[1.97-7.75]) times more shrub biomass. Similarly, the CPA systems required similar
increases in the dead logs (median = 3.67, IQR = [0.84-5.56]), shrubs (median = 3.2,
IQR = [1.36-4.12]), and olants < 10cm (dbh) (median = 2.32, IQR = [0.69-3.5]).
Finally, the HA showed the lowest medians in the ratios of changes, but many more
variables with ratios of change bigger than 1. From all the three agroforestry systems
under investigation, the home-garden agroforestry showed the lowest ratios of
change, but still would require many adjustments in the plant and soil factors in order
to achieve the microbiome of a mature forest.

Discussion
An increasing land use pressure does not allow for strategies relying purely
on natural secondary forest succession. Agroforestry represents an alternative land
use strategy that can potentially provide crop, fruit and wood production while
allowing for ecosystem development. However, our study shows that this capacity
to mimic the complex interactions found in the mature forest is not realized by the
agroforestry practices in terms of soil microbiome development. The soil
microbiome in the mature forest and secondary successional forests harbored more
fungal-driven communities, whereas agroforestry systems consisted of mainly
bacteria-driven microbiomes.
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Our results provide evidence that the soil microbiome did not fully recover
after 30-60 years of secondary regrowth. Studies suggest that forest structure and
species composition on shifting cultivation fallows recover faster than on other
abandoned agricultural lands, such as pastures and monoculture plantations
(Ferguson et al., 2003; Poorter et al., 2016). However, it should be emphasized that
fallows do not completely revert to the original forests, since not all parameters
recover at the same speed. This is especially true for plant diversity, which seems to
take longer than plant biomass recovery.
We reported clustered responses of the Glomeromycetes and the variables of
aboveground biomass, but not much with the available P-content in soil (different
cluster). Mycorrhizal fungi strongly affect plant population and community biology
(Tedersoo et al., 2020), and our results suggest that there is a stronger dependence
between AMF and aboveground biomass than towards the available P-content in soil.
A possible explanation for that relates to the capacity of mycorrhizal fungi access
less available sources of P in soil (Guo et al., 2016). We also found Glomerales that
was more prevalent in the mature forest as compared to the agroforestry systems,
with the most pronounced difference found for CPA systems. One important
contribution of the mycorrhizal fungi is to form the common mycelia network that
plays a crucial role in plant population dynamics, diversity, and coexistence
(Tedersoo et al., 2020). By favoring more groups of mycorrhizal fungi, the mature
forest and secondary succession may have developed more interactions between the
aboveground and belowground communities than AFS. On the other hand, the
changes in abiotic and biotic environments as a result of the agroforestry practices
altered the costs and benefits of mycorrhizal associations and shifted the competitive
balance offered to the plants.
The increase in the regression coefficient of TAGB from YSF to OSF and its
similarity with the MF reflected the potential resilience of tropical forests to slashand-burn disturbance. Likewise, it has been previously reported that aboveground
biomass (AGB) recovers more quickly than plant biodiversity in tropical forests
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(Martin et al., 2013). Such recovery along natural forest secondary succession points
to the large carbon sequestration potential of secondary forest regrowth, with an
estimated gain of 8.48 petagrams of carbon (Pg C) for low-cost natural regeneration
(Chazdon et al., 2016). Further, considering only the AGB and soil factors, SFO (>30
yr) clustered together with MF. Our results show that the soil microbiome along
secondary succession also seems to recover more in the direction of the mature forest
microbiome. Remarkably, the agroforestry systems (EFA, CPA, and HA) clustered
together and differed markedly from the secondary forest successional trajectory.
This was likely an outcome of the increased importance of bacterial communities in
the agroforestry systems followed by the changes in the understory biomass [plants
<10 cm diameter at breast height (dbh)] and in the soil nutrients, mainly high K levels
and a tendency toward low Mg levels.
By showing the importance of soil microbial diversity for ecosystem
multifunctionality, Delgado-Baquerizo et al. (2020) highlighted the value of
including soil biodiversity in the political and management agenda to protect the
functioning of terrestrial ecosystems worldwide. Our results contribute to this
discussion. Even for so-called low impact land-use practices, it is a major challenge
to develop a microbiome structure similar to that observed for mature forest targets
sites, and this goal may be unattainable for commonly used agroforestry practices.
By modeling the soil microbial community jointly with the plant biomass
and soil factors, we moved beyond the mere identification of the impacts of each
land-use system. Our results allowed us to explore potential scenarios of land-use
systems that might mimic the soil microbiome of a mature forest. Our study therefore
provides strong evidence of multiple associations between the soil microbiome in
aboveground-belowground interactions. Overall, our findings revealed the relative
importance of the aboveground biomass and soil factors in contributing to shaping
the soil microbiome for each of the different land-use systems. Our model results
suggest that several fold changes in key soil factors and plant biomass would be
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necessary to support a target microbiome in each of the agroforestry systems
examined in our study.
Despite the fact the secondary forest succession presented a more similar
microbiome than the agroforestry systems, the microbial communities were not
recovered in our study after more than 30 years of secondary regrowth (OSF
systems). According to Bonner et al. (2020) two phenomena limit the recovery of
the soil microbial community: (1) indirectly through deficiencies in the ecological
conditions provided by plants or (2) directly via barriers to dispersal that hinder
assembly of a microbial community characteristic of reference forest. By looking at
the ratio of changes from the set of plant and soil variables measured in our study,
we highlight the importance of plant biomass and soil factors and confirmed that
ecological conditions provided by the plants are crucial for the rainforest
microbiome.
Apparently, agroforestry practices created new habitat conditions that
fostered a microbial community (mostly bacteria) that was divergent from those in
the mature forest soils. Our findings suggest that these communities may be difficult
to displace, making it difficult to restore aboveground-belowground interactions
(plant biomass and soil factors) and related functionality. The main drivers of these
changes were the loss of plant biomass (shrubs and littermass), increasing soil
nutrient content (P, K, Ca, and Mg), and other variables indicative of increased landuse intensity (e.g., pruning, weeding, clearing the area for increasing the light in the
understory, nutrient input in CPA systems). Notably, other factors tested here such as
pH, and potential soil acidity had little effect on soil microbial community
composition.
Manzoni et al. (2012) showed that the presence of plant residues that are
chemically too homogenous to promote functionally diverse microbial community.
Therefore, by selecting plants only based on their cash value, agroforestry systems
may have detrimental effects on the new microbiome, for instance by reducing the
role of fungi in linking above- and belowground elements of the ecosystem.
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Our findings provide observational evidence that the soil microbiome is
critically important for maintaining ecosystem function across secondary regrowth
forest and in the mature forest, particularly the increasing importance of mycorrhizal
fungi in association with aboveground plant biomass. We also show that in order to
mimic a mature forest soil microbiome, agroforestry practices must be adjusted to
better host this complex and multifunctional microbiome. Our multi-faced approach
suggests that multiple interactions in the ecosystem are supported by the soil
biodiversity that should not be overlooked by the low-impact agroforestry practices,
as they probably have key roles for system sustainability. Increasing knowledge of
the soil microbiome could provide an emerging cornerstone for sustainable
agricultural practices and become a key component of decision making for
sustainable tropical land-use management.
Although agroforestry systems are thought to mimic actual natural or
secondary forests, it appears to be important that such strategies also take soil
microbial communities into account, especially for more intense agroforestry
management practices (such as commercial plantations and home-gardens). These
types of ecosystems still fail to maintain or achieve the strong abovegroundbelowground interdependence found in mature rainforests. Consequently,
agroforests systems may claim to be a low impact land use for the aboveground
systems, but such management practices interfere with aboveground- belowground
linkages that may compromise system sustainability. Increased knowledge of the
impacts of land use systems on soil microbial community structure is needed to allow
for more efficient use of existing agricultural land and to balance ecological and
economic goals.

Land use effects on plant-soil-microbe interactions
Our findings suggest that human impact via agroforestry systems reduced
the interdependence of the soil microbiome from the vegetation and soil. This stems
from a reduction of plant-soil interactions caused by land management (nutrient
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input, pruning, weeding, etc.), as previously reported by us (Leite et al., 2016), which
reflects the efforts in regulating ecosystem productivity towards autoconsumption or
market-related products. With our joint model, we presented evidence that the
complexity of the soil bacterial community is primarily governed by soil nutrients,
and the fungal community relates is more associated with variables related to plant
aboveground biomass (AGB). This extends the findings of previous reports on
Scotland (Delgado-Baquerizo et al., 2017) to a tropical region, by disentangling the
role of soil nutrients from pH as the driver of population variability. Consequently,
the management strategies in the agroforestry systems should focus on enhancing
plant-soil interactions to better mimic the interdependence observed in mature
rainforests.
Collectively, this multisite study suggested that changes in land use, whether
agriculturally manipulated or as a natural succession in response to shifting
cultivation, cause consistent alterations in the tripartite plant-soil-microbe
interactions. The design of complex and sustainable agricultural systems in the
tropics remains challenging, especially in light of the ecosystem balance of plantsoil-microbe interactions. Soil and climatic conditions in the humid tropics challenge
the development of continuous crops and require the design of agroecosystems
capable of maintaining aboveground-belowground interactions.

Conclusions
We focused on the microbiological aspects of land-use changes and
combined those with the plant biomass and soil factors to build a more complete
framework on the impact of anthropic management in the abovegroundbelowground co-dependence within the Amazon biome.
We conclude that agroforestry practices that help to improve aboveground
structure are not sufficient to promote belowground communities towards those
found in mature rainforests. Mature forest and secondary succession stages (YSF,
MSF, and OSF) favored more fungal groups, and the high abundance of mycorrhizal
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fungi in the mature forest suggests a key role played by these fungi in the cycling of
phosphorus in such tropical ecosystems. In contrast, the agroforests were
characterized by higher relative abundance of certain bacterial taxa. These systems
thus apparently do not serve to mimic true tropical forest features with respect to
promoting above-belowground linkages. Even though natural secondary succession
appeared to show a transition toward the mature forest microbiome, which was not
that case for agroforestry, we still observed marked differences in the secondary
forest after more than 30 years of laying fallow. Full recovery of aboveground and
belowground components of tropical rainforest systems after slash and burn
agriculture thus requires either additional measures or time.

128

Towards the Amazon mature forest microbiome

Supplementary Results

5
Supplementary Figure S1 – Rarefaction curve of the bacterial community for the
subsamples from the 56 study sites in the Eastern Amazon.

Supplementary Figure S2 – Rarefaction curve of the fungal community for the
subsamples from the 56 study sites in the Eastern Amazon.
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This thesis assessed the impact of land-use changes on aboveground and
belowground interactions in the Brazilian Amazon region. To this end, I integrated
multiple approaches across different soil land use systems. I combined allometric
estimation of plant biomass and soil physico-chemical analysis with next generation
sequencing technology of the soil microbiome to assess the shifts in abovegroundbelowground interactions as a result of land-use changes.
In this chapter, I discuss:
a) The methodology used to explore the total microbial community, including
sampling strategy, high-throughput sequencing and the generalized joint
attribute model that allowed me to assess microbial community shifts and
identify keystone microbial groups;
b) The importance of soil type and plant biomass in shaping the structure of
microbial communities and how they determine their interactions;
c) How land-use changes, through the recovery of natural vegetation (from young
secondary forest to mature rainforest) and introduction of anthropogenic uses
(agroforestry systems), may affect the structure of the microbiome across the
Amazon region;

d) Ideas and directions for future studies on land-use changes in the Amazon
ecosystem.

Methodological approaches
The field studies in Chapters 2, 3, and 5 can be classified as observational in
which randomization is restricted solely to selecting samples from the study sites of
interest. In Chapter 4, I presented a summary of some classical approaches of
microbial data analysis, the distanced-based methods. I then presented some
practical examples of the application of these methods to both real and simulated
datasets. Here, I highlight that every statistical approach possesses its assumptions
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and neglecting these may lead to a biased analysis that is not so easy to recognize in
the final output of the data. In this chapter, I also suggested the advantages of
adopting model-based approaches to circumvent several challenges imposed by the
nature of the high-throughput sequencing (e.g., compositionality constraint, high
number of zeros, and overdispersion).
My field study provided a unique opportunity to investigate the effect of land
use changes on aboveground-belowground interactions in areas that are otherwise
nearly identical in terms of physiography and microclimate characteristics. Thus, the
sampling strategy used in Chapters 2, 3, and 5 provided an opportunity to investigate
the effects of land-use changes on plant community, soil factors, and soil microbial
community in the Amazon biome. Interactions between plants, soil factors, and soil
microbes can be positive, neutral, or negative. The full set of relations represents the
aboveground-belowground interactions.

Factors that drive the spatial arrangement of plants during
secondary succession
In Chapter 2, we took spatial vegetation patterns as way to detected whether
or not plant-plant interactions changed along secondary succession and compared it
with the mature forest. To achieve that, we select the group of leguminous plants as
a model to identify these shifts. Then, by looking at the similarities of the spatial
arrangements between leguminous plants, we could evaluate how close from the
mature forest each of the successional stages are placed. This allowed us to identify
the fallow timespans and the impact of land use intensification.
The study of plant spatial patterns unraveled how plants interact with each
other and shape the surrounding diversity. To date, few studies investigated plant
spatial patterns according to their functional traits. Our results contributed to fill this
gap by analyzing plant traits combined with plant diversity. Leguminous trees and
lianas were all clustered at small scales, confirming spatial studies from throughout
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the world, including eastern African savanna trees (Dohn et al. 2016), temperate
forests of China and the USA (Wang et al., 2011), and tropical forests of Sri Lanka
(Wiegand et al. 2007b). Our results also confirm previous findings on a stronger
clustering of lianas relative to trees (Clark and Schnitzer, 2018). This approach
provided insightful information not only about species strategies, but also
fundamental ecological processes and the impact of anthropic land cover changes in
Amazon forests.
Spatial patterns of legumes were random beyond the initial ±5 m and
changed along succession, pointing to a shift in the ecological importance of this
plant group. Our power to detect and correctly reflect bivariate species interactions
is expected to be high because of the high number of leguminous plants and the
different sampling sites involved (Rajala et al., 2019). We take leguminous trees and
lianas as taxonomic (Martins et al., 2018) and functionally (Clark and Schnitzer,
2018) similar groups resulting in similar spatial distribution patterns between them,
though we have to expect some blurring of spatial patterns within these groups on
smaller taxonomic scales not covered in this study.
A second cycle of slash-and-burn agriculture showed to be enough for
inducing strongest associations between N2-fixing and non-N2-fixing plants, with a
weaker effect of the surrounding diversity. This result might indicate that after slashand-burn plants tend to associate more positively or neutrally, which might be
especially prominent for leguminous plants given their ability to procure fixed
nitrogen – a scarce nutrient after slash-and-burn agriculture. We provide evidence
that functionally distinct plants (N2-fixing vs non- N2-fixing) tend to co-occur as a
result of land use intensification. These results provide evidence to support the stress
gradient hypothesis (SGH), which suggests that under stress environmental
conditions communities may shift from net negative to net positive interactions.
Our target liana (Machaerium spp.) consistently reduced tree diversity for
all the successional stages. This result occurred presumably by a combination of
above and belowground competition, e.g., through mechanical stress (Schnitzer and
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Carson 2010). Competition with lianas may limit trees establishment and slow forest
recovery. Ultimately, this may worsen the slash-and-burn degradation cycle.
The spatial distribution of sessile plants by themselves or in interaction with
others is the outcome of a wide range of ecological processes over longer periods of
time. Seed dispersal limitation results in clustered univariate distribution (Seidler
and Plotkin, 2006; Obiang et al., 2019), and clonality likewise causes strong
univariate clustering (Shouten and Houseman, 2019). Density-dependent mortality
should affect plant occurrence in creating more uniform distribution patterns further
along succession (Larson et al., 2015) or with increasing plant size (Nguyen et al.,
2014). Plant survival (traditional O-ring statistics) also will vary according to the
variation of edaphic factors such as chemical soil fertility (Vleminckx et al., 2017),
topography (Punchi-Manage et al., 2014) or water availability (Browning et al.,
2014). Species-specific differences in such edaphic associations indicate niche
segregation and thus, presumably reduced interspecific competition.
The Cecropia genus include pioneer trees that usually dominate the
seedbank and the earlier stages of secondary succession (Uhl et al., 1988; Villa et
al., 2019). Its less dense wood allows for rapid growth, which provide an advantage
in the competition for sunlight (van Breugel et al., 2012). Our results support the
view that at earlier stages, Cecropia dominates its surroundings and starts to mix
with other different species later, likely as an outcome of new species being
established in the understory. We also found that, at earlier successional stages, nonleguminous trees genera Cecropia and Goupia are stronger repellers of plant
diversity than leguminous plant as Inga. Inga spp. play a crucial role forest recovery
due to their vast root system and potential for nodulation and the symbiotic fixation
of atmospheric nitrogen (Sccoti et al., 2019). This supports the view that leguminous
plants play a crucial role in the initial stages of secondary succession. In summary,
our analysis of spatial diversity revealed that plants change their influence on the
surrounding diversity, but this capacity depends on plant traits and growth strategy.
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At younger stages of secondary succession, leguminous trees and lianas cooccur formed spatial clusters of plant individuals. Such co-occurrence is most likely
caused by the occupation of similar ecological niches, which would result in direct
competition (Wilson, 2011; Soliveres and Mestre, 2014). Facilitation between plants
provides a second alternative. Facilitation consists of a niche expansion as a result
of positive interactions with one or more different species. Many species facilitate
neighboring species by modifying the local environment i.e., trees cast shade on the
forest floor, and leguminous plants increase soil nitrogen levels, thus allowing other
plant species to grow in the soil otherwise unsuitable. We explored the possibility of
facilitation by legume trees and lianas (via biological nitrogen fixation (BNF) in Nlimited landscapes) via legume-fix bivariate analysis and the diversity shifts at
different spatial scales.
Under land use intensification legume trees and lianas are more clustered
among themselves and are strongly segregated, suggesting niche separation for the
avoidance or/and reduction of competition. However, this segregation quickly
declines at older successional stages. Legume species aggregation is expected to
decrease along forest regrowth, as species clustering has been shown to promote
species coexistence (Pedersen and Guichard, 2016). The dominance of the
leguminous plants is bound to further increase throughout degraded Amazonia with
each new burn cycle and with each new shifting-cultivation cycle, the spatial patterns
of the remaining vegetation are predicted to reorganize to become more clustered
and segregated.
Chapter 2 advanced our knowledge of how plant spatial interactions reflect
the sum of all potential interactions with the environment. However, our analysis of
spatial interactions did not include the interactions with the soil factors and the plant
biomass. Plant biomass is the major reservoir of the aboveground-belowground
interactions within the tropical ecosystem such as the Amazon Forest. In the
following Chapter 3 of my thesis, we begin to understand the other potential factors
that impact plant-soil systems. I investigated the role of plant biomass and its
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dependence on soil factors to better understand how soil factors can explain
differences in plant biomass. Moreover, I expanded the land use systems by
including agroforestry practices.

The impact of agroforestry practices above- and belowground
Trees has been widely recognized for their impact on soil nutrient levels due
to their low-cost-input in shifting cultivation (Døckersmith et al., 1999) or by
feedback mechanisms in agroforestry systems (Aponte et al., 2013; Brandt et al.,
2013). Hence, trees are the main drivers of increasing soil fertility (Rhoades, 1996)
in such systems. Plants and soils interact via a continuum of multiple individual
relationships between components of vegetation, the litter-layer and (top) soil (van
der Putten et al., 2013).
In Chapter 3, we observed (i) a negative logarithmic relationship between
the aboveground biomass of large and small trees, presumably caused by
competition for light and soil resources between these two components (Battaglia et
al., 2002; Beer et al., 1998; Schwinning et al., 1998); (ii) litter-layer biomass affected
by small vegetation components, but not by the large trees >10 cm dbh ; (iii) topsoil
(in our case 0-20 cm) OM content affected by twig but not by leaf litter mass; (iv)
litter mass related to a widening litter C:N-ratio, and to reduced ‘plant-available’ P
and K contents in the topsoil (McGrath et al., 2000); and (v) some relationships
within soil, what somehow was expected, such as the positive relationship between
clay content and soil organic matter (McGrath et al., 2001; Six et al., 2002), and the
negative relationship between soil OM and bulk density (Soane, 1990).
Management strongly influences the plant-soil interactions, which could
partially explain the lack of clear and detectable relationships between these two
components. One conspicuous result of our study is the absence of any significant
relationship between topsoil OM content and nutrient concentrations or soil pH. In
the Commercial Plantation Agroforests (and to a lesser degree in Fallow Enrichment
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Agroforests), this can be attributed to liming practices (CPA only) and localized
synthetic fertilizer inputs. The low values of AGB<10 cm dbh and litter biomass in
the homegardens likely reflect the management practice of keeping the undergrowth
and soil surface clean around the houses. Other significant pathways of plant-soil
nutrient interactions such as root exudates, stemflow and throughfall are likewise to
be expected, as reviewed by Rhoades (1996).
At this point, the co-inertia analysis helped us to understand the multivariate
relation between aboveground biomass and soil indicators in a way that was not
possible for the univariate analysis, separating the forests systems and helping to
understand that soil is more strongly related with biomass in naturally regenerating
forests than in agroforests systems. Furthermore, we were able to identify the
systems that yielded plant-soil discontinuity, the commercial plantations and
homegardens. As homegardens have a low disturbance fire regime, they may create
a different route of nutrient flux and deserves further investigations.
The results of PCA supported the analysis of physico-chemical indicators,
which showed strong statistical differences between the commercial agroforestry
systems and the natural fallows and mature forests. Based on PCA, the irregularly
spaced agroforestry systems are closer to mature forest with respect to soil resources
and aboveground biomass.
As we found a grouping of the irregularly systems, we could suggest that
there is some transition in the agroforestry systems studied, and this changing is
mainly influenced by the physico-chemical characteristics of soil and the litter-layer
biomass.
In this Chapter, we confirmed the role of aboveground biomass in both
natural and managed ecosystems. The mature forests exhibited the strongest
dependence, especially for the taller trees (DBH > 10). For those plants, where it is
the most important characteristic of this environment and in the commercial
plantation agroforestry, since it’s the growing of the crop plants which drives all the
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management practices.
High variability within each system, as revealed for our PCA and BCA
analyses, indicates the potential to make improvements in fields with the lowest
indicator values, while differences between systems suggest the potential to mitigate
negative impacts of land use changes by combining plots with contrasted functions
in a strategically designed landscape mosaic (Lavelle et al., 2014). The separation of
commercial plantations agroforests systems from the other systems and the natural
succession might be explained by the high degree of intensification of management
practices. The commercial plantations agroforest systems studied here represent
strategies with relatively low- costs and strong profits, according to Cardozo (2013).
Beyond local system alternatives, limits to large-scale land conversion
should be set, while taking into consideration the agricultural territory at the
landscape scale (Lavelle et al., 2014; O’Farrell et al., 2010). Lovell and Johston
(2009) suggested that to improve ecological performance and service delivery it is
necessary to increase spatial heterogeneity. Based in our findings, we can provide
suggestions for the landscape design for eastern Amazonia with respect to
agroforestry systems: (i) land use should apply different levels of the system
management observed to construct local land use gradients, from the more
conservative use to the most market-oriented management and (ii) use this landscape
planning to mitigate anthropogenic impacts under and near primary forests through
national policies.
Trees in agroecosystems can be present in an infinite number of
arrangements and species combinations as I detailed in Chapter 1. But for managed
systems such as agroforests that arrangement depends mostly on the farmers’
objectives as well as the environmental characteristics of the region (Nair, 2013;
Pinho et al., 2012). This creates an enormous possibility to establish spatial
heterogeneities and construct not just efficient and productive systems, but also to
design sustainable landscapes.
139

6

Chapter 6

Vegetation structure contributes to enhanced soil nutrients, mainly via litter
deposition (Jensen, 1993). The concentration of K under homegarden management
was higher than the natural fallow and conserved forest. A high potassium level in
homegarden soils was previously reported (Jensen, 1993; Pinho et al., 2010).
However, this relation seems to be more complex, since, according to our results, the
litter showed a negative relation with main soil nutrients. The contribution of the
litter layer to soil fertility improvement depends on numerous factors, including the
quantity, quality, timing, and placement of litter (Van Noordwijk et al., 1995). For
the special case of homegardens, another important factor to consider is the
traditional practice of sweep-and-burn of the littermass, as reported for Pinho et al.
(2010). The frequent burning of the litter layer in small piles in different parts of the
homegarden is different from the intensive fires used in slash-and-burn systems,
which may affect the extent of leaching. These little piles of burning organic
materials are common practice, in what Winkleprinks (2009) refers to as a sweepand-burn approach. This practice has been suggested as one of possible explanation
for the fertility of Amazonian anthropogenic dark earths (Glaser et al., 2012).
Our study identifies homegardens agroforestry as an efficient and promising
land use system, both in terms of soil use resources and vegetational biomass stocks.
Such homegardens have been developed independently by many different cultures
and farmers throughout the world (Nair, 2001), especially in tropics. Even though
they still are definitely under-researched (Kumar et al., 2004) and have been main
separated from systematic agronomic improvement efforts (R. P. Nair, 2014), these
systems persist to today and, thus, constitute a remarkable success story both in
ecological and economic terms.
Soil improvement under agroforestry systems is to a great degree related to
anthropogenic different practices of soil and aboveground management, mainly in
the form of surface litter, whether keeping it for land cover or burning for accelerate
nutrients cycling.
140

The sustainability in the tropical biomes relies on the development of

General Discussion

agricultural systems with optimized nutrient cycling and continuous production with
reducing dependence of external inputs. To achieve this, it is crucial to understand
the environmental contribution of each management strategy in order to adopt better
strategies of landscape design of heterogeneities and establish policies to protect the
conserved environmental and improve the sustainability of land use management
systems.
Besides considering the role of dependence between plant biomass and soil
factors interactions, I saw the need to include the role of soil microbiome. Therefore,
in the next chapters of my thesis, I expanded the sampling design in Chapter 3 and
also include metagenomic approaches to characterize both bacterial and fungal
communities from secondary successional forest and agroforestry systems.

Land-use impact on plant-soil-microbiome systems and
interactions
For the microbial community, I choose the explore the bulk soil because this
represents the microbial pool. However, prior to going straight to the output of
metagenomics analysis, I started with a reflection on the limitations of current
methods used in microbial community analysis in Chapter 4. Based on that, I argue
that the principles of hierarchical model and latent variables promote a unified
approach to a more accurate understanding of the shifts in the abovegroundbelowground systems, because it allows one to circumvent several limitations from
the sequencing technologies (Gloor et al., 2017). At the same time, it offers a welldeveloped approach to combine community data with soil factors and plant
variables. These conclusions, prompted my use of a generalized joint attribute
modeling approach as the most suitable one for handling the complex relations
between plant biomass, soil factors, and the microbiome under different land use
systems.
In Chapter 5, I assumed that mature rainforest is the best representation of
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long-term soil sustainability in the tropics. In mature forest there is an intense
aboveground-belowground interactions that helps to maintain nutrient cycling in
nutrient-poor tropical soils. Then, I considered the soil microbiome as an important
component of agroforestry practices that aim to mimic the ecology of mature forests.
Observations presented in the current study also indicate that different agroforestry
systems alter the aboveground-belowground interactions and, despite the efforts to
mimic the ecological structure of tropical forests, agroforestry management still
reduced plant-soil-bacterium interactions. This reduction may compromise the
sustainability of agroforestry, especially as related to nutrient cycling.
With this in mind, I used modelling approaches to estimate what plant and
soil variables could be managed to convert the soil microbiome to the same
community found in mature rainforest. To my knowledge, this is the first attempt to
design management practices devoted to achieving a specific soil microbiome.
The need of the natural fallow after a slash-and-burn cultivation is one of the
main characteristics of slash-and-burn systems. As this fire regime severely changes
the agroecosystem, it is required to wait for the natural recovery of the plant biomass
and soil resources until the land is able to reach the same levels of crop production
levels. To achieve this the ecosystem restoration takes time that frequently exceeds
20 years (Comte et al., 2012). However, the findings in Chapter 5 revealed that
natural fallows can more easily achieve the microbiome of a mature forest, the
number of both plant and soil factors that must be adjusted are smaller than in the
managed agroforestry systems. Thus, the slash-and-burn practice may be sustainable
if the shifting cultivation involves long periods for land recovery, such as 20 years
of natural fallow (Hamer et al., 2013). Unfortunately, the continuous use of the soil
after slash-and-burn is nearly impossible and the time needed to the land restoration
is too long. So, there is a sustainability crisis in the practice of slash-and-burn
agriculture: it results in a short period of cropping and needs long periods for land
recovery. It is also important to note that the modern technology of agricultural
intensification (fertilizer, irrigation, mechanization and capital to unit area of
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production) has a limited success in tropics. So, to tackle this sustainability crisis,
alternative practices to slash-and-burn have been proposed to achieve a more
productive and less disturbing agricultural system.
If an increasing land use pressure does not allow for strategies relying purely
on natural secondary forest succession, agroforestry may represent an alternative
land use. Agroforestry systems provide crop, fruit and wood production while the
agroecosystem develops increased complexity. However, our analysis of the soil
microbiome revealed that this capacity of mimic the complex interactions found in
the mature forest is highly compromised by the agroforestry practices. In summary,
while the soil microbiome in the mature forest and secondary succession fostered a
more fungal-driven community, the agroforestry systems consisted mainly of
bacteria-driven communities.

Future opportunities of sustainable land-use in Amazon
The challenge of replacing slash-and-burn practices in tropical
agroecosystems
It is well accepted that slash-and-burn in shifting cultivation causes great
disturbances to ecosystem equilibrium (Giardina et al., 2000). The changes in
biomass and the soil nutrient inputs can cause a multitude of complex responses in
the ecosystem: higher content of carbon emissions, high production of pyrogenic
compounds, high nutrient input, death of small animals, soil microbiome primer
effect. These initial effects also change in time: nutrient losses by runoff, leaching,
and harvesting; soil organic matter depletion; selection of the soil seed bank to more
fire-adapted plant. All these changes lead to the agroecosystem impoverishment
affecting the land production and, in consequence, to the land abandonment to
natural recovery. Therefore, it is necessary to find alternatives of land-use to replace
the slash-and-burn practice.
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The challenge of replacing the slash-and-burn cultivation system begins
when most of the land use alternatives to slash-and-burn aim to eliminate the use of
fire, pointing this as the main factor responsible for the land degradation after slashand-burn. But the fire itself does not produce all these consequences, and its real role
needs to be specified to select land use alternatives that do not result in the same
problem. For example, the slash-and-mulch approach is a promising alternative to
slash-and-burn (Reichert et al., 2014) but causes higher soil carbon emission and
immobilizes soil nutrients during the early stages (Davidson et al., 2008). According
to Davidson et al. (2008), slash-and-mulch carbon emissions were five times lower
as compared with slash-and-burn. This work had a monitoring window of two years,
and we should consider that while the slash-and-burn has high initial greenhouse
gasses emissions which reduces considerably after burning, the slash-and-mulch will
have lower but more continuous emissions over time for as long as the mulch
remains. So, despite the lack of long-term measurements on CO2 emission for slashand-mulch systems, these agricultural practices essentially change a short and high
intensity greenhouse gas-emitting system into a slower, more long-lasting one.
When searching for alternatives to slash-and-burn that strengthen the
aboveground-belowground interactions, it may not be that use of fire is the main
problem. The crucial fire problem in tropical rainforest is not the fire usage, but
rather the changes in fire regime with an increase in burn frequencies (Cochrane
(2003). According to archeological evidence (Denevan, 1992), only after the
introduction of iron axes and later steel axes and machetes, did the slash-and-burn
practice become widespread as it is known today. So, the native Americans practiced
a different regime of land use and fire management. Fertility was achieved mainly
by mulching, composting, intercropping and agroforestry, and these practices are
continued today, as suggested by Hecht (Hecht, 2003) when describing a singular
fire regime named “in-field burn” practiced by the Kayapó tribe.
Thus, it is necessary to consider the context in which the fire acts to, not only
include slash-and-burn, but also other fire practices in the tropics, and consider
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environmental interactions in the light of the current knowledge of fire regimes
before mitigation recommendations can be made.

The design of sustainable agroforestry systems: mimicking the mature
forest
In the current thesis I showed that agroforestry systems failed to mimic the
aboveground-belowground interactions found in both secondary succession and
mature forest (Chapter 3 and 5). The aboveground biomass in agroforest presented
similar values as found in the mature forest (especially for the homegardens).
However, agroforestry systems favored a distinct soil microbiome with more
bacteria whereas the secondary forested converged to the same fungal-rich
community as observed in the mature forest. These findings reflect the impact of
agroforestry practices (e.g., species selection, spatial arrangement, nutrient input,
pruning, clearing of the understory) in shaping the soil microbiome. Each one of the
agroforestry systems present management practices with distinct intensity this like
contributed to explain the divergence found in the soil microbiome of each system
(homegardens x commercial agroforests x enriched agroforests).
If the agroforestry practices reduced the co-dependence between
aboveground and belowground subsystems, they can also be adjusted to foster
stronger interactions. The current thesis also showed that, depending on the type of
agroforestry system, different factors of plant biomass and soil variables must
change to allow the agroforestry system to achieve the same soil microbiome as
found in the mature forest. For example, for the enriched agroforests (EFA) and
commercial plantation agroforestry (CPA) most of the changes are related with plant
variables. EFA systems need, in median, 3.74 times more dead logs and 2.6 times
more littermass. CPA are also required to increase the dead logs biomass (in median
3.2x), but also need to increase the plants from the lower canopy (plants <10cm dbh)
by 2.32 times. This lower canopy represents the plants that deliver most of the
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commercial products (e.g., cacao, açai, banana) and where the management efforts
are concentrated. So, increasing the biomass of this group of plants might be
challenging. CPA and EFA make use of the knowledge already available from
monoculture of these plants to define the spatial arrangement that provides better
production while allow other plants to grow between plants and between lines.
Therefore, the increase in plant biomass here by adding more plants might
compromise the system production. If the spatial arrangement does not consider the
spatial interaction between those plants (diversity attractors and repellers), the design
of agroforestry systems might not achieve the same level of complexity as found in
the mature forest. In Chapter 2, I found that the spatial arrangements of trees change
along secondary succession and become more complex in the mature forest. Based
on that, the design of agroforestry systems must also include changes in the spatial
arrangement of plants. This type of practice will help to increase the dead logs
biomass and help to build spatial complexity as found in the mature forest.
For the homegardens, the analysis presented in this thesis suggested that
most focus on the agroforestry practices should be done in increasing the availability
of soil nutrients. One interesting management practice is the sweep-and-burn. The
practices of sweep-and-burn consist of the regular sweeping of plant litter deposition,
accumulating all this biomass in one or more litter piles and then burning the litter.
According to Benjamin et al. (2001) it is practiced mainly in homegardens by the
house residents in order to keep the surroundings clean and to avoid infestation by
insects (mainly mosquitos), spiders, snakes and scorpions. Due to a general lack of
research, there are still little date regarding the benefits of sweep-and-burn practices
for soil nutrient status. To our knowledge, the work of Benjamin et al. (2001) as
Pinho et al. (2010), as well as the data presented in Chapter 3 of this thesis (Leite et
al., 2016) show a higher nutrient availability (mainly phosphorus and potassium)
that could be attributed to sweep-and-burn. Moreover, archeologists and
anthropologists suggested that this semi-intensive agriculture with frequent burn
cultivation may be responsible for the formation of dark brown terra mulata soils,
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probably a precursor of Amazon Dark Earth (Winklerprins, 2009). To dig deep into
that topic requires more controlled experimental designs that goes beyond the topic
of this thesis, but as an alternative use of fire, the sweep-and-burn might increase the
toolkit of anthropic management in a movement towards more sustainable and
continuous crop production in the tropics. The sweep-and-burn strategy may become
a more popular strategy for adjusting the nutrient availability as suggested by the
model, as farmers are able to adjust the nutrient availability according to the
physiological necessities of their woody perennials and crop plants. However, the
impact of sweep-and-burn in contributing to the microbial community of
agroforestry systems remains to be determined and is left as an avenue for future
research.
In summary, by modeling the soil microbial community jointly with the
plant biomass and soil factors, we explored potential scenarios of land-use systems
mimicking the soil microbiome of a mature forest. The design of complex and
sustainable agricultural systems in the tropics remains challenging, especially
considering the plant-soil-microbe interactions. Soil and climatic conditions in the
humid tropics challenge the development of continuous crops and require the design
of agroecosystems capable of strengthening the aboveground-belowground
interactions via more fungal rich soil microbiome. Consequently, management
strategies in the agroforestry systems should focus on enhancing plant-soil
interactions to better mimic the interdependence observed in mature rainforests.

Concluding remarks
In this thesis, I took advantage of many different approaches (plant spatial
arrangement, estimation of aboveground biomass, analysis of soil physico-chemical
properties, and soil metagenomics) to investigate the influence of land use and
anthropic management on aboveground and belowground communities and their
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interactions. With respect to plant-plant interactions, I found that a second cycle of
slash-and-burn agriculture is enough to induce a stronger clustering at both
univariate and bivariate interactions. When looking into plant-soil relationships, I
found an increasing co-dependence between soil factors and plant biomass in
successional systems. Finally, when I included the soil microbiome into the picture
of aboveground-belowground interactions, the results revealed a fungal-driven
relationship along succession. On the other hand, agroforestry systems exhibited a
weaker co-dependence between plant biomass and soil factors, and their soil
microbiomes appear to promote more specific bacterial populations as opposed to
fungal taxa.
In addition, by jointly modeling aboveground and belowground components,
I was able to better compare different land use systems and model which variables
could be adjusted to steer microbiome composition to become more similar as found
in target native tropical rainforest soils. This analysis offers a new perspective on
which agricultural practices might better mimic natural systems. Because there are
many factors that influence soil-borne microbial communities, it remains a challenge
to disentangle the mechanistic details driving the microbial community composition
and aboveground-belowground interactions. The first challenges lie in the choice
and robustness of the methodological approaches applied. However, the combination
of advanced statistical methods with informed experimental design and improved
representation of soil will contribute to close this knowledge gap.
In this thesis, I focused on secondary successional forest and agroforestry
systems and considered the mature forest as the reference level. Secondary
succession is used to understand the long-term effect of the slash-and-burn
agriculture, because the slash-and-burn practice was the cause of the successional
stages in my sampling. On the other hand, the agroforestry practices are pointed as
a promising alternative to replace slash-and-burn agriculture. Successful and
sustainable land use management of tropical soils depends on a strengthening of
aboveground-belowground interactions. Hence, it is important to note that
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agroforestry systems may not be a sustainable land use, given the observed break in
the co-dependence between plant-soil-microbes.
We still need to improve our knowledge on the impact of agroforestry
practices on the ecosystems characteristics to inform management to avoid the loss
of connection between aboveground and belowground subsystems. At this point,
integrating high-resolution genomic data with complex environmental data in
observational studies is an important step towards identifying ecological
differentiation and shifts in aboveground-belowground interactions. Only a
combined approach that accounts for the plants’ biomass, the soil factors, and the
soil microbial community allows one to disentangle the relative importance of each
component of the system - a central challenge in ecology of macro and
microorganisms.
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Summary

Plant communities affect the soil subsystem and vice-versa. Anthropogenic
management activities impact both plants and soil, thereby interfering with the codependence between plant, soil, and microbial components. Land management
practices are known to interfere with both above and belowground components of
terrestrial ecosystems, but we still know very little about how land management
impacts the combination of aboveground and belowground sub-systems and their
linkages with each other. In this thesis, I focus on identifying potential land uses that
induce or increase the co-dependence between plants and soil microorganisms by
evaluating (1) successional changes in plant community assemblages in both
taxonomic and functional composition; and (2) the effects of anthropogenic
management on above- and belowground interactions between plant biomass and
soil communities in two types of land-use systems in the Amazon forest: natural
fallow after slash-and-burn agriculture and agroforestry systems. In this thesis, I took
advantage of many different approaches (plant spatial arrangement, estimation of
aboveground biomass, analysis of soil physico-chemical properties, and soil
metagenomics) to investigate the influence of land use and anthropogenic
management on aboveground and belowground communities and their interactions.
With respect to plant-plant interactions (Chapter 2), I investigated
successional dynamics using a chronosequence approach covering 2-25 years of
regeneration after first-cycle shifting cultivation and compare these with mature
rainforests. Additionally, I considered the impact of land use intensification with
three second-cycle slash-and-burn forests (‘degraded’ sites). The results revealed
that land-use intensification (2nd-cycle regrowth) strongly affected all aspects of the
spatial organization of secondary vegetation, increasing clustering, co-occurrences
of functionally distinct plants, and systematic increase in focal species’ negative
impacts on surrounding legume diversity. Thus, land-use intensification affects
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spatial organization of self-regenerative vegetation far more than first-cycle
secondary succession does. Therefore, a second-cycle of slash-and-burn agriculture
is enough to induce a stronger clustering of leguminous plants at both univariate and
bivariate interactions.
When looking into plant-soil relationships (Chapter 3), I evaluated three
types of rainforests (young, old, and mature rainforest) and three different
agroforestry systems (enriched fallow, commercial plantation, and homegardens). I
found a strong impact of agroforestry systems on both soil factors and aboveground
biomass. Interestingly, I observed an increasing co-dependence between soil factors
and plant biomass in successional systems, but not in the agroforests. These results
suggested that agricultural practices in the agroforests disrupt the co-dependence
between aboveground-belowground interactions.
Finally, I added the soil microbiome to the picture of abovegroundbelowground interactions by taking advantage of advanced statistical methods
(reviewed in Chapters 4). The results revealed a fungal-driven relationship along
succession and in mature forest (Chapter 5). On the other hand, agroforestry
systems exhibited a weaker co-dependence between plant biomass and soil factors,
and their soil microbiomes appear to promote more specific bacterial populations as
opposed to fungal taxa.
In conclusion, integrating high-resolution genomic data with complex
environmental data in observational studies is an important step towards identifying
ecological differentiation and shifts in aboveground-belowground interactions. Only
a combined approach that accounts for the plants’ biomass, the soil factors, and the
soil microbial community allows one to disentangle the relative importance of each
component of the system - a central challenge for the sustainability of land use in the
Amazon.
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Samenvatting (Dutch summary)
Plantengemeenschappen beïnvloeden het bodemsubsysteem en vice-versa.
Antropogeen landbeheer heeft invloed op zowel planten als bodem, waarbij de
samenhang tussen plant, bodem en microbiële componenten wordt verstoord. Het is
bekend dat landbeheerpraktijken interfereren met zowel boven- als ondergrondse
componenten van terrestrische ecosystemen, maar we weten nog steeds heel weinig
over hoe landbeheer de combinatie van bovengrondse en ondergrondse subsystemen
en hun onderlinge verbanden beïnvloedt Mijn proefschrift richt zich op het
identificeren van landbouwbeheer maatregelen die de samenhang tussen planten en
bodemmicro-organismen kan behouden of vergroten door het evalueren van (1)
successie in de samenstelling van plantengemeenschappen in zowel taxonomie als
functie; en (2) de effecten van landbouwbeheer op boven- en ondergrondse
interacties

tussen

plantenbiomassa

en

bodemgemeenschappen

in

twee

landgebruikssystemen in het Amazonewoud: natuurlijke braaklegging na slash-andburn landbouw en agroforestry. In dit proefschrift, heb ik gebruik gemaakt van
verschillende benaderingen (ruimtelijke ordening van planten, schatting van
bovengrondse biomassa, analyse van fysisch-chemische eigenschappen van de
bodem, en bodemmetagenomics) om de invloed van landgebruik en landbeheer op
boven- en ondergrondse gemeenschappen en hun interacties te onderzoeken.
Met betrekking tot de plant-plant interacties (Hoofdstuk 2), heb ik de
successiedynamiek van vegetatie in een chronosequentie van velden 2-25 jaar na de
eerste-cyclus van zwerflandbouw onderzocht en deze regeneratie fase vergeleken
met volgroeide regenwouden. Bovendien onderzocht ik de impact van intensivering
van landgebruik met drie tweede-cyclus slash-and-burn bossen (‘gedegradeerde’
sites). Uit de resultaten is gebleken dat intensivering van landgebruik (hergroei in de
tweede-cyclus) een sterke invloed had op alle aspecten van de ruimtelijke organisatie
van de secundaire vegetatie, met een toename van de clustering, het naast elkaar
voorkomen van functioneel verschillende planten, en een systematische toename van
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de negatieve invloed van sleutelsoorten op de omringende diversiteit van
leguminosen. Intensivering van landgebruik heeft dus veel meer invloed op de
ruimtelijke organisatie van regenereerde vegetatie dan secundaire successie tijdens
de eerste cyclus. Daarom is een tweede cyclus van “slash-and-burn” landbouw
voldoende om een sterkere clustering van vlinderbloemigen teweeg te brengen bij
zowel univariate als bivariate interacties.
Bij het onderzoeken van plant-bodem relaties (Hoofdstuk 3), concentreerde
ik op drie typen regenwoud (jong, oud en tropisch regenwoud) en drie verschillende
agroforestry systemen (verrijkte braak, commerciële plantage, en huis-tuin-enkeuken). Ik vond een sterke impact van agroforestry systemen op zowel
bodemfactoren als bovengrondse biomassa. Interessant is dat ik een toenemende codependentie

tussen

bodemfactoren

en

plantenbiomassa

waarnam

in

successiesystemen, maar niet in de agroforestry systemen. Deze resultaten
suggereren dat de landbouwpraktijken in de agroforestry systemen de codependentie tussen de bovengrondse en ondergrondse interacties verstoren.
Tenslotte, heb ik het bodem-microbioom opgenomen in het plaatje van
bovengrondse-ondergrondse interacties door gebruik te maken van geavanceerde
statistische methoden (besproken in Hoofdstuk 4). De resultaten lieten een
schimmel-gedreven relatie zien tijdens successie en in volgroeid tropisch bos
(Hoofdstuk 5). In tegenstelling tot de successiereeks en volgroeid tropisch bos,
vertoonden

agroforestry

systemen

een

zwakkere

co-dependentie

tussen

plantenbiomassa en bodemfactoren, en bodem-microbiomen waarin specifieke
bacteriële populaties werden bevorderd.
Concluderend kan worden gesteld dat het integreren van hoge-resolutie
genomische gegevens met complexe milieugegevens in observationele studies een
belangrijke stap kan zijn in het identificeren van ecologische differentiatie en
verschuivingen in bovengrondse-ondergrondse interacties. Een gecombineerde
aanpak, die rekening houdt met de biomassa van de planten, bodemfactoren en de
bodemmicrobiële gemeenschap, maakt het mogelijk om het relatieve belang van elke
178

component van het systeem te ontrafelen - een centrale uitdaging voor de
verduurzaming van het landgebruik in het Amazone.
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