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Editorial on the Research Topic
 Theoretical Approaches to Community Ecology



Our understanding of the processes determining community diversity and how to interpret community patterns is a work in progress. Since the landmark works of MacArthur and Wilson (1963, 1967) on Island Biogeography nearly 60 years ago, we have seen many exciting theoretical advances in community ecology. But is it enough? The last two decades have seen remarkable growth in the availability of data, especially biodiversity data, via satellite technology, next-generation sequencing and an explosion of open access online databases. At the same time, the expanding rate and complexity of key drivers of biodiversity loss, such as habitat fragmentation, invasive species and climatic change brings unprecedented threats to ecological communities (Borges et al., 2019). The conjunction of these changes is creating both new problems and new applications for Community Ecology. Due to this combination of recent challenges and opportunities, this is an especially appropriate moment to consider the role of theory in the development of new approaches to Community Ecology, of biodiversity patterns and the processes that influence them.

Theory is an important part of Community Ecology. Ecological communities are so complex that even a small part of any of them presents a world in itself, with diversity and complexity beyond the scope of any model to describe fully (Cardoso et al. in this special issue). So, every community theory is incomplete (Halley and Pimm in this special issue). Nevertheless, even crude theories provide essential guidance towards fuller understanding. Theory with a strong mathematical basis is a characteristic of any mature science. It describes in a mathematical way the first principles and mechanisms by which processes operate and interact, and this enables the science to renew itself when exposed to new types of data or when confronted with new types of problems. Such theory is thus necessary for ecology in general, and for Community Ecology in particular, because it enables Community Ecology to develop as a predictive science. In this way, Community Ecology can itself evolve and provide tools and perspectives that will assist our societies to respond to current and future environmental challenges.

This Research Topic explores the state-of-the-art in theoretical Community Ecology and reveals significant new research on the patterns and processes that drive communities. For this issue, we brought together researchers from ecology but also researchers with different backgrounds with common interests in Ecology, such as Physics, Mathematics and Computer Science. Thus, these articles present insights into Community Ecology from various perspectives, with different theoretical and methodological approaches, covering studies on communities at all scales, from individuals to ecosystems, as well as multi-scale approaches. The papers were organised into five different categories: “community modelling,” “patterns of species abundance and rarity,” “land-use change and habitat fragmentation,” “modelling multi-species dynamics,” and “speciation and evolution.”

The first two articles in the section Community modelling are clearly methodological. Cardoso et al. brings a novel approach using artificial intelligence and machine learning to detect patterns and predict outcomes in ways that often resemble human reasoning. They used a particular method called symbolic regression that allows the evolution of human-interpretable formulas to explain natural laws. For example, Cardoso et al. were able to find a new general model that explains why some islands have more species than others, being able to simulate the GDM model (Whittaker et al., 2008). This publication shows that evolving free-form equations purely from data, often without prior human inference or hypotheses, may represent a powerful tool in the arsenal of a discipline as complex as ecology. These authors also applied their approach successfully to other models in community ecology, testing the robustness of symbolic regression at extreme levels of noise when searching for the species-area relationship and finding new formulas for species richness estimators. The next methodological advance comes from the manuscript of Carvalho and Cardoso in which a new framework is proposed to decompose overall differentiation among hypervolumes into two distinct components: replacement of space (niche shifts) and net differences between space amplitudes (niche contraction/expansion processes). The authors demonstrate that it is possible to disentangle different processes underlying niche partitioning between coexisting species, offering novel insights to understand the drivers of niche partitioning and allowing the address of new niche- and trait-based questions in community ecology.

Eldijk et al. propose a simple eco-evolutionary model, the Community-Wide Rescue (CWR) model, in which when a community faces environmental deterioration, each species within the community is forced to undergo adaptation or become extinct. The authors show that when implementing their neutral individual based simulation model rare species become extinct very rapidly, which raises concerns with the ongoing global changes, as many ecosystems face irreversible human induced environmental change.

Finally in this topic, Halley and Pimm developed the niche-hypervolume concept of the community into a powerful model of community dynamics. The authors lay out a framework to answer similar questions to those addressed by Hubbell's neutral theory, but with a niche-based perspective and explore the behaviour using both mathematical analysis and computer simulations. This dynamic model reproduces key patterns of communities, such as lognormal species abundance distributions, lognormality of populations in the time domain, 1/f-noise population fluctuations, extinction debt and logarithmic species-time curves. It also provides a powerful framework to explore significant ideas in ecology, such as community turnover and the drift of ecological communities into evolutionary time.

Several articles in the section Patterns of Species abundance and rarity used the species abundance distribution (SAD) as their main tool to describe and understand biodiversity patterns. For instance, the main objective of Tsafack et al. was to assess the influence of environmental conditions on the SADs of carabid beetles. They studied communities from three grassland ecosystems (desert, typical and meadow steppes) in China, and fitted the SADs using a variety of models: the meta-community zero sum multinomial, the lognormal, Fisher's logseries, and unimodal and multimodal gambin distributions. Importantly, they found that the parameters of the distributions were a function of the scale of analysis. Overall, the communities at different scales were equally well fitted by the meta-community zero-sum multinomial and Fisher's logseries.

Also realising the importance of looking at communities at different scales, Alirezazadeh et al. analysed the functional diversity of arthropod communities in the Azores. The main argument for using functional diversity was that some species play similar roles and therefore grouping species according to their characteristics may be more relevant to understanding community dynamics. However, the authors moved away from the typical approach of looking at only one scale and focused on characterising patterns of functional diversity across spatial scales, similar to what is routinely done with taxonomic diversity, such as the species-area relationship (SAR). In addition to studying the equivalent of SAR to functional groups, Alirezazadeh et al. applied, and further developed, methods previously introduced by some of the authors to study the scaling properties of SADs (e.g., Borda-de-Água et al., 2012). They found that scales of functional diversity are quantitatively different from taxonomic diversity and discuss the implications of this finding if the dynamics of communities are driven primarily by the characteristics of their functional diversity.

The importance of studying the shape of the SADs is also emphasised by Antão et al. These authors examined 11 large-scale datasets of different taxa and compared the fit provided by different models at different scales. They used the logseries, the lognormal and a multimodal distribution. A major result of this work is that multimodality is present for a wide range of scales, and concluded that two of the major theories, namely the Neutral Theory of Biodiversity and Biogeography (Hubbell, 2001) and the Maximum Entropy Theory (Harte, 2011) of ecology are unable to justify the variability of SAD shapes observed. The authors conclude that critical developments are still required in order to fully understand the shapes of the SADs.

Finally in this section, Brush and Harte emphasise the importance of relating observed patterns with the underlying mechanisms and processes. To this end, the authors developed a model that integrates pattern, by spatially distributing individuals of a species based on the rules of the Maximum Entropy Theory of Ecology (Harte, 2011), and mechanism, through the relationship between the probability of an individual to die and the abundance of its species. In order to compare the results of the model with real data, they used two data sets, one with information on the abundance of tropical tree and shrub species in a 50 ha plot in Barro Colorado Island and another with information on plant abundance on 64 m2 serpentine grassland plot. The authors conclude that their model predicts that an increase in intraspecific negative density dependence is related to more random spatial patterning of species spatial distributions.

One key driver of the erosion of biodiversity is habitat fragmentation and degradation (Borges et al., 2019). Three articles in this special issue, in the section Land-use change and habitat fragmentation, deal with this important theme. Staude et al. used a space-for-time substitution approach, surveying bird communities in native grassland sites in 31 regions with differing levels of habitat conversion. Their results support predictions of the theory of the ideal free distribution, and suggests that native habitat remnants are very important temporary refugia for specialist bird species. The results obtained can partly explain the segregation of habitat specialist and generalist birds observed in many agricultural landscapes, in which higher abundance of specialists are found in native grassland patches.

Changing from empirical to a modelling approach Chetcuti et al. used a multi-landcover, landscape-scale, individual-based model to show that the gamma diversity of species for whom the focal land cover is a suitable habitat, declined under fragmentation per se. Interestingly, specialists were unaffected by fragmentation per se. These authors also found that that beta-diversity and gamma-diversity increased overall even without differences among species in habitat specialisations. The findings of Chetcuti et al. will help to inform the fragmentation per se debate, showing that effects on biodiversity can be negative or positive, depending on species' competitive abilities and dependency on the fragmented land cover.

Finally, Wayman et al. used a generalised dissimilarity modelling approach to demonstrate that there is moderate and unique proportion of the variance explained by geographical distance per se, which could highlight the role of dispersal limitation in community dissimilarity. Moreover, they observed a key role for environmental filtering both for taxonomic nestedness and functional nestedness, with important conservation implications in the face of a warming climate and future land use change.

Communities of organisms are made up of populations of individual species. Thus, all community dynamics ultimately rest on the dynamics of populations. For example, the rise and fall of species richness in a community may be seen as the number of species in a community having numbers greater than some threshold. This special issue has three such papers, in the section Modelling multi-species dynamics.

Seto and Iwasa explored how thermodynamics illuminates population interactions in microbial communities. Many traditional model populations, especially for microbial systems, can be divided into producers and consumers. However, most investigations are focused on systems based around solar energy, while many communities are based around other forms of energy, such as hot springs, hydrothermal vent systems or even gut microbes. Does it really matter, which energy is the basis of a community? Seto and Iwasa argue that it does and they introduce theoretical approaches based on differential equations that incorporate thermodynamics to highlight characteristic interactions between species in the microbial community. In contrast to light-dependent producers, which compete with one another for light, producers using Gibbs free energy (chemical energy) can have cooperative interactions with each other through the effects of the relative quantities of products and reactants on the available chemical energy. This is an exciting insight into how communities work at the microbial level with non-solar inputs.

Akimenko also used a resource-consumer model for interacting populations. However, in this case, the system of coupled differential equations was generalised in the direction of seeing what are the effects of age-structure and delays in the basic equations. The model of consumer population dynamics was described by a delayed transport equation, and the dynamics of resource patches are described by ODEs with saturated intake rate. The delay described the digestion period of generalist consumers and is included in the calorie intake rate, which impacts the consumer's fertility and mortality and affects what happens if the behaviour of the food resource species changes when consumer population grows. Usually, the incorporation of delays into systems of consumer-resource equations, causes increasing instability. However, here the delay caused by the digestion period of a generalist consumer did not cause local asymptotical instabilities of consumer population at the semi-trivial and non-trivial equilibria. These theoretical results (supported by simulations) also have applications to metapopulation dynamics as well as to multispecies models.

He et al. again focus on a microbial system but this time it is one based on parasitism. Their study of frequency-dependent competition between strains of Plasmodium falciparum also belongs in the fields of evolution and the epidemiology of malaria. The focus here is on how populations of P. falciparum exhibit a vast diversity of the var gene encoding its major surface antigen, with each parasite comprising multiple copies from this diverse gene pool. The authors used a combination of stochastic agent-based models, principal component analysis and network analyses to test various theoretical results, where assembly of local parasite diversity occurs under frequency-dependent selection.

Both papers in the section Speciation and evolution focus on speciation. Interestingly, both concluded that dispersal ability plays a major role in determining the characteristics of the observed phylogenetic trees, their regions of clustering, and the associated speciation rates.

Tao et al. address the question of why some lineages have higher speciation rates than others when colonising a given region. In order to study the radiation of different lineages the authors developed a spatially explicit neutral model with protracted speciation; importantly, this model was free from the complexity of explicit niches. The main parameters controlling the radiation sizes were the geographic isolation and dispersal ability. The authors found an intermediate dispersal value where lineages may differ considerable in radiation size: if for stochastic reasons dispersal is very low, this leads to rapid speciation events that were named a “radiation cascade.” Tao et al. suggest that such radiation events may be common, and not necessarily only a feature of neutral models, and they may occur without the need to invoke niche differentiation.

Also using a theoretical model, Kallimanis et al. studied whether metrics of phylogenetic clustering are able to detect a taxon speciation history. In this study, the feature that led to important outcomes was dispersal. When dispersal was not present, then only when the incipient species was present in the speciation region could some metrics identify regions of high speciation. On the other hand, when dispersal was present and speciation occurred in a spatially continuous way, then there was a connexion between the speciation rate and the clustering of the phylogenetic tree; if speciation happened randomly in space, then such a relationship was not observed. The authors conclude that phylogenetic clustering can only be an indicator of speciation under a limited set of conditions.

Altogether, the articles in this special issue show that theory community ecology is a vibrant area of research, employing a wide variety of approaches. It is important that continuing theoretical efforts in these directions take advantage of concurrent and increasingly rapid progress in data collection of data. We believe that the papers of this special issue will foster such progress and stimulate further advances in theoretical approaches in community ecology and collaboration among researchers using different methodological approaches.
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Hutchinson’s n-dimensional hypervolume concept holds a central role across different fields of ecology and evolution. The question of the amount of hypervolume overlap and differentiation between species is of great interest to understand the processes that drive niche dynamics, competitive interactions and, ultimately, community assembly. A framework is proposed to decompose overall differentiation among hypervolumes into two distinct components: niche shifts and niche contraction/expansion processes. Niche shift corresponds to the replacement of space between the hypervolumes occupied by two species, whereas niche contraction/expansion processes correspond to net differences between the amount of space enclosed by each hypervolume. A procedure to implement non-continuous trait data in the estimation of n-dimensional hypervolumes is proposed. Hypervolumes were constructed for three Darwin’ finches, Geospiza conirostris, Geospiza magnirostris, and Geospiza difficilis using intraspecific trait data. Results showed that significant niche shifts, not niche contraction, occurred between G. conirostris and G. magnirostris in Genovesa island, where they live in sympatry. This means that G. conirostris occupied a different niche space and not a reduced space on Genovesa. G. difficilis was well differentiated from the other two species. The proposed framework allows disentangling different processes underlying niche partitioning between coexisting species. This framework offers novel insights to understand the drivers of niche partitioning strategies among coexisting species.

Keywords: fundamental niche, hypervolume, morphospace, niche contraction, niche shift, realized niche


INTRODUCTION

The concept of species fundamental niche proposed by Hutchinson (1957) is at the roots of many ecological and evolutionary theories (e.g., Holt, 2009; Blonder, 2018). Hutchinson formalized this concept as a multidimensional hypervolume, defined by a set of n independent variables that represent biologically relevant axes. According to his perspective, each point within this n-dimensional space corresponds to a possible state of the environment permitting the species to survive.

Hutchinsonian niches can be estimated by quantifying the functional trait hypervolume occupied by the individuals of a given species. In essence, a set of functional traits, representing major axes of ecological strategies, are selected. Then, the hypervolume is constructed to estimate the morphospace occupied by the species. The hypervolume, representing the intraspecific trait variability, is commonly interpreted as the realized niche of the species (e.g., Pigot et al., 2016).

The question of the amount of morphospace overlap and differentiation between species is of great interest to understand the processes that drive niche dynamics, competitive interactions and, ultimately, community assembly (e.g., Ricklefs and Cox, 1977; Stubs and Wilson, 2004; Kraft et al., 2008). The hypervolume overlap corresponds to the shared space between two species, whilst hypervolume differentiation corresponds to the sum of the unique fractions of space belonging to each species. Niche differentiation between species may be caused by two distinct processes: niche shifts and niche contraction (or expansion). Niche shifts are determined by the replacement of niche space between species. In this case, species change their niche position in order to occupy a different niche space and reduce overlap. For example, changes of morphological traits related to food acquisition have been interpreted as a strategy to reduce niche overlap and avoid competition between species (Huey et al., 1974). On the other hand, niche contraction (or expansion) processes are determined by differences in niche breadth (e.g., Pulliam, 1986). Niche contraction occurs when a species reduces its niche breadth. For example, when faced with more intense competition from another species, many organisms restrict their utilization of shared microhabitats and/or other resources (Pianka, 2000). This might give them advantage exploring these resources over other, generalist, species, as they adapt to explore them to the fullest. Niche expansion occurs when a species augments its niche breadth when presented with ecological opportunity (McCormack and Smith, 2008). Compelling examples of niche expansion are given by studies in islands where species were released from competition (e.g., Lister, 1976). Thus, to understand the factors that drive niche differentiation between species it is important to disentangling niche shifts from niche expansion (or contraction) processes.

In this paper, we propose an integrated framework for partitioning hypervolumes via pairwise comparisons into niche shifts and niche contraction (or expansion). We also provide guidelines to incorporate non-continuous trait data into hypervolume estimation. We present a case study to illustrate how these concepts can be applied to decompose the causes for niche differentiation between species.



MATERIALS AND METHODS


Hypervolume Partitioning

To decompose hypervolume differentiation into different fractions, we use the set theory notation, in the manner of Hutchinson. Given a pairwise hypervolume system composed by hypervolumes hi and hj, the total space occupied by them is given by their union (hi ∪ hj). Total pairwise hypervolume corresponds to the sum of hypervolume overlap given by the interception (hi ∩ hj) plus hypervolume differentiation, denoted by hi Δ hj.

Thus, a pairwise hypervolume system can be partitioned according to the equation:

[image: image]

The differentiation between the hypervolumes hi and hj (hi Δ hj) corresponds to the sum of their unique fractions:

[image: image]

This can also be obtained by:
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Total differentiation (hi Δ hj) can occur as a consequence of two distinct processes: (i) the differentiation that results from the replacement of space between hypervolumes; and, (ii) differentiation that results from the net difference between the amounts of space enclosed by each hypervolume.

The net difference between both hypervolumes is given by |hi \hj – hj \hi|. The replacement component can be obtained by subtracting the difference fraction from total differentiation, using Eq. 2:
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This expression can be written in the form:
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By simplifying the expression, we obtain the replacement component: 2 min(hi \hj, hj \ hi).

Thus, the total differentiation component can be additively partitioned in two components:

[image: image]

A total partitioning of hi ∪ hj can be obtained by the equation (see Figure 1):

[image: image]
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FIGURE 1. Diagram showing hypervolume partitioning in two dimensions. The overlap between hypervolumes hi and hj is given by the interception (hi ∩ hj) and the differentiation (hi Δ hj) is given by the sum of their unique fractions, hi \hj and hj \hi. Note that: hi Δ hj = 2min(hi \hj, hj \hi) + |hi \hj – hj \hi|, where 2min(hi \hj, hj \hi) corresponds to the differentiation due to the replacement of space (gray shaded area) and |hi \hj – hj \hi| refers to the net difference between both hypervolumes (white area in the hi \hj space).


The terms in Eqs 4 and 5 can be scaled in relation to the total space occupied by the hypervolume pairwise system, thus obtaining the following equivalency:
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This equivalency can be summarized in the equation:
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where, Hoverlap refers to the proportion of overlap between hypervolumes (similarity), Hδtotal refers to total differentiation (δ) between both hypervolumes, Hδrepl corresponds to the fraction of differentiation that results from the replacement of space between hypervolumes and Hδdiff is the fraction of differentiation that results from the net differences between the spaces occupied by both hypervolumes. The relative importance of each component could be expressed in terms of percentage of total differentiation by calculating the fractions Hδrepl/Hδtotal and Hδdiff/Hδtotal.



Assessing Intraspecific Trait Variability and Niche Partitioning

Here, we advocate that intraspecific trait variability can be used to estimate niche parameters. The underlying assumption of a trait-based approach is that traits reflect species adaptations to the environment (Diaz and Cabido, 2001) and, hence, should be a useful tool to quantify species’ niches (Violle and Jiang, 2009). In other words, we are assuming that the morphospace occupied by each species is a surrogate for its realized niche.

Consider N individuals belonging to a given species s and measure a set of T traits for each individual. The matrix N × T can be used to construct the hypervolume, which is assumed to describe the realized niche of the species. Therefore, the niche breadth of species s is given by the extent of the hypervolume.

Obviously, hypervolumes can be calculated for a set of species (S). The set operations can be applied to hypervolumes using Eqs 1–7 for each species pair. This allows obtaining a pairwise partitioning of the niche species pairs. Therefore, the terms in Eq. 7 mean: Hoverlap = niche overlap between two species; Hδtotal = total niche differentiation between two species; Hδrepl = differentiation due to the replacement of niche space; Hδdiff = differentiation due to differences of niche breadth between species. Thus, higher values of Hδrepl are indicative of niche shifts between species, whereas higher values of Hδdiff are indicative of niche contraction/expansion of one of the species in relation to the other.



Incorporating Different Data Types in Hypervolume Estimation

A limitation to the current hypervolume algorithms, is that they require datasets with continuous variables (Blonder et al., 2014; Blonder, 2018). We suggest that this limitation may be overcome by applying already available statistical methods to the matrix of species × traits (S × T), prior to hypervolume estimation.

Multivariate techniques, specially developed to deal with mixed data, may be used to ordinate the S × T matrix (e.g., Hill and Smith, 1976; Kiers, 1994). These ordination techniques are similar to a principal component analysis, allowing to extract several orthogonal axes (components) representing the variation of the S × T matrix (e.g., PCAMIX, Chavent et al., 2017). These axes can be interpreted in relation to the original variables (traits), by examining the matrix of eigenvectors in a similar way to a PCA. Then, the resulting axes are used as the new variables to compute hypervolumes (Figure 2). If the aim is to include all the variation of the S × T matrix in the analyses, one should retain all the axes. However, most probably some of these components represent little variation and are difficult to interpret. Therefore, a more parsimonious strategy would be to select only those axes that provide a clear interpretable result.
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FIGURE 2. Diagram showing the construction of axes to be used in hypervolume estimation. The axes are obtained by ordination for mixed data types (PCAMIX; see Chavent et al., 2017) or by performing a PCoA or NMDS carried on a Gower dissimilarity matrix of individuals X traits.


The distance-based framework proposed by Laliberté and Legendre (2010) is an alternative to consider. Briefly, this approach is based on three steps: (i) an appropriate distance measure (Gower dissimilarity measure; Gower, 1971; Podani, 1999; Legendre and Legendre, 2012) is computed from S × T matrix; (ii) this distance matrix is analyzed through principal coordinate analysis (PCoA); and, (3) the resulting PCoA axes are used as the new variables to compute hypervolumes (Figure 2). A comprehensive description of PCoA is given in Legendre and Legendre (2012). Nevertheless, PCoA may be difficult to implement in the context of hypervolume estimation, since it tends to produce n-1 eigenvectors (n = the number of observations). This means that for some ecological datasets, the calculation of hypervolumes based on all PCoA axes may be impractical or even impossible. Therefore, one may choose the first few axes of the PCoA, provided that they represent a large propotion of variation of the original data set. Another possibility is to use non-metric multidimensional scaling (NMDS), instead of PCoA, to analyze the Gower’s distance matrix. In NMDS one could choose a small number of axes to represent the underlying dissimilarity between observations. The NMDS tries to find, interactively, the optimal configuration in the reduced space that maximizes the observation distances in the configuration and the original distances (for a comprehensive review see Legendre and Legendre, 2012). Frequently, a small number of axes is sufficient to represent the original distances.

All techniques allow to extract orthogonal axes, which eliminates the potential correlation among trait variables, a pre-requisite of hypervolume methods. Independently of which technique is used to transform the S × T matrix, an additional point to consider is giving weights to trait variables, because a single categorical trait can be coded by several dummy variables. Also, prior weights can be given to trait variables, allowing to differentiate traits that contribute more to the biological performance of the species. Contrary to PCAMIX, the information of each trait is lost during the PCoA and NMDS, because the S × T matrix is transformed into a dissimilarity matrix of individuals, prior to the calculation of hypervolumes. Thus, the interpretation of these shapes is relative to the axes of the PCoA and NMDS and not in relation to the traits. Therefore, questions about which traits contribute more or less to a given hypervolume parameter are difficult to address.



Case Study

We present a demonstration analysis of hypervolume partitioning for three species of Darwin’s finches: Geospiza conirostris, Geospiza magnirostris and G. difficilis. G. conirostris and G. magnirostris species inhabit Island Genovesa, but only the former is present in Island Española. A well-known hypothesis for the two species is that changes of morphological traits induced by interspecific competition occurred on Genovesa and, therefore, they should have evolved to occupy dissimilar niches (Lack, 1945, 1947; Grant and Grant, 1982). Therefore, we hypothesize that niche differentiation between these species was determined by the replacement of space (niche shift) and not the contraction/expansion of niches. G. difficilis inhabits Island Genovesa, however it is much shorter than G. conirostris and G. magnirostris. Hence, we expect that G. difficilis occupies a well differentiated niche space from the other two species. We tested these hypotheses on Genovesa and Española islands with morphometric data collected by Lack (1945, 1947): WingL, wing length; BeakH, Beak height; UbeakL, upper beak length and N-UBkL, nostril upper beak length. Data is available from Dryad Digital Repository: < https://doi.org/10.5061/dryad.150 >. The original measurements (in mm) were log10-transformed prior to the construction of hypervolumes. Hypervolumes for each species were calculated using a gaussian kernel density estimator with the hypervolume R package with default parameters (see Blonder et al., 2018 for details). Then, hypervolume decomposition (Eqs 1–7) was carried with the function “kernel.beta” of the BAT package (Cardoso et al., 2015). Hypervolumes are reported in units of SDs to the power of the number of trait dimensions used.

To demonstrate how to estimate hypervolumes with a dataset with mixed type variables (continuous and non-continuous), a second analysis was performed. For the case, the WingL was transformed into a ranked ordered variable with 10 levels. Then, a Gower’s dissimilarity matrix was calculated and a NMDS was performed. The NMDS axes were used to estimate the hypervolumes for each species and to carry out hypervolume decomposition.



RESULTS

As hypothesized, hypervolumes calculated using morphometric data for Geospiza conirostris and Geospiza magnirostris were well differentiated on Genovesa Island (Figure 3), the niche overlap between these species being null (Hoverlap = 0). By decomposing total differentiation (Hδtotal = 1) into replacement and differences between niche breadths, we found that such differentiation was mostly caused by niche replacement (Hδrepl = 0.609) and not contraction/expansion, although the latter was also considerable (Hδdiff = 0.391). By comparing the niche of G. conirostris on Genovesa and Española, we found that they overlap slightly (Hoverlap = 0.246) and the differentiation between both islands was mainly due to the replacement of niche space (Hδrepl = 0.709), not contraction/expansion (Hδdiff = 0.045). Therefore, the replacement component contributed 94% to the total differentiation, whilst differences in niche space contributed only 6% to total differentiation. This result reinforces the interpretation that the presence of G. magnirostris on Genovesa Island led to a significant shift (not contraction) of G. conirostris niche.
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FIGURE 3. Niche partitioning for three species of Darwin’s finches Geospiza conirostris, Geospiza magnirostris, and Geospiza difficilis for Genovesa Island. Hypervolumes shown as 2D projections for all combinations of trait axis (WingL, wing length; BeakH, Beak height; UbeakL, upper beak length and N-UBkL, nostril upper beak length) after log-transformation of the original measurements.


In relation to Geospiza difficilis, we found that its niche was highly differentiated from both G. conirostris (Hδtotal = 1) and G. magnirostris (Hδtotal = 1). The differentiation between G. difficilis and G. conirostris was caused, almost in equal proportions, by the replacement of niche space (Hδrepl = 0.511) and differences of niche breadth (Hδdiff = 0.489). However, the replacement of niche space was clearly the dominant component (Hδrepl = 0.879; Hδdiff = 0.121) of the differentiation between G. difficilis and G. magnirostris.

The analyses carried out with mixed type variables (continuous and non-continuous) are presented in Supplementary Material. Results were similar to that obtained using only continuous data.



DISCUSSION

Hutchinson’s fundamental niche concept holds a central role across different fields of ecology and evolution (e.g., Holt, 2009; Blonder, 2018). Conceptually, the species niche corresponds to an n-dimensional hypervolume enclosing the range of conditions under which the species can survive and reproduce. Niche overlap occurs when species use the same resources or environmental conditions. In this regard, a crucial question is which processes determine the differentiation between species niches and, ultimately, determine species coexistence (MacArthur and Levins, 1967). In this paper, we propose a novel framework to partitioning overall differentiation between hypervolumes into two distinct fractions: niche shifts corresponding to the differentiation that results from the replacement of space between hypervolumes and niche contraction/expansion, corresponding to the differentiation that results from the net differences between the space enclosed by hypervolumes.

We illustrate our framework with a classic dataset (Lack, 1945, 1947). Our results revealed that differentiation between Geospiza conirostris and Geospiza magnirostris occurred mostly by niche shifts processes and not by the niche contraction of G. conirostris on Island Genovesa, where both species live in sympatry. This means that G. conirostris occupied a different niche space and not a reduced space on Genovesa. These results are consistent with the hypothesis proposed by Lack (1947) that morphology of beaks was causally influenced by interspecific competition for food resources. This hypothesis received considerable support by analyzing the food habits of these species (Grant and Grant, 1982). These authors showed that G. magnirostris feeds almost entirely on large-hard seeds, whilst G. conirostris exploits Opuntia and arthropods on Genovesa. Moreover, on Española Island, where G. magnirostris is absent, G. conirostris consume large hard seeds. Therefore, it seems that the presence of G. magnirostris induces a shift in the diet of G. conirostris and, consequently, on its beak morphology.

As expected, our results showed that Geospiza difficilis was clearly differentiated from the other two species. However, distinct processes determined the differentiation of G. difficilis, from both G. conirostris and G. magnirostris. In relation to the former, the replacement of space (niche shifts) and differences of niche breadth (contraction or expansion) were both important, whilst in relation to the latter, the replacement component dominated. This result emphasizes the importance of considering the different components of differentiation to understand the processes that determine niche partitioning among species.

The functional roles and the sensitivity to environmental changes of the vast majority of taxa are usually unknown (the so-called Hutchinsonian shortfall; Cardoso et al., 2011). Therefore, a trait-based quantification of species niche can provide a practical way to assess niche parameters for a potentially large number of species, making it possible to understand and predict species niche responses to environmental changes (Violle and Jiang, 2009). Trait-based approaches have been used successfully to integrate functional ecology with community assembly and coexistence theories (e.g., McGill et al., 2006; Ackerly and Cornwell, 2007; Kraft et al., 2008). A major assumption of this approach is that trait dissimilarity is related to decreasing niche overlap among co-existent species (e.g., Stubs and Wilson, 2004), a rationale related to the limiting similarity principle (MacArthur and Levins, 1967). This premise assumes, implicitly, that the trait space is a good surrogate for the niche space. However, linking trait patterns to niche differentiation remains a challenge and, ultimately, depends on which traits were included in the analysis (D’Andrea and Ostling, 2016). Thus, an informed choice of traits should be made, based on their presumed adaptation to the species’ ecological niche.

Although, the framework proposed has been tested in the context of functional and community ecology, we advocate that it could be also a useful tool in other areas of ecological niche modeling (e.g., Blonder, 2018; Mammola, 2019). For example, bioclimatic hypervolumes can be constructed and compared between species or within the same species across different geographic areas or time periods. This may allow to identify which processes determine niche changes (shifts or contractions/expansion of niche space) along climatic gradients or in response to climatic changes between time periods.

In conclusion, an integrated framework was proposed to partition overall differentiation between hypervolumes into distinct fractions, replacement of space (niche shifts) and net differences between space amplitudes (niche contraction/expansion processes). This framework allows quantifying the relative importance of each process in determining the differentiation of species niches. In that sense, the method offers novel insights to understand the drivers of niche partitioning strategies among coexistence species. We expect that the methods here presented will allow to address a wider range of niche- and trait-based questions than was possible to date.
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Most ecological communities are facing changing environments, particularly due to global change. When migration is impossible, adaptation to these altered environments is necessary to survive. Yet, we have little theoretical understanding how ecological communities respond both ecologically and evolutionarily to such environmental change. Here we introduce a simple eco-evolutionary model, the Community-Wide Rescue (CWR) model, in which a community faces environmental deterioration and each species within the community is forced to undergo adaptation or become extinct. We assume that all species in the community are equivalent except for their initial abundance. This individual based simulation model thus combines community ecology and evolutionary rescue theory. We show that under Community-Wide Rescue a rapid loss of rare species occurs. This loss occurs due to competition and a limited supply of beneficial mutations. The rapid loss of rare species provides a testable prediction regarding the impact of Community-Wide Rescue on species abundance distributions in ecological communities.

Keywords: neutral theory of biodiversity, community rescue, evolutionary rescue, adaptation to environmental change, species abundance distributions, antibiotic resistance, microbial community evolution, extinction of rare species


INTRODUCTION

Many ecosystems face abrupt human-induced environmental change and evolutionary adaptation might be the only way to avoid extinction when migration is difficult (Vitousek et al., 1997; IPCC, 2014). Understanding precisely how ecological communities respond to abruptly changing environments is therefore paramount. This calls for models that predict how an ecological community composed of many different species adapts to such a deteriorated environment (Hoffmann and Sgrò, 2011). Such models of community-wide adaptation are not only relevant from the perspective of global change, but they are also important to understand the response of any community to environmental change, such as the microbiome of a medical patient undergoing a prolonged treatment with antibiotics. In this case, not just a single pathogenic bacterium faces a changed environment, but a complex community consisting of many thousands of species (Arumugam et al., 2011; Cho and Blaser, 2012), must adapt to avoid extinction. Whilst many models exist that study how a population of a single species, or a community composed of two species, adapts to environmental change (Hoffmann and Sgrò, 2011; Martin et al., 2013; Northfield and Ives, 2013; Osmond and De Mazancourt, 2013; Cortez and Yamamichi, 2019), fewer models exist that describe the response of an entire community composed of multiple species to an altered environment, although there are some examples (De Mazancourt et al., 2008; Bell, 2017; Lasky, 2019). Furthermore, empirical results, describing community wide adaptation, such as those presented by Bell and Gonzalez (2011), Low-Décarie et al. (2015), Bell et al. (2019), and Roodgar et al. (2019), are clearly calling for such models.

Evolutionary rescue theory models situations in which a population can only escape extinction if it adapts. In a classical evolutionary rescue scenario, where the environment in which a population resides deteriorates, the population starts declining as a result. Extinction can then only be averted if a mutant establishes that has a positive growth rate in the new environment; i.e., the population is rescued. This process results in the well-known U-shaped curve of population size over time (Gomulkiewicz and Holt, 1995; Gonzalez et al., 2012; Orr and Unckless, 2014). Most models of evolutionary rescue focus on deriving the probability of the occurrence of such a rescue event given a certain initial population size, a rate of population decline, and a mutation rate. Evolutionary rescue theory could even be a useful tool to predict the emergence of antibiotic resistance (Martin et al., 2013; Alexander et al., 2014).

Here, we explore a new scenario in which not a single population, but a whole community composed of many different species faces a deteriorated environment, causing the populations of each species to decline. Only those species in which a rescue mutant with a positive growth rate establishes, remain in the community. In other words, evolutionary rescue occurs on a community-wide basis. We examine the effect of this process on species abundance distributions.

We present a parsimonious model of this Community-Wide Rescue (CWR) process. It describes the change in species abundances, during and after community-wide evolutionary rescue. We assume that all species are equivalent; they all start with the same negative growth rate and all have the same fixed mutation rate toward a phenotype with a positive growth rate. These assumptions are inspired by those made in the neutral model of biodiversity (Hubbell, 1997). The neutral model has been shown to be able to explain various patterns of species abundances, and has become a baseline model for community diversity patterns when species differences or species asymmetries are ignored (Alonso et al., 2006; Rosindell et al., 2011; Wennekes et al., 2012; Scheffer et al., 2018). However, because we include an explicit mutational process that introduces a different growth rate, our Community-Wide Rescue model is not strictly neutral. We compare our results with those of two null models: neutral models in which the community dynamics are solely governed by ecological drift. The first null model has a constant community size, whilst the second null model mimics the decrease in community size that occurs during Community-Wide Rescue.

The aim of this paper is to construct and explore a simple model for the CWR process, and to examine how under this model CWR affects the patterns of species abundances within a community. We quantify these patterns using Rank Abundance Curves (RAC, also known as rank abundance diagrams or distributions, RAD, McGill et al., 2007). It is well known that many different mechanisms can generate similar RACs, and hence RACs should be interpreted with caution (Chave et al., 2002). We aim to see if this general pattern also holds for our CWR model, or if perhaps RACs are informative about the (past) occurrence of CWR. We show that CWR causes a loss of rare species from the community, due to a limited supply of beneficial mutations and competition. In rare species, their low abundance limits their supply of beneficial mutations that can rescue them from extinction, whilst they face increased competition with more common species that have already undergone such beneficial mutations. However, RACs produced by the CWR process could equally well have been produced by a neutral model. In addition, as RACs proved uninformative, we also examined the rate at which CWR changes the relative species abundances (i.e., alters the RAC) and compare this to the rate at which ecological drift alters species abundance patterns. We show that CWR causes an extremely rapid loss of rare species. Such insights are crucial to understand the effects of environmental change on ecological communities.



MATERIALS AND METHODS

Our model of the CWR process is a continuous-time individual-based stochastic model, where birth, death, and mutation events are simulated using the Doob-Gillespie algorithm (Gillespie, 1976). We assume that all species are equivalent except for their initial densities. This assumption is unlikely to hold in a natural community, but its simplicity allows us to focus on the key ingredients of the CWR process. Furthermore, we consider a single closed community, i.e., there is no immigration. It is worth noting that this implies that the observed dynamics are transient in nature, when time goes to infinity all species will eventually go extinct due ecological drift. This assumption of no migration allows us to more clearly see the effect of CWR in a single (local) community. In the CWR model, the community consists of several species, each with an initial abundance that is drawn using the sampling formula for standard neutral communities (Etienne, 2005). Initially, all individuals of each species have the same negative growth rate. We call an individual with this negative growth rate a “resident.” The initial community thus represents a community immediately after a drastic environmental change, in which the populations of all species are declining and unless adaptation occurs extinction is inevitable for all species. However, each resident individual can undergo a mutation to become a mutant individual, this occurs with a rate μ (note that this process implicitly assumes asexual inheritance). Again, the value for μ is the same, regardless of the species to which an individual belongs. All mutants have the same positive growth rate. Hence, we assume the simplest possible model of evolutionary rescue, as posited by Orr and Unckless (2008) and Martin et al. (2013): only a single mutational step is required to achieve a positive growth rate and this mutation has a constant fitness effect. μ could for example represent the mutation rate toward antibiotic resistance, see also Martin et al. (2013).

The growth rates of the residents and mutants are implemented as follows. The death rates for the residents and the mutants are equal and given by d. We assume that the birth rate for both mutants and residents depends on total community size (i.e., total number of individuals in the community of all species combined),

[image: image]

where b0 is the rate of birth in a pristine community (no other individuals present). This parameter b0 is different between residents and mutants (hence, we have b0,res and b0,mut). We assume that b0, res < d so that the resident always has a negative growth rate and b0,mut > d, so that the mutants always have a positive growth rate. Parameter K is the number of individuals at which the birth rate is equal to 0, and Ntot is the total number of individuals (summed across species, including both residents and mutants) in the community. It is important to note that K is not the sole parameter controlling the carrying capacity of the community; this is determined by the interplay of b0, d, and K and is given by K (1- d/b0). Our model deviates from standard neutral models in that we do not impose a zero-sum constraint (otherwise the community cannot decline), and that instead we have community-wide density-dependent birth. Haegeman and Etienne (2008) showed that community-level density-dependence in immigration and birth does not affect the predictions on the species abundance distributions, so we do not strongly deviate from a standard neutral model in this sense. The default parameter set for simulating the CWR model was b0,res = 0.05, b0,mut = 0.6, d = 0.1, K = 16000, and μ = 0.0005. The initial species abundances for all simulations were generated with the sampling formula for standard neutral communities as derived by Etienne (2005) using a community size of 16000, a fundamental biodiversity number, θ, of 200 and a migration parameter, I, of 40. In this neutral model, the fundamental biodiversity number controls the species abundance distribution in the regional species pool, whilst the migration parameter governs the frequency of migration from the regional species pool to the local species pool. For a more complete description the reader is referred to Etienne and Olff (2004) and Etienne (2005). Here this model is simply used to generate a reasonable initial species abundance distribution. The exact same initial species abundance distribution was used for all simulations, unless stated otherwise. All simulations, plots and analysis were performed using R version 3.5.1 (R Core Team, 2014). All new simulation code is provided in the CWERNI R-package that is available at: https://github.com/DeadParrot69/CWERNI.

To answer the question whether an endpoint RAC from a CWR community can be distinguished from a RAC generated by a neutral community, we used a simulation, fitting, and re-simulation approach. First, we simulated a community using CWR, with the default parameters. Subsequently, we fitted a neutral model to the RAC using the SADISA-package (Haegeman and Etienne, 2017). From this fit we obtain a log-likelihood, which in essence is a measure of the goodness of fit of the neutral model on the RAC generated using CWR. To generate a distribution of log-likelihoods with which to compare the log-likelihood of the neutral model fit on the CWR RAC, the parameters obtained from the neutral model fit were used to perform 500 neutral model simulations (Etienne, 2005). Then, the SADISA-package (Haegeman and Etienne, 2017) was used on each of these neutral simulations to fit a neutral model. This created a distribution of log-likelihoods for these neutral model simulations. Subsequently we determined whether the log-likelihood obtained from the neutral model fit on the CWR RAC falls outside or inside the distribution of the log-likelihoods obtained through neutral model fits on neutral model simulations. Instead of the log-likelihood we also looked at the distribution of two different diversity indices, the Shannon entropy (Rényi entropy, α = 1) and the collision entropy (Rényi entropy, α = 2) of the simulated communities. This process was repeated ten times each time with a newly drawn neutral starting community. We note that the model underlying the SADISA estimates is subtly different from that used to perform the re-simulations. The SADISA estimator makes an independent species assumption, whilst the code used for the simulations instead assumes a zero-sum assumption, but it has been shown that the RACs that these model produce are indistinguishable (Haegeman and Etienne, 2008, 2017).

In order to place the rate of rare species loss due to CWR into context, we compared it to the rate of rare species loss in a local community due to ecological drift in two truly neutral models. The first is a simple neutral model (SN) without a CWR process, where the birth and death rates are equal to those of the mutant in the CWR model. This model is thus a neutral model of the local community without immigration or speciation; it only describes the loss of species through ecological drift.

We expected the CWR model to show a decrease in total community size before recovery (due to the negative growth rate of the residents). Such a decrease in local community size, can accelerate the rate of rare species loss through ecological drift. Therefore, we also constructed a neutral model similar to SN, but where the basic birth rate for all species is set to a value less than the death rate for a predetermined time interval. This induces a steady decrease in total community size from the start of the simulation until the end of the interval. We chose the length of the interval, such that the community size decrease is similar to that observed during CWR. We call this model the variable-birth neutral model (VBN).

We simulated the three models (CWR, SN, and VBN) for 100 units of time. This was a sufficient number for all residents to go extinct in the CWR model, see also Supplementary Figure 6. When there are no more residents in the community the evolutionary rescue process is considered complete as all species have either undergone adaptation or gone extinct; hence we chose to simulate for 100 units of time. Each model was simulated 500 times. The SN model was simulated using the parameters b0 = 0.6, d = 0.1, and K = 16000 (i.e., the same parameters as the mutants in the CWR model). For the VBN model we set the basic birth rate of all the species in the community (b0) equal to b0, res, during the first twenty units of time. After this time interval, which was tuned so as to create a decrease in total community size similar or perhaps even slightly larger in nature than that in the CWR community, we set the basic birth rate equal to b0,mut. The other parameters were the same as in the SN model. To study the RAC of a community at different stages of CWR, we plotted the resulting RACs at different points in time: t = 15, t = 30, t = 50, t = 75, and t = 100.

In models examining evolutionary rescue, the mutation rate and the establishment probability of the mutant are known to determine the probability of evolutionary rescue (Martin et al., 2013). Therefore, to gain more insight into our CWR model, we wanted to examine the effect of the mutation rate (μ) and mutant birth rate (b0,mut), on the CWR process. by respectively varying the mutation rates (μ = 0.00005, 0.0005, 0.005, 0.05) and the mutant birth rate (b0,mut = 0.2, 0.4, 0.6, 0.8), and leaving all other parameters the same as in the default parameter set. Again, we ran 500 independent simulations for each set of parameters.

In our CWR model we assumed that b0,res < d so that the resident always has a negative growth rate. If this condition is not satisfied, one is no longer modeling evolutionary rescue. However, one can imagine a scenario in which b0,res > d, for example when a bacterial community is confronted with sub-inhibitory concentrations of antibiotics. In such a community the species are not doomed to go extinct, but residents are simply replaced by fitter mutants, in essence a community-wide selective sweep. Such situations might be much more common than strict evolutionary rescue scenarios, so examining this situation could extend the applicability of our model. Therefore, we also studied a selective sweep model, derived from our CWR model, in which the only difference is that b0,res > d, resulting in both a resident and a mutant with a positive net growth rate, whilst the mutant still has a higher net growth rate than the resident. We performed 500 simulations of this model using the parameter set b0,res = 0.3 and all other parameters the same as in the default CWR model parameter set.



RESULTS

The loss of rare species in the CWR community (Figures 1A,B) is much faster than in the neutral (SN) community (Figures 1C,D). In other words, the CWR process causes a very rapid loss of rare species, when compared to the rate of rare species loss from a local community due to ecological drift. Furthermore, the rate of rare species loss in the CWR model is also much larger than in the VBN model (Figures 1E,F). Because the VBN model has a variable carrying capacity tuned to create a decrease in total community size similar to the one observed in the CWR model, we can conclude that the rapid loss of rare species in the CWR model is not just due to ecological drift being accelerated by a decrease in total community size. In addition, the observed rapid loss of rare species occurs consistently in a relatively wide range of community sizes (between K = 1000 and K = 16000, see Supplementary Figures 12–14).
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FIGURE 1. Rank Abundance Curves and total community size under the CWR, SN, and VBN models. (A,C,E) Show the RACs produced after 100 units of time by the CWR model, the SN model and the VBN model, where the median is shown in black, the 25th and the 75th percentile are shown in blue and the 5th and the 95th percentile are shown in gray, the initial community is plotted in red. (B,D,F) Show the accompanying trajectories of total community size for each simulation over time. All plots are based on 500 simulations. Parameters for (A,B): b0,res = 0.05, b0,mut = 0.6, d = 0.1, K = 16000, and μ = 0.0005, for (C,D): b0 = 0.6, d = 0.1 and K = 16000, for (E,F): b0 = 0.05 for t between 0 and 20, b0 = 0.6 for t between 20 and 100, d = 0.1, and K = 16000.


The same pattern is evident if one examines the figures showing the RACs at different time points for each of the three models (Figure 2 and Supplementary Figures 7, 8). Furthermore, by closely examining Figure 2 one can see exactly at which point during the CWR process the loss of rare species occurs. During the first stage of CWR a community-wide decline occurs that does not greatly alter the shape of the RAC (Figure 2A). It is only as the first mutants begin to invade and the total community size starts to rebound (Figure 2F) that the shape of the RAC begins to change and that the loss of rare species starts to occur (Figure 2B). The loss of rare species continues after the community size has stabilized (Figures 2C,D). Once the residents have disappeared from the population, the shape of the RAC is fairly stable (Figures 2D–F).
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FIGURE 2. Time trajectory of the RAC under the CWR model. Plots based on 500 CWR simulations using the (default) parameters b0,res = 0.05, b0,mut = 0.6, d = 0.1, K = 16000 and μ = 0.0005. (A–E) Show the RAC of the community at t = 15, t = 30, t = 50, t = 75, and t = 100 respectively, were the median is shown in black, the 25th and the 75th percentile are shown in blue and the 5th and the 95th percentile are shown in gray, and the input community is plotted in red. (F) Shows the trajectories of the total community size (black), the total number of residents in the communities (green) and the total number of mutants in the community (blue).


The mutation rate has a strong influence on the results (Figure 3). If the mutation rate is very high, rescue becomes so likely that all species undergo rescue and there is no loss of rare species beyond the effects of normal ecological drift in a neutral community without speciation/immigration (Figures 3A,B). By contrast, if the mutation rate is very low, almost none of the species in the community undergo rescue (Figure 3E) and in some cases not a single rescue mutant manages to establish itself in the community (Figure 3F). Therefore, intermediate mutation rates seem to be required for CWR to impact the RAC and create a loss of rare species greater than that produced by ecological drift alone. In other words, the rate of rare species loss during CWR depends on the mutation rate.
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FIGURE 3. RACs (A,C,E) and total community size trajectories (B,D,F) under the CWR process, for different mutation probabilities (μ), for each different mutation rate 500 simulations were performed. In the RAC plots the median is shown in black, the 25th and the 75th percentile are shown in blue, the 5th and the 95th percentile are shown in gray and the initial community is plotted in red. Simulations were performed using the parameters b0,res = 0.05, b0,mut = 0.6, d = 0.1, and K = 16000. For (A,B) μ = 0.05, in (C,D) μ = 0.005, and in (E,F) μ = 0.000005. The total community size trajectories were plotted for of each of the 500 simulations, hence the separation of these trajectories at low mutation rates (F).


Increasing b0,mut i.e., increasing the fitness advantage of the mutant, does not seem to influence the loss of rare species, as the RAC’s obtained after the CWR process, for different values of b0,mut are indistinguishable (Figure 4). However, increasing b0,mut does seem to increase the speed of the rescue process. In particular, if b0,mut is higher, the recovery phase of the rescue process proceeds much faster, due to the higher maximal growth rate of the mutant. It should be noted that increasing b0,mut also increases the net carrying capacity of the rescued population, because despite a constant K, the net carrying capacity, given by K (1- d/b0), is the density where the net birth rate is equal to the death rate. Despite this increased carrying capacity, the recovery phase is still much faster in the simulations with a high b0,mut.
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FIGURE 4. The RAC under CWR processes with different mutant birth probabilities (b0,mut). All simulations were performed using the parameters b0,res = 0.05, d = 0.1, K = 16000, and μ = 0.0005. In (A,B) b0,mut = 0.2, for (C,D) b0,mut = 0.4 and in (E,F) b0,mut = 0.8. Panels (A,C,E) show the RAC’s after 100 units of time, where the median is shown in black, the 25th and the 75th percentile are shown in blue and the 5th and the 95th percentile are shown in gray, with the input community plotted in red. (B,D,F) Display the trajectories of total community size over time. All plots are based on 500 simulations.


In the selective sweep model, the residents have a positive net growth rate, i.e., instead of CWR, the resident with a positive growth rate is replaced by a mutant with an even higher growth rate. As can be seen in Figure 5B, there is only a very minor decrease in the total community size during this replacement process. However as can be seen in Figure 5A, the rate of rare species loss in the selective sweep model is much higher than in the neutral SN and VBN models. In other words, when compared to ecological drift, community wide adaptation can cause a very rapid loss of rare species, just like CWR.
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FIGURE 5. The RAC (A) and the total community size (B) for simulations of the CWR model where the strict conditions of CWR are relaxed and reflect a scenario where the net growth rate of the residents is positive, yet still lower than that of the mutants. This causes a selective sweep during which the residents are replaced by the mutants, because the mutants have a higher fitness. In the RAC plot the median is shown in black, the 25th and the 75th percentile are shown in blue and the 5th and the 95th percentile are shown in gray, and the input community is plotted in red. These plots are based on 500 simulations. The parameters used were b0,res = 0.3, b0,mut = 0.6, d = 0.1, K = 16000 and μ = 0.0005.


The fitting and re-simulation approach using the log-likelihoods of neutral model fits showed that the log-likelihood of a neutral model fit on the CWR model results consistently fell within the distribution of log-likelihoods obtained from neutral model simulations (Supplementary Figure 9A). A similar result was obtained when instead of log-likelihoods, the values of the Shannon entropy and the Rényi entropy of the RACs were used; the values of the Shannon entropy and the Rényi entropy estimated from the CWR RAC consistently fell inside those estimated on neutral model simulations simulated using neutral model parameters estimated from the CWR RACs (Supplementary Figures 9B,C). Both of these results imply that there is no information in an endpoint RAC alone that would allow one to determine whether that RAC had been created by a neutral process or a CWR process.



DISCUSSION

We have shown that a single endpoint RAC does not allow one to determine whether that RAC had been created by a neutral process or a CWR process. This conclusion is in accordance with the general pattern in the literature; whilst some non-neutral processes, such as trait based environmental filtering (Jabot, 2010), can be detected by examining species abundances, many different non-neutral processes can generate surprisingly similar RACs (Chave et al., 2002).

The most striking outcome of our modeling effort is that CWR (Figures 1A,B) causes a very rapid loss of rare species, when compared to ecological drift (Figures 1C,D). This holds even if one accounts for the increase in ecological drift due to a decrease in total community size as in the VBN model (Figures 1E,F). Furthermore, this result is shown for a wide range of community sizes (between K = 1000 and K = 16000, see Supplementary Figures 12–14). In a neutral model governed by ecological drift, rare species are more likely to go extinct simply due to their lower abundance. However, in the CWR model rare species have a higher probability of going extinct, because their low abundance also means that they will have a lower probability of producing a beneficial mutant before going extinct. In other words, for rare species the supply of beneficial mutations is limited by their low abundance. This dependence of the probability of rescue on the initial population density is well characterized in standard models of evolutionary rescue and has also been demonstrated empirically (Holt, 1990; Bell and Gonzalez, 2009; Martin et al., 2013). Low abundance causes a low probability of a beneficial mutant occurring, because mutation occurs on a per-capita basis, i.e., the probability of a beneficial mutation arising during a certain time interval depends on the product of μ and the population size of the species, so during the same time interval a mutation is less likely to occur in a species with a small population size. Furthermore, the time to extinction for rare species is lower, so there is less time for a mutant to arise before the rare species goes extinct.

However, there is another effect, hypothesized by Bell (2017), which contributes to the loss of rare species: competition. This represents a crucial difference between our model and standard models of evolutionary rescue (Martin et al., 2013). In our model the birth rate of all species is governed by the total number of individuals in the community (regardless of their species), all species compete with each other (community-level density dependence). So, a species that has undergone rescue will increase the total number of individuals in the community. This causes the birth-rate of the remaining species to decrease. For the species that have not yet undergone rescue, this accelerates their decay, decreasing the time available to find a mutant before going extinct. In other words, the evolutionary rescue of one species, promotes the extinction of its competitors (Bell, 2017). Rare species that do manage to produce a mutant will tend to do so relatively late in the simulation, because their low abundance gives them a low probability of producing a mutant per unit of time. On the other hand, species with a high abundance that manage to produce a mutant will tend to do so relatively early on in the simulation, thereby promoting the extinction of the rare species through competition. It is interesting to contrast these results with those of De Mazancourt et al. (2008), who showed that on a community level biodiversity can inhibit adaptation, due to competitive interactions. In our model, the fact that rare species fail to adapt is also partly driven by competitive interactions, in that sense reaffirming the general result that competition can inhibit adaptation. However, the crucial difference is that in the model of De Mazancourt et al. (2008) these competitive interactions are driven by explicit assumptions about the ecology of each species, whilst in our model species are ecologically equivalent except for their initial abundance.

In our model, the limited supply of beneficial mutations at low abundance and competition between the species, together disproportionally promote the extinction of rare species during CWR. These two effects are also crucial to understand how changing the mutation rate impacts the CWR process (Figure 3). From standard models of evolutionary rescue it follows that a high mutation rate results in a high probability of rescue (Martin et al., 2013). Furthermore, in our model a high mutation rate implies that mutations occur at very similar times for different species, limiting the competitive advantage of common species that rescue early. Therefore, if the mutation rate is too high, almost all species undergo rescue and very little rare species loss occurs (Figures 3A,B). For very low mutation rates the opposite holds true and very few species undergo rescue (Figures 3E,F). It should be noted that at very low mutation rates, in some cases not even a single species undergoes rescue. So, in other words, a lower mutation rate causes a greater loss of rare species, yet if the mutation rate is too low no rescue occurs and the entire community goes extinct.

The influence of the mutant birth rate (b0,mut) on the CWR process (Figure 4) is not as straightforward. Based on standard models of evolutionary rescue, increasing the mutant birth rate should increase the fixation probability of the mutant and thereby increase the probability of rescue. Furthermore, increasing the mutant birth rate should also increase the competitive advantage of those species that rescue early. However, contrary to our expectations, we observed that an increase in the mutant birth rate does not cause an increase in the loss of rare species. Instead, an increase in the mutant birth rate only seems to affect the speed of the CWR process. This is in part due to the fact that an increase in the mutant birth rate also increases the overall carrying capacity of the community. This increase could offset the competitive advantage of the species that rescue early. Because they grow faster, the equilibrium community size is also larger. However, this increase in the community size does not influence the fixation probability of the mutant as derived in classical models of evolutionary rescue. Therefore, the fact that increasing the mutant birth rate does not increase the loss of rare species indicates that competition between early and late rescuing species is the more dominant mechanism responsible for the loss of rare species. This emphasizes the added value of our current modeling approach for understanding evolutionary rescue in a multi-species context.

We also created a different model based on the CWR model where we allowed the residents to have a positive growth rate (b0,res > d). Relaxing this assumption implies that this model does not reflect a strict evolutionary rescue scenario, as this requires a decaying resident population. This model represents a community-wide selective sweep, during which residents with a positive growth rate are replaced by mutants with an even higher growth rate. When comparing this selective sweep model (Figures 5A,B) to the neutral SN and VBN model it is evident that the community-wide selective sweep causes a rapid loss of rare species when compared to ecological drift. However, the rate of rare species loss is lower than in the CWR model. Hence, one might conclude that community-wide adaptation in general leads to a loss of rare species, implying that our findings from the CWR model are more generally applicable. Furthermore, as there is no evolutionary rescue process in our selective sweep model, the only mechanism responsible is the competition between species that have found the high fitness mutant and those that have not. Hence the fact that competition alone is enough to cause the rapid rare species loss in the selective sweep model also indicates that competition is a more dominant mechanism of rare species loss in the CWR model.

As emphasized before, our CWR model assumes a simple model of evolutionary rescue. Most notably, rescue requires only a single mutation step, with a fixed positive fitness effect. For some situations these assumptions should provide a reasonable approximation. For example, the evolution of resistance to certain antibiotics requires only a single or very few mutations. In addition, the mechanisms underlying resistance can be quite similar across different species (Hooper and Jacoby, 2015). However, obviously these simple assumptions do not hold under all biological circumstances. So how would a more complex assumptions regarding mutation affect the outcome of our CWR model? Allowing multiple mutational steps of varying fitness effects would serve to make the competition during the rescue process more asymmetrical. Therefore, this would be expected to cause an even greater loss of rare species compared to our current CWR model.

The CWR model presented here assumes that all species are (initially) equal, differing only in their initial abundances, an assumption inspired by the neutral theory of biodiversity. Evidently this assumption is unlikely to strictly hold in natural communities, yet it allows us to create a relatively simple model. Furthermore, our model does not consider immigration and speciation. Future CWR models could include mutation probabilities, birth probabilities, and death probabilities that differ across species, and include migration and speciation. It will be interesting to see whether demographic rescue, by immigration, will counteract or aid evolutionary rescue by mutation.

It is striking that the change in the shape of the RAC produced by the CWR process i.e., one devoid of rare species is a pattern commonly observed by ecologists in “stressed” or disturbed communities (Bazzaz, 1975; Halloy and Barratt, 2007; Webb and Leighton, 2011). Additionally, antibiotic treatment also seems to cause a similar loss of rare species in the microbiome of patients, which persists long after the treatment (Sommer and Dantas, 2011). Interestingly, a study of benthic foraminifera during the Paleocene–Eocene thermal maximum by Webb et al. (2009) showed a decrease in richness, an increase in kurtosis, and a decrease in evenness during the Paleocene–Eocene thermal maximum, i.e., a change in the shape of the RAC that would also be consistent with a CWR scenario.

However, it is important to realize that there are countless other ecological explanations that may account for the loss of rare species in stressed environments. For example, rare species tend to be more specialized and are hence more sensitive to disturbance (Davies et al., 2004). Or the loss of a single keystone species can in turn lead to the loss of many rare species that may depend on it (Rapport et al., 1985). Thus, if rapid loss of rare species is observed, that is much faster than would be expected due to ecological drift, this does not per se imply an underlying CWR process.

However, this does not mean that CWR is a hypothetical process with little relevance, to real ecological communities. Experimentalists are examining evolutionary rescue in a community context. The examples include microbiomes adapting to antibiotic treatment (Roodgar et al., 2019); soil microbial communities adapting to herbicides (Low-Décarie et al., 2015) and lacustrine plankton communities adapting to acidification (Bell et al., 2019). There are many more situations in which CWR could be considered as a potential mechanism for rare species loss, as many ecosystems face irreversible human induced environmental change on a community-wide level (Vitousek et al., 1997).

All in all, the current CWR model represents an initial exploration of CWR and could be considered as a baseline model regarding the effect of community-wide evolutionary rescue on species abundances. Yet, this simple model provides a clear testable prediction regarding the effect of CWR on species abundances: Community-Wide Rescue causes a very rapid loss of rare species.
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In traditional population models of microbial ecology, there are two central players: producers and consumers (including decomposers that depend on organic carbon). Producers support surface ecosystems by generating adenosine triphosphate (ATP) from sunlight, part of which is used to build new biomass from carbon dioxide. In contrast, the productivity of subsurface ecosystems with a limited supply of sunlight must rely on bacteria and archaea that are able generate ATP solely from chemical or electric energy to fix inorganic carbon. These “light-independent producers” are frequently not included in traditional food webs, even though they are ubiquitous in nature and interact with one another through the utilization of the by-products of others. In this review, we introduce theoretical approaches based on population dynamics that incorporate thermodynamics to highlight characteristic interactions in the microbial community of subsurface ecosystems, which may link community structures and ecosystem expansion under conditions of a limited supply of sunlight. In comparison with light-dependent producers, which compete with one another for light, the use of Gibbs free energy (chemical energy) can lead cooperative interactions among light-independent producers through the effects of the relative quantities of products and reactants on the available chemical energy, which is termed abundant resource premium. The development of a population theory that incorporates thermodynamics offers fundamental ecological insights into subsurface microbial ecosystems, which may be applied to fields of study such as environmental science/engineering, astrobiology, or the microbial ecosystems of the early earth.
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INTRODUCTION

By the look of terrestrial ecosystems, life on Earth first appears to consist of abundant plant and animal communities. However, upon closer observation, there exists rich and diverse communities of fungi, bacteria, and archaea, many of which are not readily visible. According to Bar-On et al. (2018), the total biomass of the earth’s ecosystems is approximately 550 gigatons of carbon (Gt C) with an estimated 81.8% of plants, 12.7% of bacteria, 2.2% of fungi, and 1.3% of archaea, whereas animals only comprise 0.4%. They also reported that approximately 70 Gt C of biomass is present in the marine sub-seafloor sediments and the oceanic crust, as well as terrestrial substratums deeper than 8 m, which is dominated by bacteria and archaea. Total bacterial and archaeal cell numbers are estimated to be upwards of 1 × 1030 cells with nearly 3/4 residing deep in the subsurface (Flemming and Wuertz, 2019). Explorations of ocean drilling research projects have revealed that bacterial and archaeal communities are present at depths of 2.5 km below the ocean floor (Parkes et al., 1994; Ciobanu et al., 2014; Inagaki et al., 2015; Glombitza et al., 2016; Trembath-Reichert et al., 2017; Tanikawa et al., 2018). These findings suggest that there are widespread microbial communities in the subsurface realm that are not normally perceived.

Life cannot function without a constant supply of energy. As producers, plants harness sunlight as their primary energy source. However, in subsurface ecosystems where the availability of light is limited, the primary energy source would be derived from geochemical origins rather than solar energy. For example, hydrothermal vent systems are the natural plumbing systems that supply chemical substances as energy sources (e.g., hydrogen gas, methane, and dissolved iron) from the interior of the Earth. Unlike animals that depend solely on aerobic respiration for ATP generation, bacteria and archaea have evolved diverse metabolic processes that enable them to harness a variety of chemical reactions that use energy sources from geochemical origins (Table 1). These organisms synthesize ATP without relying on sunlight or organic substrates to produce their own biomass from inorganic carbon. By extending the ecological concept of producers to these microbes, they can be called “light-independent producers,” which would include denitrifiers, nitrifiers, iron oxidizers/reducers, sulfate reducers, methanotrophs, methanogens, etc. These functional (or trait-based) groups may include species that depends on organic substrate as energy source, but microbes harnessing the reactions listed in Table 1 are independent of organic substrate. Some light-independent producers may use molecular oxygen, although this may also be a photosynthetic by-product.


TABLE 1. Possible examples of energy-source reactions for the light-independent producers.

[image: Table 1]The presence of light-independent producers is not limited to subsurface ecosystems and also occurs in general and extreme environments. Due to their access to chemical substances, they are often observed in the interfaces between oxic (oxygen plentiful) and anoxic (oxygen-free) environments, and can move energy-source reactions forward. These environments are temporarily or spatially created, even in surface ecosystems such as sediment-water interfaces, soil aggregates, and biofilms (e.g., see review by Lau et al., 2018). Some light-independent producers can tolerate extreme pH or temperature conditions and are widely observed in mine drainage, soda lakes, hot springs, polar regions, and hydrothermal vents (Sorokin and Kuenen, 2005; Sattley and Madigan, 2006; Martin et al., 2008; Kimura et al., 2011). Although the contribution of these microbial communities to ecosystem productivity in surface ecosystems may be less important than the primary productivity of plants, light-independent producers drive important biogeochemical cycles by catalyzing energy-source reactions (Falkowski et al., 2008; Burgin et al., 2011).

The potential for subsurface primary production that is independent of solar energy has been suggested by several reviews (Gold, 1992; Stevens, 1997; Colman et al., 2017), but there are relatively few studies available that deal with the population dynamics and interspecific interactions among light-independent producers. The interspecific interactions among these producers are often associated with the use of chemical substances involved in energy-source reactions. Understanding these interactions requires not only knowledge of the biological interactions, but also the chemical interactions and energy that depends on the presence of the chemical substances in the system. Therefore, in this review, we introduce theoretical approaches based on population dynamics, which incorporates thermodynamics to highlight characteristic interactions in microbial communities in subsurface ecosystems on an energetic basis.



ENERGY AND NUTRITIONAL GROUPS

To expand our understanding of energy in ecosystems and how organisms use this energy for growth, we first summarize the concepts of energy and nutritional groups. Organisms, especially microorganisms, can be classified into primary nutritional groups based on the direct source of energy and carbon (Figure 1). As the definition of nutritional groups is somewhat ambiguous, we clarify them in light of recent research regarding bacterial and archaeal communities.
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FIGURE 1. Primary nutritional groups and types of energy sources, ATP synthesis, and carbon sources for life. The names of primary nutritional groups are built by combining the Greek terms meaning the direct source of energy [photo (light), chemo (chemical), or electro (electric)] and carbon [auto (using inorganic carbon) or hetero (using organic carbon)] and “troph(s)” meaning nourishment. Chemo-(auto or hetero)-trophs that use organic carbon for energy-source reactions (e.g., aerobic respirators and fermentation bacteria) are especially termed chemo-organo-(auto or hetero)-trophs and others that only use inorganic substances for energy-source reactions (e.g., the reactions listed in Table 1) are termed chemo-litho-(auto or hetero)-trophs.


In ecology, energy flow has often been treated as a process that occurs in parallel with carbon flow. This is true for organisms that use carbon substrates as energy sources, however, the energy sources of microorganisms are not necessarily sunlight or carbon substrates. Energy is converted to ATP and then used for biomass synthesis. Producers use a part of ATP in the process of converting inorganic carbon to organic carbon (biomass). In addition to energy and carbon sources, we introduce the processes of ATP synthesis and carbon assimilation, which may highlight the differences between the carbon and energy needs of living organisms.


Classifications Based on Energy Source

In traditional textbooks, the direct energy source for life is described as either being sunlight or chemical reactions. Organisms that use sunlight are called phototrophs and those that harness energy from chemical reactions are called chemotrophs. According to these definitions, animals and fungi are classified as chemotrophs. Some chemotrophs use organic carbon for energy-source reactions (e.g., aerobic respirators and fermentation bacteria), and others only use inorganic substances (e.g., the reactions listed in Table 1). The former are termed chemoorganotrophs and the latter as chemolithotrophs. In addition to light and chemical energy, some microbes have been found to gain energy directly from electrons in the form of electric energy (Lovley, 2006, 2008; Thrash and Coates, 2008; Torres et al., 2010). As these electrons are supplied from the progression of the oxidation-reduction reaction (the redox reaction, a type of chemical reaction that involves the transfer of electrons), the distinction between chemical and electric energy gain is somewhat vague. Electron flow is also generated during photosynthesis and aerobic respiration, and is essential for one of the two ATP synthesizing processes described below.



ATP Synthesis

No matter which energy form is used, life eventually converts energy into ATP by adding one phosphate group to adenosine diphosphate (ADP), in a process called phosphorylation. Phosphorylation (i.e., ATP synthesis) in living organisms is achieved by two different biochemical pathways. Phosphorylation can occur via the direct transfer of a phosphate group from a phosphorylated intermediate metabolic compound to ADP. This is known as substrate-level phosphorylation and is exemplified by glycolysis (the first pathway of aerobic respiration) and fermentation (Figure 1). ADP-ribose-derived ATP synthesis in the cell nucleus might be considered as this type of phosphorylation (Wright et al., 2016). Alternatively, phosphorylation can be achieved by the electron flow generated from an energy-source reaction. The electron flow eventually creates ion gradients across membranes, or chemiosmosis, which enables ATP synthase to synthesize ATP (Mitchell, 1961; Dimroth, 1987; Russell, 2007; especially see Müller and Hess, 2017 for a discussion on the terms describing this type of phosphorylation). In this paper, we have termed the latter type as “phosphorylation associated with chemiosmosis.” In terms of energy production, substrate-level phosphorylation is generally less efficient than phosphorylation associated with chemiosmosis. However, the faster substrate-consumption rate of substrate-level phosphorylation can surpass phosphorylation associated with chemiosmosis under some conditions (Vazquez et al., 2010; Zheng, 2012).

Photosynthesis and aerobic respiration partly share similar phosphorylation processes, which are associated with chemiosmosis of hydrogen ions when electrons move down the electron transport chain. For light reactions occurring in plants, electrons are released after the light absorption by photosynthetic pigments and drive chemiosmosis across the thylakoid membrane. Similarly, most energy-source reactions, including aerobic reactions and the reactions listed in Table 1, are involved in electron transfers and, therefore, categorized as redox reactions that can be spontaneously carried out in the absence of sunlight. For example, during aerobic respiration, 24 moles of electrons are translocated from 1 mole of glucose to oxygen:
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where e– indicates an electron. The overall reaction of Eq. (1c) is the well-known equation for aerobic respiration, which is the sum of the oxidation reaction (Eq. (1a)) that involves the loss of electrons from an electron donor (C6H12O6) and the reduction reaction (Eq. (1b)) that is involved with the gain of electrons of an electron acceptor (O2). Although the electron flow involved in Eq. 1 is eventually eliminated from Eq. 1c, this flow is used to generate ATP throughout chemiosmosis in mitocondria.

In general, chemical substances that act as electron acceptors are plentiful in oxic environments, while those that act as electron donors are abundant under anoxic conditions. Surface ecosystems have unique oxic environments where plants constantly supply the abundant organic substrate, which acts as an electron donor. In contrast, both electron acceptors and donors (except for organic substrates) come into play in oxic-anoxic interfaces and can supply energy for light-independent producers.



Classification Based on the Carbon Source

Some fraction of the energy stored as ATP is used to maintain the metabolism of an individual, while some is allocated to the growth of the population. Population growth is often quantified as the amount of carbon that is newly added to the overall population. For nutritional classifications, the source of carbon groups organisms into autotrophs that fix inorganic carbon to build biomass and heterotrophs that use organic carbon to synthesize biomass. Note that the classification of organisms according to carbon source is made based only on the form of carbon used as building blocks. It is independent of the direct energy source (light, chemical, or electric) to generate ATP, even though the carbon may be used in the energy-source reaction. The Calvin-Benson-Bassham (CBB) cycle is the only carbon-fixation pathway in eukaryotes (algae and plants). Some autotrophic bacteria also fix carbon dioxide in the CBB cycle, while others have evolved unique, inorganic carbon-fixation pathways (Berg et al., 2010; Berg, 2011; Hügler and Sievert, 2011).

According to these two classifications, plants and phytoplankton are photo-autotrophs, while animals and most fungi are chemo-heterotrophs. In subsurface ecosystems where there is no light, microbial communities are composed of chemo-autotrophs and chemo-heterotrophs. Here, we exclude discussions of photo-heterotrophic bacteria, but this nutritional group may be abundant and comprise approximately 10% of the microbial community in the euphotic zone in the upper ocean (Kolber et al., 2001). Some bacteria and archaea are known for their versatile metabolic strategies, which enable a cell to use both inorganic and organic carbon as building blocks, or the different types of energy source reactions (Eiler, 2006; Hügler and Sievert, 2011). These organisms that can switch metabolic strategies in response to environmental conditions are called mixotrophs.

For surface ecosystems, the primary and basic energy source is light. Plants and phytoplankton as producers harness light energy to synthesize ATP, part of which is used to fix carbon dioxide (inorganic carbon) into biomass. The direct energy source of consumers and decomposers is chemical as they generate ATP from aerobic respiration, a reaction using oxygen and organic substrates. Since both of these substrates are the by-products of photosynthesis, the original energy source for consumers and decomposers is light energy. Although consumers and decomposers also allocate organic carbon to the building blocks of biomass, carbon flows are a good indicator of energy flow within feeding interactions because it is closely linked with the energy transfer among organisms that use organic substrates as their energy source.

In contrast, the ultimate energy source of subsurface ecosystems should be chemical energy (including electrical energy), which may not rely on the supply of organic substrates as the photosynthetic by-product from surface ecosystems. Direct or indirect carbon transfers from light-independent producers to chemoorganoheterotrophs that belong to the same nutritional group as animals can also be linked to energy transfers through the microbial community. However, the energy consumption of light-independent producers and the consequential interspecific interactions among them highlights the unique relationship between population growth and energy, which can be understood as the use of energy as opposed to organic carbon.



CHARACTERISTIC INTERSPECIFIC INTERACTIONS AMONG LIGHT- INDEPENDENT PRODUCERS

Of the interspecific interactions of light-dependent producers, resource competition is an important factor that determines growth, fitness, and productivity. Although the ultimate limiting resource for light-dependent producers can be the availability of essential nutrients (primarily nitrogen and phosphorus as the building blocks of biomass), water, and/or space, only those interactions associated with the availability of light energy as a limiting resource is discussed here. However, it should be noted that the availability of nutrients and water affect the ability of light-dependent producers to capture light energy. For example, a phosphorus deficiency in chloroplast stroma inhibits ATP synthase activity (Takizawa et al., 2008; Karlsson et al., 2015; Carstensen et al., 2018).

There is experimental, observational, and theoretical evidence indicating that plants and phytoplankton may specialize in separate light niches in response to different light environments (Litchman, 2000; Litchman and Klausmeier, 2001; Silvertown, 2004; Six et al., 2007; Sterck et al., 2011). Although some shade-tolerant plants may acquire new niches due to the presence of others, plants reside in the same canopy are often competitive and they never increase the light intensity, or light energy (Figure 2A).
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FIGURE 2. Interspecific interactions associated with the utilization of (A) light and (B) chemical energy.


The availability of light energy in a terrestrial ecosystem is mainly determined by the amount of sunlight received at the Earth’s surface. An example of a model that describes the availability of light, L, under a canopy is,
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where L0 is the light intensity at the top of the canopy (the light available prior to any consumption), ci is the light adsorption coefficient of species i, and Bi is the biomass of species i. f describes the total light consumption by the existing species, which is a decreasing function with a maximum value of 1 that holds when no plants exist (Grovar, 1997). Any increase in Bi is associated with the consumption of light and, thus, decreases the availability of light and inhibits the light-dependent growth rate of other species.

Interspecific interactions via the use of chemical energy also significantly affect the growth of light-independent producers, although not always in a negative manner. The Gibbs energy, G, in thermodynamics is a measure of the availability of chemical energy in a system. The amount of Gibbs energy depends on all of the chemical substances present in a system and is described as:
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where nj is the number of moles of substance j, and μj = [image: image] denotes the partial molar Gibbs energy, or chemical potential, when temperature, pressure, and the amount of all other substances are held constant. μj depends not only on the substance j, but on other substances in the system, as the interaction of substances affects the availability of chemical potential μj. Unlike the change of L in Eq. (2), which is described by direct consumption by plant species, the change in G can only be indirectly described by changes in the molar concentrations of reactants and products associated with the progression of the energy-source reaction (Figure 2B).

The Gibbs energy change of a reaction, ΔrG, is an important and useful thermodynamic property that enables us to estimate the availability of chemical energy for microbes under a given environmental condition. ΔrG denotes the amount of chemical energy dissipated from a reaction on a kJ per mole basis. Hence, a negative ΔrG (i.e., −ΔrG) denotes the maximum available energy for species when it catalyzes one mole of reaction to dissipate energy. If species 1 generates energy from the following overall reaction, then:
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where X1 and X2 are two different compounds (or two different redox states) composed of the same element. X2 has more electrons than X1. In Eq. (4c), B2 serves as an electron donor and A1 serves as an electron acceptor. The negative Gibbs energy change of this reaction is
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where −ΔrG° is the standard Gibbs energy change of reaction 1 (kJ mol–1), R is the gas constant (8.31 × 10–3 kJ K–1 mol–1), T is the absolute temperature (K), and {Xj} is the activity of Xj. Activity can be approximated as the molar concentration when the interaction forces of the substances can be ignored: {Xj} ≈ nj/v, where v is the volume. ° indicates the standard-state condition where all reactants and products (chemical substances utilized for and released from the energy-source reaction) have activity = 1. −ΔrG° is given by,
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where ΔfGx° denotes the Gibbs energy change accompanied by the x formation (here, x = A1, A2, B1, or B2). ΔfGx° is the relative level of Gibbs energy of x from all of the reference states of the elements composing x [e.g., the relative level of Gibbs energy of CH4 in comparison with C(solid) as graphite and H2 (gas)]. ΔfGx° is a constant that is intrinsic to substance x under standard conditions. As ΔrG° is the difference between the sum of ΔfG° for the by-products and the sum of ΔfG° for the reactants, it is a reaction-specific quantity that is determined by the combination of reactants and by-products. ΔfGx° values are available from the CHNOSZ package for R1. The second term of −ΔrG in the right-hand side of Eq. (4d) indicates the effect of the relative quantities of products and reactants on the available chemical energy. This is termed “abundant resource premium” (ARP) (Seto and Iwasa, 2019a) and is especially important for the growth of light-independent producers, which results in characteristic mutualistic interactions, or obligately mutualistic metabolism.

The growth of light-independent producers always decreases the total amount of Gibbs energy of a system; similarly, the growth of light-dependent producers reduces the availability of light. However, unlike light consumption by plant species, which often results in competition, the progression of reaction 1 does not always decrease the availability of chemical energy for other light-independent producers. When species 2 harnesses a reaction that utilizes A2 we get,
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where the negative Gibbs energy change of reaction 2 is
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To distinguish ΔrG in Eqs. (4d) and (5b), from here we will use the symbol ΔrGi, where subscript i denotes the reaction number. Because the supply of A2 increases −ΔrG2 due to the presence of the ARP term, species 2 may generate more energy when species 1 exists (Figure 2B). The consumption of A2 also increases −ΔrG1, which consequentially increases the energy gain of species 1. Hence, the consumption of the by-product of the energy-harvesting reaction can lead to mutualism between species 1 and 2 owing to the presence of ARP. An example of a mutualistic interaction which is similar to this type occurs between ammonia-oxidizers and nitrite-oxidizers in Table 1 [the combination of reactions (VIII) and (X)], which are microbes interacting via the supply and consumption of nitrite ion (NO2−). Although these microbes compete for oxygen, one can predict that the presence of a nitrite-oxidizer may increase the energy acquisition per reaction of an ammonia-oxidizer under oxic conditions where the availability of oxygen may not limit the growth of nitrite-oxidizer and ammonia-oxidizer. These microbes have been confirmed to occur in clusters and be in frequent contact with each other within sludge flocs (Mobarry et al., 1996).

A more intuitive example of the mutualism between light-independent producers that completes material recycling within their energy-source reaction is a combination of Eq. (4c) and
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where the negative Gibbs energy change of reaction 3 is
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An example can be found in the iron cycle between Fe2+ and Fe oxides (e.g., the combination of reaction (IV) and (XI) or (XIII) in Table 1) such as Fe (OH)3 that is readily formed in the presence of Fe3+ at a circumneutral pH. Experimental studies have reported the possibility of micro-scale bacterial iron cycling at oxic-anoxic interfaces (Emerson and Revsbech, 1994; Sobolev and Roden, 2002; Roden et al., 2004). Another example is the sulfate cycle, which is closely associated with the methane and nitrogen cycles [e.g., the combination of reactions (II) and (XV) in Table 1] (Lau et al., 2016).



POPULATION DYNAMICS UNDER AVAILABLE CHEMICAL-ENERGY LIMITATIONS

The availability of chemical energy changes in response to changes in the amount of chemical substances in the surrounding environment, however, this effect has been neglected in population dynamics models in traditional microbial ecology. The population growth of light-dependent producers (plants and phytoplankton) is often limited by the availability of energy. Similarly, the population dynamics of light-independent producers are often limited by the acquisition rate of chemical energy. Interestingly, modeling this provides a framework for understanding mutualistic interactions among light-independent producers, which has not been previously recognized in the ecological sciences. In a previous paper, we introduced a microbial population dynamics model in relation to energy production per reaction that included the ARP term (Seto and Iwasa, 2019a). For a microbial population that harvests energy from reaction i,
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where Fi denotes the biomass-specific catalytic rate of the energy-source reaction, qi is the biomass yield of species i for a given energy gain from ATP that is generated from an energy-source reaction, ci is the fraction of energy that can be used for ATP synthesis (0 < ci < 1) and excludes energy expenditure such as loss by heat transfer, and mi is the rate of energy loss that occurs to maintain cellular activity. For simplicity, we call xi the population density of the ith species, but it is more appropriate to call it the ith functional group, as multiple species typically share the same energy-source reaction. The term in curly brackets in Eq. (7a) describes the biomass-specific rate of the net energy gain. A reaction requiring two substrates (an electron acceptor and an electron donor) may be simultaneously limited by the low availability of both substrates. There are several proposed models that encompass dual-limitations from the abundance of electron donors and acceptors (Bae and Rittmann, 1996; Jin and Bethke, 2003, 2007; LaRowe et al., 2012). Here we have adopted the simplest model—the double-Monod model. For Eq. (4c) (reaction 1) it is described as,
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where r1 is the maximum microbial catalytic rate of reaction 1, and KX is the half-saturation constant for X.

The growth of chemoheterotrophs (e.g., aerobic bacteria and fermentation bacteria) is often described by the Monod equation, where the growth rate of microbial population x appears to be limited solely by the availability of the concentration of the organic substrate R:
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Equation (7a) can be approximated as Eq. (8) if the following three conditions are satisfied: (i) the decreasing rate – mx is added to Eq. (8), (ii) the concentration of one of the two substrates is significantly higher than its half-saturation constant such that the corresponding factor is replaced by 1, and (iii) the effect of ARP on −ΔrG can be ignored because of the high value of −ΔrG°. Assumptions (ii) and (iii) are plausible for aerobic bacteria and fermentation bacteria. The incubation of aerobic bacteria is usually conducted under aerobic conditions (i.e., high oxygen concentration), whereas fermentation bacteria only require a single organic substrate, which is used to generate energy from substrate-level phosphorylation. Additionally, the energy-source reaction that uses the organic substrate generally has a high −ΔrG°. The relative abundance of reactants and by-products can affect −ΔrG only when the contribution of ARP on −ΔrG is so large that −ΔrG cannot be approximated as −ΔrG°. When the availability of reactants is significantly higher than products, for example ({A1}{B2})/({A2}{B1}) = 106, ARP is approximately 33.5 kJ mol–1 at 1 bar and 298.15 K. The ARP increases with increasing temperature if all other variables and parameters are fixed. However, the activities of chemical substances and −ΔrG° often depend on temperature sensitivity, which may occasionally decrease −ΔrG with increasing temperature. As shown in Eq. 4e, the value of −ΔrG° is determined by the combination of reactants and products under constant temperature and pressure conditions. The −ΔrG° of light-independent producers is typically lower than 1000 kJ mol–1, whereas −ΔrG° can exceed 2000 kJ mol–1 for aerobic respiration when glucose is used as an electron donor. This suggests that the ARP term does not affect the growth dynamics of microbes that harness aerobic respiration, but in the case of light-independent producers, it may have a significant effect on microbial growth and steady-state behavior.

Due to the ARP effect, the model’s behaviors are qualitatively different from those observed in traditional microbial population growth models that follow the Monod-type equation (Seto and Iwasa, 2019a). The steady-state population density of the Monod-type equation increases with increasing ri and decreasing KX, as these changes increase the resource-utilizing ability or the resource consumption rate of the species. Meanwhile, the steady population density of the population dynamics that follow Eq. (7) is maximized at an intermediate ri and KX. This is because the increase in the resource-utilizing ability positively affects population growth when the abundance of the reactants is relatively larger than that of the by-products, but it negatively affects the energy acquisition per reaction as by-products accumulate in the surroundings, or −ΔrG becomes low.

The unique steady-state response of light-independent producers to ri and KX may provide them with a distinctive resource-utilizing strategy. If several species compete for the same resource, the steady-state analysis of the Monod-type population dynamics model predicts that the species that can deplete the abundance of resources to the lowest level will exclude others at the steady-state (R∗-rule; Tilman, 1982), which may act as a major selective force for many microbial species. Following the R∗-rule, when all of the species have the same parameter values except for r, only the species with the highest r will eventually dominate the system and maintain the highest population-density level. In contrast, in our model, if several species harness the same energy-source reaction with the same parameter values except for r coexist within a system, the species with the highest r will also exhibit the fastest growth rate and dominate the system, but will maintain a relatively lower population density. Modeling studies have predicted that a small population is more strongly threatened by stochastic processes than a large population if the population is isolated, which would subsequently cause local extinction (Matthies et al., 2004). This implies that subsurface ecosystems may shape a unique evolution of specialization in the resource utilization of light-independent producers.



ARP-DRIVEN MUTUALISTIC INTERACTIONS

Understanding two-species population dynamics is the first step toward identifying the complex interspecific interactions among light-independent producers. We previously undertook mathematical analyses of two models, the structures of which are illustrated in Figure 3. These models deal with mutualistic interspecific interactions that occur through the use of different chemical forms of an element labeled as A1, A2, and A3 (Seto and Iwasa, 2019b, 2020), where a larger subscript number denotes having more electrons. Although light-independent producers can compete for the same resource(s) used in energy-source reactions, we focused on two cases of mutualism where, (i) species 2 uses the by-product of species 1 (the combination of Eqs. (4c) and (5a), i.e., reactions 1 and 2), and (ii) each species receives its own resources from the other species and provides them with the by-products as a resource (the combination of Eqs. (4c) and (6a), i.e., reactions 1 and 3). We call the former type of interspecific interaction a one-way interaction, and the latter a recycling interaction.
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FIGURE 3. Mutualistic catabolic interactions. (A) One-way interactions (Seto and Iwasa, 2019b). (B) Recycling interactions (Seto and Iwasa, 2020).


For both models, the presence of species 2 increases the steady-state biomass of species 1 and expands the realized niche of species 1 from its fundamental niche. For the one-way interaction model, the interspecific interaction can only be commensalism in the absence of ARP (i.e., the second term on the right-hand side of −ΔrG is eliminated) because the presence of species 1, which supplies the resources for species 2, can expand the conditions for the survival of species 2 and its realized niche. This is a standard effect known as “niche construction” or “niche changing” (Erwin, 2008; Laland et al., 2016). The ARP term allows species 1 to increase the fitness of species 1 in the presence of species 2 because species 2 reduces the abundance of the by-product of species 1, resulting in the expansion of the realized niches of species 1. Hence, both species are able to live in conditions in which neither of them could survive alone. Meanwhile, for the recycling interaction model, the same tendency is true for a model with and without the ARP term. As confirmed by the analysis of the one-species model, an increase in the resource-utilizing ability of species in the two models eventually leads to a decline in steady-state population density. However, the presence of a mutualistic partner allows a species to keep its steady-state population density at a higher level than when it would if alone. This implies that a species with a higher resource-utilizing ability may be able to robustly survive in a system if a species that works in a mutually beneficial manner is present and in close proximity.

The mutualistic relationship observed between species 1 and 2 occurs when the population growth of both species depends on the amount of chemical energy including the ARP term. If the growth rate is limited by not the energy acquisition process (catabolism) but the biosynthetic process (anabolism), these two species may compete for essential nutrients to build biomass. This suggests that interspecific interactions among light-independent producers may change depending on which process ultimately limits the microbial growth rate.

The presence of a mutually beneficial partner increases the rate of the energy-source reaction, which may drive the geochemical process that proceeds very slowly in the absence of light-independent producers. Species 1 in Figure 3B is able to survive only in the presence of species 2 that sufficiently accelerates the reaction from A1 to A2 when it is unlikely to carry forward abiotically. A reaction spontaneously proceeds with releasing energy when ΔrG < 0 (i.e., −ΔrG > 0). However, the rate of reaction is not determined by the value of ΔrG, but, rather, it depends on activation energy and environmental factors (e.g., temperature, coexisting chemical substances, water availability, and pH), which affect the intensity of the competition between abiotic and microbial reactions (Kirby et al., 1999; Melton et al., 2014; Liu et al., 2017). Microbes, like enzymes in biochemical systems, can often accelerate the reaction rate by lowering the energetic barrier required for the reaction to commence. For instance, in the presence of the iron-oxidizing bacteria Thiobacillus ferrooxidans, the iron oxidation rate increases up to several orders of magnitude in comparison with the rate under abiotic controls (Lacey and Lawson, 1970; Nordstrom, 1985).

In contrast, rapid abiotic reactions may inhibit the growth of microbes that compete for the same resources. Under neutral pH conditions, it is hypothesized that the growth of iron-oxidizing bacteria is constrained under low oxygen conditions, where microbial iron oxidation can outcompete rapid abiotic iron oxidation (Druschel et al., 2008). Micro-scale iron recycling between iron-oxidizing and -reducing bacteria may enable iron-oxidizing bacteria to overcome abiotic iron oxidation.



DISCUSSION


The Productivity of Subsurface Microbial Ecosystems

The presence of abundant microbial biomass in subsurface ecosystems implies there is considerable productivity of light-independent producers. However, research on the productivity of subsurface microbial ecosystems has been advanced only recently due to limited access to the subsurface biosphere.

Estimations of the productivity of hydrothermal vent ecosystems based on calculations of ΔrG have suggested that the productivity of light-independent producers contributes only a small fraction of the total photosynthetic biomass produced in the oceans (McCollom and Shock, 1997; McCollom, 2007). The vast biomass stock, despite low productivity in the subsurface biosphere, may have three explanations. First, the energy sources of subsurface ecosystems may be heavily dependent on organic substrates supplied by surface ecosystems. The dominance of heterotrophic microbes that use organic carbon to build biomass has been confirmed for some sedimentary subsurface ecosystems (Biddle et al., 2006; Morono et al., 2011). Second, microorganisms might adapt or acclimate to energetic stress by lowering the maintenance energy (m in our model). To thrive under limited access to energy sources, microbes in the subsurface have often been observed to reduce maintenance energy by switching their metabolic modes; and, as a result, the mean cell-doubling time may then range from a few years to thousands of years (Jørgensen and Boetius, 2007; Valentine, 2007; Hoehler and Jørgensen, 2013). Finally, microbes under low oxygen environments require less energy to synthesize biomass than those under oxygen-rich conditions, which may result in relatively high biomass conversion efficiency (q in our model) in the subsurface biosphere. Nitrogen and sulfur sources in oxygen-rich conditions often exist as NO3– and SO42–. To generate amino acids as building blocks of biomass, NO3– and SO42– should be converted into ammonia and hydrogen sulfide ions, and, in the presence of oxygen, more energy is required to carry out these reactions (McCollom and Amend, 2005).

An interesting question is whether the biodiversity-ecosystem functioning (BEF) relationship in subsurface microbial ecosystems is similar across surface and subsurface ecosystems. Controlled experiments in terrestrial ecosystems have shown increased plant biomass and primary productivity with increasing plant diversity (Hector et al., 1999; Tilman et al., 2001), whereas a mechanistic model that incorporates a food-web structure has demonstrated that plant biomass does not always increase with plant diversity (Thébault and Loreau, 2003). Studies examining BEF relationships for soil microorganisms reported somewhat contradictory results; some studies emphasized the link between the physiological or functional diversity and ecosystem functions, especially process rates or activities (e.g., nitrification rate and denitrification activity), in soil microorganisms (Balser and Firestone, 2005; Bell et al., 2005; Webster et al., 2005; Philippot et al., 2013), and the other demonstrated the irrelevance of microbial diversity to ecosystem functions (especially carbon mineralization) (Balser and Firestone, 2005; Wertz et al., 2006). Ecosystem functions of microbes are often evaluated by the process rates of carbon and nitrogen, but as we introduced so far, the energy-source reactions of light-independent producers drive the flows of not only carbon and nitrogen but also other elements such as iron and sulfur. This may result in the underestimation of the effect of microbial diversity on their ecosystem functioning. The extension of our model would help to provide a theoretical framework for understanding the BEF relationship for light-independent producers and overall subsurface microbial ecosystems, including heterotrophic microbes. It would be interesting to address whether or how much the supply of organic substrates from surface ecosystems controls the productivity and biodiversity of these ecosystems, as suggested previously (Hubalek et al., 2016; Magnabosco et al., 2018).



Ecology of Light-Independent Producers as an Interdisciplinary Field

The application of a population dynamics model to the community of light-independent producers will develop our understanding of not only subsurface ecology, but environmental science/engineering, astrobiology, and the evolution of early life and ecosystems.

Microbial fuel cells are a technology that converts chemical energy to electricity by using electron transfer metabolisms (Du et al., 2007). While research has concentrated on the conversion of organic substrates to electricity, the application of light-independent producers is also expected to produce carbon compounds from CO2 in a renewable manner. However, because of low product yields and productivity, the practical application of light-independent producers requires improved efficiency under industrial conditions (Claassens et al., 2016). For some microbial fuel cells that use organic substrates, higher power generation in co-cultures, as opposed to individual strains, has been reported (Logan et al., 2019). While more realistic modeling is needed, our approach will be useful in understanding productivity in co-cultures by linking population dynamics with the availability of chemical energy. This application will also be useful in understanding the different efficiencies of wastewater treatment by light-independent producers in pure and co-cultures (e.g., Parshina et al., 2005).

Theoretical, experimental, and field investigations have established the physical and chemical limits of microbial life under extreme conditions. In the field of astrobiology, the potential survival and existence of life on other planets has been debated based on these limitations. The activity of microbes, including light-independent producers, helps in the search for life on extraterrestrial planets and in planetary protection against microbial contamination from and to Earth in the course of space missions. Although microbial life can be limited by multiple factors (e.g., the availability of water, gravity, temperature, pressure, and the intensity of UV/ionizing radiation) (Rummel et al., 2014; Moissl-Eichinger et al., 2016), the presence of the potential energy-source reaction is one important factor that restricts microbial activity. The limits on microbial growth are often measured based on single-culture experiments, but, as our results suggest, the presence of a mutualistic counterpart may expand limits on microbial growth. This suggests that the limits on microbial growth require an understanding of the effects of biological interactions, in addition to abiotic factors.

Although the energy source for the earliest life is still under debate, both phylogenetic and biochemical evidence suggest that the earliest life forms were chemoautotrophs (Pace, 1997; Lane et al., 2010; Judson, 2017), which may have used hydrogen and carbon dioxide as geochemical sources (Weiss et al., 2016). The early Earth was deficient in oxygen and organic matter previous to the evolution of oxygenic photosynthetic organisms, which limited the energy-source reactions for the light-independent producers listed in Table 1. One interesting question deals with how microbial metabolic diversity evolved and was constructed in the earliest ecosystem under extreme energy limitations. If the earliest life forms depended on chemical energy, the most likely place of origin would be the hydrothermal vent system, which creates an interface between thermal fluids with electron-abundant substances and the relatively electron-deficient substances in the bottom water. Another interesting question is how life could have abandoned this attractive energy source to expand the ecosystems. Our results suggest that the evolution of a mutualistic metabolic counterpart may have enabled life under extreme energy limitations to be freed from energetic constraints and invade other systems (Seto and Iwasa, 2019b, 2020). Especially for microbes harnessing reactions with low −ΔrG° and those that do not use either organic substrates or oxygen, the ARP may play an important role in potential growth, survival and community structure.
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Ecological systems are the quintessential complex systems, involving numerous high-order interactions and non-linear relationships. The most used statistical modeling techniques can hardly accommodate the complexity of ecological patterns and processes. Finding hidden relationships in complex data is now possible using massive computational power, particularly by means of artificial intelligence and machine learning methods. Here we explored the potential of symbolic regression (SR), commonly used in other areas, in the field of ecology. Symbolic regression searches for both the formal structure of equations and the fitting parameters simultaneously, hence providing the required flexibility to characterize complex ecological systems. Although the method here presented is automated, it is part of a collaborative human–machine effort and we demonstrate ways to do it. First, we test the robustness of SR to extreme levels of noise when searching for the species-area relationship. Second, we demonstrate how SR can model species richness and spatial distributions. Third, we illustrate how SR can be used to find general models in ecology, namely new formulas for species richness estimators and the general dynamic model of oceanic island biogeography. We propose that evolving free-form equations purely from data, often without prior human inference or hypotheses, may represent a very powerful tool for ecologists and biogeographers to become aware of hidden relationships and suggest general theoretical models and principles.

Keywords: artificial intelligence, ecological complexity, evolutionary computation, genetic programming, species richness estimation, species-area relationship, species distribution modeling, symbolic regression


INTRODUCTION

Complexity is a term often used to characterize systems with numerous components interacting in ways such that their collective behavior is difficult to predict, but where emergent properties give rise to patterns, more or less simple but seldom linear (Table 1) (Holland, 1995; Mitchell, 2009). Complex systems science is therefore an effort to understand non-linear systems with multiple connected components and how “the whole is more than the sum of the parts” (Holland, 1998). Biological systems probably are among the most complex (Solé and Goodwin, 2000), and among them, ecological systems are the quintessential complex systems (Anand et al., 2010). These are composed of individuals from different species, interacting and exchanging energy in multiple ways, furthermore, relating with the physical environment at different spatial and temporal scales in non-linear relationships. Consequently, ecology is dominated by idiosyncratic results, with most ecological processes being contingent on the spatial and temporal scales in which they operate. This makes it difficult to identify recurrent patterns, knowing also that pattern does not necessarily identify process (Lawton, 1996; Dodds, 2009; Passy, 2012). The most used exploratory (e.g., principal component analysis) and statistical modeling techniques (e.g., linear and non-linear regressions) can hardly reflect the complexity of ecological patterns and processes, often failing to find meaningful relationships in data. More flexible techniques, such as generalized additive models (GAMs), usually do not allow an easy interpretation of results and particularly of putative causal relationships (e.g., Sugihara et al., 2012). For ecological data, we require more flexible and robust, yet amenable to full interpretation, analytical methods, which can eventually lead to the discovery of general principles and models.


Table 1. Glossary of terms.
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The aim of any ecological principle is to provide a robust model for exploring, describing, and predicting ecological processes regardless of taxon identity and geographic region (Lawton, 1996; Dodds, 2009). Finding a recurrently high goodness-of-fit for a model to an ecological pattern for most taxa and ecosystems is usually a compelling evidence of a mechanistic process controlling that pattern. When general principles are translated into robust models, general statistical methods are mostly abandoned in favor of these, of which only few examples exist in ecology (Data Sheet 1). Such general, widely applicable equations are mostly found by intellectual tour de force. Yet, they are only the tip of the iceberg, usually incorporating few of the variables increasingly available to ecologists and that could potentially explain such patterns.

The automation of techniques for collecting and storing ecological and related data, with increasing spatial and temporal resolutions, has become one of the central themes in ecology and bioinformatics. Yet, automated and flexible ways to synthesize such complex and big data were mostly lacking until recently (Martin et al., 2018; Chen et al., 2019; Desjardins-Proulx et al., 2019). Finding hidden relations within such data is now possible using massive computational power. New computer-intensive methods have been developed or are now available or possible (Reshef et al., 2011), including the broad field of artificial intelligence (AI) or machine learning (ML) which have produced a variety of approaches (Lu, 2019). Artificial intelligence includes a series of evolution-inspired techniques, brought together in the sub-field of evolutionary computation, of which the most studied and well-known probably are genetic algorithms (Holland, 1975). Genetic programming, namely in the form of symbolic regression (SR) (Koza, 1992), is a derivation of genetic algorithms that searches the space of mathematical equations without any constraints on their form. Hence, it provides the required flexibility to represent complex systems as presented by many ecological systems (Figure 1). Contrarily to traditional statistical techniques, symbolic regression searches for both the formal structure of equations and the fitting parameters simultaneously (Schmidt and Lipson, 2009). Finding the structure of equations is especially useful to discover general models, providing insights into the processes and eventually leading to the discovery of new and yet undiscovered principles. Fitting the parameters provides insight into the raw data and allow for specific predictions. Successful examples on the use of SR in ecology include modeling of land-use change (Manson, 2005; Manson and Evans, 2007), effects of climate change on populations (Tung et al., 2009; Larsen et al., 2014), community distribution (Larsen et al., 2012; Yao et al., 2014), predicting micro-organismal blooms (Muttil and Lee, 2005; Muttil and Chau, 2006; Jagupilla et al., 2015; Tromas et al., 2017), deriving vegetation indices (Almeida et al., 2015), forecasting the trophic evolution of lakes (Bertoni et al., 2016), using parasites as biological tags (Barrett et al., 2005), and even to revisit classical ecological models such as the Lotka–Volterra predator–prey equation (Martin et al., 2018; Chen et al., 2019).


[image: Figure 1]
FIGURE 1. Schematic representation of the symbolic regression workflow. The basic representation is a parse-tree where building blocks such as variables (in this case: x1, x2), parameters (integers or real numbers), and operators (e.g., +, –, ×, ÷) are connected forming functions (in parenthesis under the first line of trees). Initial equations are generated by randomly linking different building blocks. Equations are combined through crossover, giving rise to new equations with characteristics from both parents (arrows linking the first and second rows of trees). Equations with better fitness (e.g., R2) have higher probabilities of recombining. To avoid loss of variability, a mutation step is added after crossover (arrows linking the second and third rows of trees). After multiple generations, evolution stops and a set of free-form equations best reflecting the input data is found.


The goal of this work is to explain, test, and show the usefulness of SR in uncovering hidden relationships within typical ecological datasets. To illustrate this, we used five case studies reflecting typical analytical problems faced by ecologists. In the first example, (i) we test the robustness of SR when finding the power law applied to the species-area relationship (SAR) with extreme levels of noise, even beyond the high levels typical of ecological datasets. In the next two examples, we demonstrate how SR can deal with complex datasets, namely to model (ii) species richness; and (iii) species spatial distributions. Finally, we illustrate how SR can be used to find general models in ecology, by using it to develop new formulas for (iv) species richness estimation; and v) the general dynamic model of oceanic island biogeography (GDM).



GENERAL METHODOLOGY

Symbolic regression works as a computational parallel to the evolution of species. A population of initial equations is generated randomly by combining different building blocks, such as the variables of interest (independent explanatory variables), algebraic operators (e.g., +, –, ÷, ×), analytic function types (exponential, log, power, etc.), constants and other ways to combine the data (e.g., Boolean or decision operators) (Figure 1). Being random, these initial equations almost invariably fail in describing the patterns or phenomena of interest, but some equations are slightly better than others. All are then combined through crossover, giving rise to new equations with characteristics from both parents. Equations with better fitness—as estimated using a chosen statistical measure such as R2 or Akaike's Information Criterion (AIC; Akaike, 1974)—have a higher probability of recombining. To avoid new equations being bounded by initially selected building blocks or quickly losing variability along the evolutionary process, a mutation step (acting on any building block) is added to the process after crossover. After multiple generations, an acceptable level of accuracy by some of the equations is often attained and the researcher stops the process.

For this work we used the software Eureqa (Nutonian, Inc) (Schmidt, 2015), which provides an intuitive interface suitable also for non-expert SR users (Dubčáková, 2011). Although a commercial version is available, we used the freely available test version for all analyses. For each run, the software outputs a list of equations along an error/complexity Pareto-front (Smits and Kotanchek, 2005), with the most accurate equation for each level of complexity being shown (Figure 2). For the SR search we used only algebraic and analytic operators (+, –, ÷, ×, log, power) in all examples below, so that outputs could be most easily interpreted. The goodness-of-fit was evaluated using R2 or AICc, depending on the question (see below). The Pareto-front often presents an “elbow,” where near-minimum error meets near-minimum complexity. The equation in this inflection is closer to the origin of both axes and is a good starting point for further investigation—if both axes are in comparable qualitative scales. Often, however, this inflection point is not obvious, and a single formula is not clearly best. In such cases, weights can be given to each of them through indices that positively weight accuracy and negatively weight complexity, such as AICc (Akaike, 1974). However, in all cases it is important to check all formulas along the Pareto-front. Often equations or models that make immediate sense to the specific question may not be detected by these automated methods.


[image: Figure 2]
FIGURE 2. Example of a Pareto front depicting error vs. complexity. This example reflects a symbolic regression search of the best species–area relationship for native spiders in the Azores (Portugal). The second formula is clearly the most promising, with both high accuracy (low error) and low complexity. In many occasions a single formula is not clearly best, in which case weights can be given to each of them through indices that simultaneously positively weight accuracy and negatively weight complexity (such as AIC or BIC) and/or multiple formulas presented as possible outcomes.


Each of the five case studies was analyzed independently and using different approaches to test the performance of SR against other methods. We often opted to use fully independent datasets for three reasons. First, we were looking for general formulas, which should be tested against fully independent data. Second, it was a much more powerful and convincing way to demonstrate the method than using subsets of the same data, which necessarily have some common ground that facilitates the job of any method. Third, our datasets, as typical for many in ecology, often had very few observations, making it hard to do sub-setting in few cases.



CASE-STUDIES


Finding the Species-Area Relationship (SAR) With Extreme Levels of Noise

Typical ecological datasets not only have few data points, but these are prone to varying levels of noise. Noise can be due to natural phenomena, such as spillover from neighboring regions, unpredictable weather events, etc., lack of the most appropriate data to model the phenomena, or simply errors in measuring or sampling. Testing any novel method to its robustness to different sources and levels of noise is therefore imperative.

One of the most studied examples of SARs is their application to island biogeography (ISAR). The shape of ISARs has been modeled by many functions, but three of the simplest seem to be preferred in most cases, the power, exponential, and linear models (Triantis et al., 2012) (Data Sheet 1). The power model in particular includes island area (A) and two fitting parameters, c (the intercept) and z (the scaling of richness with area) (Data Sheet 1). Here we created 30 fictional islands each one corresponding to one of the 30 possible combinations resulting from five different areas (10, 100, 1000, 10,000, and 100,000 km2), two typical values for c (1 and 10), and three typical values for z (0.2, 0.3, and 0.4). We then simulated sampling from these 30 islands, each with a sampled richness equal to the multiplication of the true richness value by five different levels of noise as given by the standard deviation of a sampling from a normal distribution with mean = 1 and sd = 0, 0.1, 0.2, 0.4, and 0.8. The theoretical richness of each island was then multiplied by 10 simulations of each noise level using this approach, providing a total of 50 search trials (Data Sheet 2). We must emphasize that with sd = 0.8 the noise was extreme and unreasonable, with for example islands predicted to have 100 species presenting anything between 0 and 199 species after noise was added. We evaluated the ability of SR to develop the power law by counting at each noise level how many times the usual formulation and a derivation without the intercept c were found among the 10 searches per level.

Our simulations using SR were able to find the power-law of the SAR even with the most extreme scenarios (Data Sheet 2). From 100% success rate with sd = 0 or 0.1, to 70% with sd = 0.2, 50% with sd = 0.4, and 40% with sd = 0.8. If we include the simpler formulation with no intercept, success rate was 100, 100, 100, 90, and 80%, respectively for sd = 0, 0.1, 0.2, 0.4, and 0.8.



Modeling Species Richness

Modeling and mapping the species richness of high diversity taxa at regional to large scales is often impossible without extrapolation from sampled to non-sampled sites. Here, we used an endemic arthropod dataset collected in Terceira Island, Azores. Fifty-two sites were sampled using pitfall traps for epigean arthropods (Cardoso et al., 2009), 13 in each of four land-use types: natural forest, exotic forest, semi-natural pasture, and intensively managed pasture. In this problem, given the size of the dataset, we used a 5-fold cross validation. We explained and predicted species richness per site using elevation, slope, annual average temperature, annual precipitation, and an index of disturbance with values ranging from 0 (absence of human presence) to 100 (dense urban environment) (Cardoso et al., 2013). For SR we ran each fold five times to minimize the risk that the formulas found represented local optima. We then reported the average and range of R2 and AICc of the five partitions for both the training and test data.

As the response variable was count data, Generalized Linear Models (GLM) and Generalized Additive Models (GAM) with a Poisson error structure and a log link were used. We used the package MuMIn (Barton, 2015) and the R environment (R Core Team, 2015) for multi-model inference based on AICc (Hurvich and Tsai, 1989) values, using all variables plus all possible interactions for GLM. For fitting GAM, we used package gam (Hastie, 2015). The R2 goodness of fit was used as the fitness measure. For each run of the SR (25 in total) we picked the formula at the inflection point of the Pareto-front (Data Sheet 2). Both R2 and AICc were used to compare GLM and GAM with SR on the test datasets.

The model selected by GLM in all five k-folds was:

[image: image]

where H = altitude, P = precipitation, D = disturbance; a, b, c, and d are fitting parameters with mean a = 1.894 (range: 1.116–2.577), mean b = 0.00419 (range: 0.00360–0.00574), mean c = 0.000972 (range: 0.000726–0.001212), and mean d = 0.0251 (range: 0.0118–0.0331). The mean training R2 = 0.529 (range: 0.469–0.573) and mean training AICc = 104.151 (range: 103.055–105.634). The mean testing R2 = 0.528 (range: 0.313–0.770) and mean testing AICc = 45.340 (range: 41.913–48.513).

The results of GAM were similar to the GLM, the algorithm selecting the most parsimonious formulation equivalent to a GLM. The SR results performed considerably better than GLM or GAM with a much simpler formula using a single variable (Disturbance) and much better training and testing results, with 23 out of 25 formulas chosen being in the form:

[image: image]

where a and b were fitting parameters with mean a = 140.787 (range: 134.700–145.775) and mean b = 1.325 (range: 1.078–1.483). The mean training R2 = 0.603 (range: 0.576–0.644) and mean training AICc = 52.631 (range: 47.982–56.985). The mean testing R2 = 0.601 (range: 0.449–0.737) and mean testing AICc = 19.088 (range: 13.042–23.432). We should emphasize the simplicity of interpretation of this formula, indicating that species richness essentially was inversely related with disturbance.



Modeling Species Distributions

Species distribution modeling (SDM) is one of the most widely used correlative statistical approaches to biodiversity assessment, for example to fill gaps in our knowledge on individual species distributions, predict species response to climate change, and the spread of invasive species (Araújo et al., 2019). As a case study, we modeled the potential distribution of two endemic Azorean species in Terceira Island: the rare forest click-beetle Alestrus dolosus (Crotch) (Coleoptera, Elateridae) and the abundant but mostly forest-restricted spider Canariphantes acoreensis (Wunderlich) (Araneae, Linyphiidae). We compared the performance of logistic regressions (GLM with a binomial error structure) and maximum entropy models (Maxent; Phillips et al., 2006) in predicting the distribution of the two species, to that of SR. GLM and MaxEnt are two of the most widely used approaches for SDM (Elith et al., 2006). Given the intrinsic differences between methods, we had to use different background datasets (Data Sheet 3). Maxent used the environmental maps of the islands with a resolution of 100 m, from where it extracted pseudo-absences. We then converted the probabilistic potential distribution maps to presence/absence using the maximum value of training sensitivity plus specificity as the threshold as recommended by Liu et al. (2005). Logistic regression and SR used presence/absence data from the 52 sampled sites. We conducted multi-model inference of logistic regression based on AICc values. In the SR run we included a step function, so that positive and negative values were converted to presence and absence (binary output), respectively. Absolute error, reflecting the number of incorrect classifications, was used as the fitness measure. As inflection points of the Pareto fronts were clear, the best SR formula for each species was chosen based on them (Data Sheet 2). Given the scarcity of occurrences of species in the dataset (from 10 to 35% of the data points) we opted for a balanced split of 50% for training and test sets. In all cases only the training data (26 sites) were used to obtain the models. Logistic GLM, Maxent, and SR were compared in their performance for predicting presence and absence of species on the 26 test sites using the Sensitivity, Specificity, and True Skill Statistic (TSS) (Allouche et al., 2006).

The potential distribution models were relatively similar for C. acoreensis but show marked differences for A. dolosus (Figure 3). Symbolic regression outperformed both other models for A. dolosus and was as good as Maxent for C. acoreensis, with both outperforming logistic regression (Table 2). The SR models were not only the best, presenting maximum values for TSS, but were also the easiest to interpret. A. dolosus was predicted to have adequate environmental conditions in all areas above 614 m elevation, being restricted to pristine native forest. Canariphantes acoreensis could potentially be present in all areas with disturbance values below 41.3, occurring not only in native forest but also in adjacent semi-natural grassland and humid exotic forest. The logistic regression and Maxent models used a large number of explanatory variables for A. dolosus yet performed worse on the test data than did SR (Table 2).


[image: Figure 3]
FIGURE 3. Predicted distribution of two Azorean arthropods using three modeling methods. Observed locations (white dots) and predicted distribution (dark green areas) of Alestrus dolosus (Coleoptera, Elateridae) and Canariphantes acoreensis (Araneae, Linyphiidae) in the island of Terceira (Azores, Portugal) using logistic regression, maximum entropy, and symbolic regression.



Table 2. Species distribution models for two endemic arthropod species on the island of Terceira (Azores, Portugal).
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Developing Species Richness Estimators

Several asymptotic functions have been used to estimate species richness (Soberón and Llorente, 1993), including the Clench function (Clench, 1979), the negative exponential function, and the rational function (Ratkowsky, 1990) (Data Sheet 1). We used SR to rediscover or eventually find novel asymptotic models that would outperform them. Two independent datasets were used resulting from exhaustive and standardized sampling for spiders in 1 ha plots, performed by 8 collectors during 320 h of sampling in a single hectare using five different methods (so-called sampling protocol “COBRA” —Conservation Oriented Biodiversity Rapid Assessment; Cardoso, 2009). The training dataset was from a mixed forest in Gerês (northern Portugal) and the test dataset was from a Quercus forest in Arrábida (southern Portugal) (Cardoso et al., 2008a,b).

Randomized accumulation curves for both sites were produced using the R package BAT (Cardoso et al., 2015). The true diversity of each site was calculated as the average between different non-parametric estimators (Chao 1 and 2, Jackknife 1 and 2). Because the sampled diversity in the training dataset reached a very high completeness but we wanted to simulate typically very incomplete sampling, datasets with 10, 20, 40, 80, and 160 randomly chosen samples were extracted and used, in addition to the complete 320 samples dataset, as independent runs in SR. Squared error was used as the fitness measure. Additionally, we imposed a strong penalty to non-asymptotic functions, although these were still allowed in the search process (see Data Sheet 2 for details). The weighted and non-weighted scaled mean squared errors implemented in BAT (Cardoso et al., 2015) were used as accuracy measures.

For the training dataset, one asymptotic model was found by SR (Data Sheet 2):

[image: image]

where a and b were fitting parameters. This model was in fact the Clench model with a different formulation (Data Sheet 1), where the asymptote was a. A second, slightly more complex but better fitting, model was found for partial datasets with 40 or more samples:

[image: image]

where c is a third fitting parameter. The asymptote was again given by the value of a (Figure 4). This model was similar to the rational function (Data Sheet 1). It was found to outperform the Clench and negative exponential for both the training and testing datasets (Table 3).


[image: Figure 4]
FIGURE 4. Accumulation curve for spider sampling in Gerês (Portugal). The result of searching for the best fitting asymptotic formula using symbolic regression is also shown.



Table 3. Comparison of three asymptotic equations used to estimate spider species richness in two forest sites.
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Developing the General Dynamic Model of Oceanic Island Biogeography (GDM)

The general dynamic model of oceanic island biogeography (GDM) was proposed to predict the responses of the key processes of immigration, speciation and extinction in volcanic islands, recognizing the role of geological processes in driving diversity on oceanic islands (Whittaker et al., 2008). Traditionally, the GDM is tested using a model where island species diversity is regressed as a function of area and age. Several different equations have been found to describe the GDM, extending the different SAR models with the addition of a polynomial term using island age and its square (TT2), depicting the island's ontogeny. The first to be proposed was an extension of the exponential model (Whittaker et al., 2008), the power model extensions following shortly after (Fattorini, 2009; Steinbauer et al., 2013).

Our objective was to test if we could re-discover or eventually refine existing models for the ISAR and GDM from data alone. We used the Azores and Canary Islands spiders (Cardoso et al., 2010) as training data. To independently test the generality of models arising from spider data, we used bryophyte data from the same archipelagos (Aranda et al., 2014). The area and maximum time since emergence of each island were used as explanatory variables and the native species richness per island as the response variables (Data Sheet 4). The R2 value was used as the fitness measure. The best SAR and GDM equations found by SR were chosen based on the inspection of the Pareto front (Data Sheet 2) but looking also for interpretability of the models. These were then compared with the existing models using AICc and the R package BAT (Cardoso et al., 2015).

For the Azorean spiders, the best fitting previous model (both highest R2 and lowest AICc) for the ISAR was the exponential model (Table 4). The SR run discovered roughly the same model, indicating, however, that the intercept (c term) was adding unnecessary complexity. A similar ranking of models was verified for bryophytes in the same region, revealing the robustness of the new model.


Table 4. Species area relationship (SAR) models for Azorean taxa and General Dynamic Models (GDM) of oceanic island biogeography for Canarian taxa.
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For the Canary Islands, the best model for spiders was a linear function of area:
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(R2 = 0.364, AICc = 65.631). Although it was easy to interpret, the explained variance was relatively low. The SR run reached a much higher explanatory power:
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(R2 = 0.806, AICc = 57.320). In this case though, the equation was over-fitting to the few available data (7 data points), as this function was erratic creating a biologically indefensible model. The reason the ISAR was hard to model for the Canary Islands spiders was because we were missing the major component Time (Cardoso et al., 2010). This was depicted by the GDM, of which the best of the current equations was found to be the power model described by Fattorini (2009) (Table 4). Nevertheless, using SR we were able to find an improved, yet undescribed, model (Table 4). This represented a general model expanding the linear SAR:

[image: image]

When tested with Canarian bryophytes, this new formulation wss almost as good as the power model (Table 4).




DISCUSSION

Symbolic regression has the advantage over most standard regression methods (e.g., GLM) of being more flexible, allowing a good fitting to data with better interpretability, since results are in the form of mathematical formulas. GLMs and other similar techniques assume linear relations between variables or require a priori knowledge on the form of the relation (e.g., quadratic, cubic, interactions between variables, etc.).

SR also has one or more advantages over other, commonly used, highly flexible regression (e.g., GAMs) or machine learning techniques (e.g., neural-networks): (1) numerical, ordinal, and categorical variables are easily combined; (2) redundant variables are usually eliminated in the search process and only the most important are retained if anti-bloat measures (intended to reduce the complexity of equations) are used. Incidentally, this also releases the user from the problem of dealing with collinearity (Dormann et al., 2013); (3) the evolved equations are human-readable and interpretable; and (4) solutions are easily applied to new data.

Using SR, we were able to “distill” free-form equations and models that not only consistently outperform but are more intelligible than the ones resulting from rigid methods, such as GLM, or “black-boxes,” such as Maxent. This was the case for both species richness and distribution models.

We were also able to re-discover and refine equations for estimating species richness based on sampling curves and the ISAR and GDM from data alone. All the examples presented in this work suggest that evolving free-form equations purely from data, often without prior human inference or hypotheses, may represent an under-explored but very powerful tool for ecologists and biogeographers, allowing the finding of hidden relationships in data and suggesting new ideas to formulate general theoretical principles.

The idea that SR is a powerful tool for reverse-engineering ecological theory from data is not new. Many examples reviewed in the introduction suggest that different authors across disparate disciplines understand this date back to the early 2000s. Recently, the potential of SR in ecology was discussed in two essays that showed how SR can be used to develop classic demographic time series from data (Martin et al., 2018; Chen et al., 2019). Yet, our study is the first to bring together all these disparate applications, demonstrating the versatility of this tool by applying it to a range of diverse ecological and evolutionary problems, both theoretical and practical. These results suggest that the true potential for the use of SR in ecology and evolution is yet to be fulfilled.


From Particular to General Principles

Scientific fields such as physics rarely rely on general statistical inference methods such as linear regression for hypothesis testing. The complexity of ecology made such methods an imperative in most cases. Symbolic regression not only allows the discovery of relationships specific to particular datasets, but also the finding of general models, globally applicable to multiple systems of particular nature, as we tried to exemplify. SR has the significant advantage of generating a variety of expressions from the given function set. For example, other methods may be configured to fit a polynomial to the data, but the user has to specify the degree. In SR, the power function in addition to the four basic arithmetic operations, allows the generation of unlimited degree polynomials, therefore providing a wider exploration of the solution space.

As mentioned, SR is designed to optimize both the form of the equations and the fitting parameters simultaneously. The fitting parameters usually are specific to each dataset, but the form may give clues toward general principles. For example, all archipelagos will follow an ISAR, even if each archipelago will have its own c and z values. Although this aspect has not been explored in this study, we suggest two ways of finding general principles. First, as was hinted by our estimators' example, one may independently analyse multiple datasets from the same type of systems. From each dataset, one or multiple equations may arise. Many of these will be similar in form even if the fitting parameters are different. Terms repeated in several equations along the Pareto front or with different datasets tend to be meaningful (Schmidt and Lipson, 2009). We may then try to fit the most promising forms to all datasets optimizing the fitting parameters to each dataset and look for which forms seem to have general value over all data. Second, one may simultaneously analyse multiple datasets from the same type of systems but with a change to the general SR implementation. Instead of optimizing both form and fitting parameters, the algorithm may focus on finding the best form, with fitting parameters being optimized during the evaluation step of the evolution for each dataset independently. This parameter optimization could be done with standard methods such as quasi-newton or simplex (Nocedal and Wright, 1999). To our knowledge, this approach has yet to be implemented, but it would allow finding general models and possibly principles, independently of the idiosyncrasies of each dataset.



The Need for Human Inference

Many data mining techniques are regarded, and rightly so, as “black boxes.” SR is transparent in this regard, as variables are related through human-interpretable formulas. This is particularly important if the goal is to find equations with both predictive and explanatory power, building the bridge between finding the pattern and explaining the driving process, or if a general principle is to be suggested.

Our results show that an automated discovery system can identify meaningful relationships in ecological data. Yet, as shown by our Canary Island spider SAR model, some equations might be very accurate but overfit the data. As with any relationship finding, either automated or human, correlation does not imply causation, and spurious relationships are not only possible but probable given complex enough data.

Although the method here presented is automated, it is part of a collaborative human–machine effort. The possibility of exploiting artificial intelligence working together with human expertise can be traced back to Engelbart (1962), where the term “augmented intelligence” was coined to designate such collaboration. It has been subsequently developed and extended to teamwork involving one or more artificial intelligence agents together with one or (many) more humans, in diverse domains such as robotic teams (Yanco et al., 2004) or collective intelligence for evolutionary multi-objective optimization (Cinalli et al., 2015). In ecological problems, human knowledge may play a fundamental role: (1) in the beginning of the process, when selecting input variables, building blocks and SR parameters; and (2) in the interpretation and validation of equations. The choice of equations along a machine-generated Pareto front should also take advantage of human expert knowledge to identify the most interesting models to explain the data. The researcher might then decide to disregard, accept, or check equation validity using other methods.



A priori Knowledge

To some extent, it is possible to select a priori the type of models the algorithm will search for by selecting the functions to include in the function set. The choice of the function set is very important. A function set lacking a relevant function for the model may delay evolution or prevent it from finding a proper solution altogether. A way to take advantage of human expert knowledge is to seed the initial population of expressions with some we know are related with the problem. For example, when searching for the GDM we could have given the algorithm multiple forms of the ISAR to seed the search process. This is a directive approach and must be done in a parsimonious way, to avoid directing evolution too strongly, possibly trapping it in a local minimum. Such an approach should be complemented with random expressions in the initial population to create the necessary pool material for evolution to well explore the solution space. Therefore, a priori knowledge in SR has a stronger influence than in other inference methods, such as Bayesian, where a less adequate prior may be overcome by enough data.



Fine-Tuning the Process

The number of options in SR is immense. Population size is positively correlated with variability of models and how well the search space is explored, but might considerably slow the search. Mutation rates are also positively correlated with variability, but rates that are too high might prevent the algorithm converging on the best models. The fitness measure depends on the specific problem and on the type of noise in the data.

The number of generations to let the search run is entirely dependent on the problem complexity and time available. Often the algorithm reaches some equation that makes immediate sense to the researcher and the process can be immediately stopped for further analysis of results. Sometimes several competing equations seem to make sense but are not entirely convincing, in which case some indicators can be used as a stop rule, such as high values of stability and maturity of the evolution process (Schmidt, 2015).

The speed with which evolution occurs is extremely variable, depending on factors including the complexity of the relationships, having the appropriate variables and building blocks and the level of noise in the data. Fortunately, the process is easily adaptable to parallel computing, as many candidate functions can be evaluated simultaneously, allowing the use of multiple cores and even computer clusters to speed the search of equations.



Caveats

The SR approach is fully data-driven. This means it requires high-quality data if meaningful relationships are to be found. Also, it makes no a priori assumptions, so the final result might make no (obvious) sense, leading to spurious inferences, particularly if data are scarce or poor-quality, or if the right building blocks are not provided. Additionally, SR suffers from the same limitations of evolutionary algorithms in general. In many cases the algorithm may get stuck in local minima of the search space, requiring time (or even a restart with different parameters) to find the global minimum. Finally, SR suffers from the problem of bloat, which consists on an excessive growth of the expressions. There are mitigating approaches, like introducing a penalty for long expressions in the fitness function, or doing a posteriori symbolic analysis and simplification. However, bloat is still a problem under research.

Nevertheless, the fact that SR produces human legible expressions turns out to be useful even in the case of very large expressions. The expert eye can usually distinguish relevant fragments from a variety of unmeaningful segments of long expressions. And those relevant fragments often spur new thoughts and experiments.



The Automation of Science?

The methods here presented can be powerful additions to theoretical and experimental ecology, even if new conceptual hypotheses have to be created to accommodate the new equations. Such models could even be the only available means of investigating complex ecological systems when experiments are not feasible or datasets get too big/complex to model, using traditional statistical techniques (e.g., Tromas et al., 2017).

This family of techniques has led several authors to suggest the “automation of science” (King et al., 2009), where computers are able to advance hypotheses, test them, and reach conclusions in largely unassisted processes. This falls into the realm of exploiting knowledge (or symbolic) driven AI together with data driven AI, or also automated machine learning an approach that recently began to gain momentum (e.g., Zhuang et al., 2017). SR potential is high in this automated science avenue since it bridges well from data to symbolic representations. What is clear already is its capability of producing formulas that help researchers to focus on initially imperceptible but interesting relationships within datasets and therefore SR may guide the process of hypothesis creation.
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Debate rages as to whether habitat fragmentation leads to the decline of biodiversity once habitat loss is accounted for. Previous studies have defined fragmentation variously, but research needs to address “fragmentation per se,” which excludes confounding effects of habitat loss. Our study controls for habitat area and employs a mechanistic multi-species simulation to explore processes that may lead some species groups to be more or less sensitive to fragmentation per se. Our multi-land-cover, landscape-scale, individual-based model incorporates the movement of generic species, each with different land cover preferences. We investigate how fragmentation per se changes diversity patterns; within (alpha), between (beta) and across (gamma) patches of a focal-land-cover, and if this differs among species groups according to their specialism and dependency on this focal-land-cover. We defined specialism as the increased competitive ability of specialists in suitable habitat and decreased ability in less suitable land covers compared to generalist species. We found fragmentation per se caused an increase in gamma diversity in the focal-land-cover if we considered all species regardless of focal-land-cover preference. However, critically for conservation, the gamma diversity of species for whom the focal land cover is suitable habitat declined under fragmentation per se. An exception to this finding occurred when these species were specialists, who were unaffected by fragmentation per se. In general, focal-land-cover species were under pressure from the influx of other species, with fragmentation per se leading to a loss of alpha diversity not compensated for by increases in beta diversity and, therefore, gamma diversity fell. The specialist species, which were more competitive, were less affected by the influx of species and therefore alpha diversity decreased less with fragmentation per se and beta diversity compensated for this loss, meaning gamma diversity did not decrease. Our findings help to inform the fragmentation per se debate, showing that effects on biodiversity can be negative or positive, depending on species’ competitive abilities and dependency on the fragmented land cover. Such differences in the effect of fragmentation per se would have important consequences for conservation. Focusing conservation efforts on reducing or preventing fragmentation in areas with species vulnerable to fragmentation.
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INTRODUCTION

Humans have modified over 75% of the global land area, and the resulting habitat loss and degradation are recognized as the principal drivers of biodiversity declines (IPBES, 2018). A major consequence of landscape modification is that, aside from declines in habitat area, previously large blocks of natural habitats have become fragmented into smaller patches within a matrix of human-modified land-use such as farms and cities (Haddad et al., 2015). It is clear that habitat loss reduces species diversity, simply by shrinking the areas in which species using that habitat can live (MacArthur and Wilson, 1967; Hodgson et al., 2011; Keil et al., 2015). However, the effect of fragmenting habitats is less clear. “Fragmentation per se” (FPS) refers to the effects of fragmentation after taking account of, or in the absence of, habitat loss (Fahrig, 2003). Put another way, if there is no habitat loss, FPS comprises the altered spatial configuration of habitat, such that remaining patches are smaller but more numerous. The conservation literature has been focused on fragmentation in general being detrimental to biodiversity (Lawton et al., 2010; Eigenbrod et al., 2017). However, debate continues as to whether the effect of FPS on biodiversity is always negative (Fletcher et al., 2018a), or whether it is insignificant or positive (Fahrig, 2017; Fahrig et al., 2019). In reality, FPS and loss of habitat are intrinsically linked (Fletcher et al., 2018a). Nonetheless, separating the effects of FPS from those of area loss and assessing under what circumstances FPS leads to higher or lower species diversity are important for conservation decisions, such as restoration of habitat networks (Isaac et al., 2018) and the choices made by land managers about where to focus conservation efforts. Decisions include whether to conserve multiple small or fewer large habitat patches (Tulloch et al., 2016) or to allow activities that may limit loss of habitat, but increase fragmentation (Miller-Rushing et al., 2019). While there has been speculation about the mechanisms by which FPS may have positive or negative effects on biodiversity, these mechanisms require theoretical development and testing.

For example, understanding how positive vs. negative effects of FPS on diversity is driven by species’ characteristics such as ecological specializations and habitat associations will aid decisions about how to manage specific landscapes. It is often assumed that specialist species and those that are positively associated with the habitat that is becoming fragmented should be negatively affected by FPS (Kosydar et al., 2014; Halstead et al., 2019). If studies report a positive effect of FPS on biodiversity, one explanation given is that species richness and abundance of generalists increases with habitat fragmentation, leading to this rise in diversity (Hu et al., 2012). But in 97% of the studies considered in a review by Fahrig (2017), FPS had a positive effect on the landscape-level (gamma) diversity of apparently specialist, rare, or threatened species. This could be because FPS allows for separation of otherwise competing species among habitat patches within the landscape (Ramiadantsoa et al., 2018). However, this mechanism requires more clarity as to the distinction between specialists and generalists. Specialists and generalists are often defined by an association with a particular habitat or with many, respectively, but this association is open to interpretation (Da Silveira et al., 2016). Being a generalist does not mean the species has no habitat preferences (Townsend et al., 2008; Da Silveira et al., 2016). Chetcuti et al. (2019) analyzed the habitat associations of hundreds of beetle species, showing most species had a positive association with several habitats, and only a few species showed a strong restriction to only a narrow range of habitats. It is also often assumed that specialists are more competitive when in a preferred or more suitable habitat compared to generalists, but the generalists are more competitive on average across multiple habitats (Marvier et al., 2004). Here we assess responses to FPS using clear definitions: specialists are more competitive in their suitable habitats than are generalists, but less competitive than the generalists elsewhere, even where the species may share the same habitat preferences within a landscape.

A further issue concerning mechanisms is relating patch-scale effects to landscape-scale impacts of fragmentation. Long-term manipulation experiments usually show that patch attributes typically associated with fragmentation (e.g., reduced patch size) reduce biodiversity at the scale of an individual patch, i.e., alpha-diversity (Haddad et al., 2015; Fletcher et al., 2018a; Damschen et al., 2019). However, it has been suggested that mechanisms identified in patch-scale studies may not extrapolate to negative effects on biodiversity at the landscape scale (Fahrig, 2017). Indeed, at the landscape scale, containing multiple patches of a habitat, Fahrig (2017) reported that different studies find either a neutral or a positive response of biodiversity (gamma-diversity) to FPS (Fahrig, 2017). By contrast, the species-fragmented area relationship suggests that negative effects of FPS should reduce gamma-diversity compared to that predicted by the species-area relationship alone (Hanski et al., 2013). However, patch-scale studies and the modeling that describes the species-fragmented area relationship do not take into consideration mechanisms that can lead to positive effects of fragmentation, such as increased beta-diversity caused by competitive release and higher habitat diversity (Fahrig et al., 2019; Rybicki et al., 2019). These mechanisms may increase beta-diversity and thus lead to overall increases in gamma-diversity with FPS.

It can be difficult to separate the effects of habitat area loss from those of FPS, as highly fragmented habitats are often in smaller patches (Fahrig, 2003). In general, conducting manipulative landscape-scale studies is difficult and it is often impossible to control for habitat area, which results in a confounding of FPS with habitat loss (Fahrig, 2003; Betts et al., 2019). The effects of area can be isolated statistically (De Camargo et al., 2018; Watling et al., 2020), but in these cases, the change in area can swamp any FPS signal (Fahrig, 2003). Theoretical modeling is a useful way to address contested issues where field data are difficult to collect and are subject to confounding variables. To this end, simulation models have been used to study FPS, which represent individual organisms moving across simulated landscapes (Gunton et al., 2017; Rybicki et al., 2019; Thompson et al., 2019). However, these studies are conducted on binary landscapes with the space between the focal-habitat patches (the habitat type of interest), the matrix, being a single, usually highly unsuitable, habitat type. Obviously, binary landscapes are rarely found in nature, and so using binary habitats likely reduces the relevance and applicability of these simulation studies (Fardila et al., 2017). With only a single matrix habitat, one possible mechanism of FPS benefits is lost, that of increased habitat diversity. FPS can increase the diversity of other habitats adjacent to focal-habitat patches, and that in turn can increase the beta diversity of inhabitants of the focal-habitat (Fahrig et al., 2019; Rybicki et al., 2019). By having multiple matrix habitats, edge effects, which are typically considered a negative mechanism of FPS due to modification of edge due to changes in microclimate and increased predation from species outside of the habitat, can have a positive effect (Betts et al., 2019; Fahrig et al., 2019). In this study, we model FPS in terms of a single focal-habitat type, as is standard, but represent the matrix as a mix of different habitat types with randomized fragmentation and area (Bender and Fahrig, 2005). The multiple matrix habitats allow landscape-level effects to arise from species differences in their habitat preferences, thus better reflecting species’ differences in nature (Bollmann et al., 2005; Betts et al., 2014; Brodie and Newmark, 2019; Chetcuti et al., 2019).

We use an individual based model (IBM) to provide a mechanistic assessment of FPS effects on alpha-, beta- and gamma-diversity, by simulating FPS at the landscape scale. We did this with multiple matrix habitats, and for species with differing specializations for, and dependencies on, the different habitats in the landscape. Dependencies are different from specialization as they relate to the habitats the species would do best in and species preference. Specialization on the other hand is if a species is a specialist or generalist. Even if two species had the same preference for habitats, the specialist would be more competitive than the generalist in the preferred habitat, but less so in less preferred habitats. Having created a complex simulation with multiple species and habitats, we keep the individual species simple, to allow clear conclusions to be drawn. We opt to focus the simulation on the interaction of these different species types with the landscape to assess if these would lead to differing effects of FPS on alpha-, beta- and gamma-diversity. We expect a loss in patch-scale alpha-diversity with FPS, at least for species favoring the focal-habitat, both because the area of patches is lower, and because this smaller area should reduce population viability. Conversely, we predict that FPS will cause beta-diversity to increase because FPS allows the persistence of more species among different focal-habitat patches. Furthermore, FPS will increase the edge-to-area ratio and so the degree to which the focal-habitat interfaces with matrix habitats. This will lead to higher beta-diversity of species for whom the focal-habitat has high suitability due to these species having access to a greater variety of secondary habitat, reflecting the different species-specific habitat preferences. This increased edge will also lead to an influx of species for whom the focal-habitat is less suitable. These tourist species, also called vagrants (Magurran, 2004; Rickert et al., 2012), could potentially counter some of the overall loss in alpha-diversity, but lead to higher competition for species dependent on focal-habitat. Gamma-diversity is a product of alpha- and beta-diversity. So, depending on the rate of decline of alpha-diversity compared to the rate of increase in beta-diversity with FPS, gamma-diversity can increase, decrease or stay the same.

Therefore, we hypothesize that, (1) Increasing fragmentation (FPS) of a habitat causes steeper declines in alpha-diversity of species associated with that habitat due to increased competition from an influx of “tourist” species from the matrix, and therefore the gamma-diversity will decrease with FPS. Focal-habitat dependent specialist species, which are more competitive in the focal-habitat they find most suitable, will be better able to hold out against the influx of tourist species. Generalists will be able to utilize more of the landscape and will coexist with the specialists, but will decline with fragmentation. Therefore, we hypothesize that, (2) Declines in alpha-diversity with fragmentation of a habitat (FPS) will be less steep where the species using that habitat divide into specialists and generalists, due to decreased competition, and so gamma-diversity will be either unaffected or increase with FPS. Additionally, we assess whether results are consistent at high (40%) vs. low (10%) levels of focal-habitat cover, testing the fragmentation threshold hypothesis that FPS should only have a negative effect when habitat amount is low (Fahrig, 2017; De Camargo et al., 2018). We include some of the possible factors influencing the impact of FPS, i.e., reduced competition and higher local habitat diversity surrounding fragmented patches. We also partially include edge effects, through the inherent increase in edge with fragmentation, although we do not include edge effects on the micro-climate.



MATERIALS AND METHODS

We created a multi-species and landscapes IBM simulation to assess the emergent properties arising from multiple individuals and species moving around a landscape containing a high number of patches and habitats (Figure 1). Our IBM was built using NetLogo (v6.0.4) (Wilensky, 1999). The model is a discrete-time, discrete-space model with the landscape being a grid of habitat cells. The simulation parameters were set up, run and the outputs analyzed using R version 3.5 (R Core Team, 2018). We describe the model in the Supplementary Information following the Overview, Design concepts, Details (ODD), protocol for describing individual-based models (Grimm et al., 2006, 2010), but summarize it here.
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FIGURE 1. A figurative description of the individual-based model, showing how we represented FPS by increasing the number of patches of the focal-habitat (in black) while keeping its total area the same. We give an example of the ranked suitability for habitats on the right for one species and an example of a random walk in the middle. The simulation used a baseline model, in which the individuals did not have differing mortality or movement bias for different habitats. We simulated two other scenarios in which the individuals interact with the habitats according to their assigned suitability. In the first scenario, the habitat modified mortality and individuals showed biased movement. The second scenario was the same, with the addition that half of the species were specialists and half generalists. We defined specialists and generalists as the former being more competitive in preferred habitats and less competitive in non-preferred habitats compared to generalists.



Generating Habitats and Landscapes

We generated landscapes containing patches of a focal-habitat and other matrix habitats to allow for exploration of FPS without confounding variables such as focal-habitat area loss that is often present in empirical data. We did this by writing an R script (Supplementary Material 2). The simulated landscapes were 1000 × 1000 (=10^6) cells in size and contained habitat patches that were a range of shapes (Figure 1). We generated eleven habitat types: the focal-habitat, and ten others comprising the matrix. In keeping with the known complexity of species habitat associations, we allowed species to have a diversity of associations with and use of habitats within the landscape (Betts et al., 2014; Chetcuti et al., 2019). We generated a new landscape for every model run.

We generated fragmented landscapes by increasing the number of focal-habitat patches – being contiguous cells of the focal-habitat – while keeping the overall, landscape-level area of focal-habitat constant. We increased the number of focal-habitat patches following a geometric series, starting with four patches (allowing calculation of beta-diversity), up to a maximum number of patches. Patches were spatially separated by at least two cells. The maximum number of patches was defined as when the patches were a minimum size of four cells. We considered fragmentation in landscapes where the focal-habitat covered 10% or 40% of the landscape. When the focal-habitat covered 10% the maximum number of patches was 6250. For 40% cover, we used a maximum number of patches of 8192, less than the theoretical maximum, but ensuring computational feasibility. For the focal-habitat, we imposed the number of patches and percentage habitat cover. The patches were located in the landscape by generating random coordinates (seeds) for starting locations using the R package “mobsim” (May et al., 2018). Our program then grew patches around the seeds by selecting adjacent cells at random. Patches grew until the area of the focal-habitat (“habitat one”) reached the required amount (10% or 40% of the total cells in the habitat). The size of each patch was determined by using a uniform distribution allowing for a range of patch sizes. The program repeated the procedure for habitats two to eleven (in a random order) one at a time to fill remaining space. Each matrix habitat had between one and 200 patches and each covered a uniform random proportion of the matrix. This process was sequential; once patches of a habitat could grow no more, then that habitat was considered complete and the next randomly chosen habitat was grown. The last habitat was distributed differently, so that it filled all the remaining matrix.



Multi-Species Landscape Model Description

Our simulation had much in common with other IBMs, such as random-walking species, density-dependence at a cell scale, random distance of movement up to a maximum distance and random starting locations (Fahrig, 2001). To test our hypotheses, the simulation modeled different species types; which were not based on real species but designed to vary realistically in key characteristics while having the same dispersal ability. In the baseline model (which could be considered a type of neutral model) these species were identical, and were defined only by unique identifiers. In the two more complex models, we varied species in terms of their habitat-biased movement and habitat-modified mortality. To do this, we assigned each species a different set of associations with the eleven habitats. We did this by randomly ranking each of the eleven habitats from one (most suitable) to eleven (least suitable), and doing this anew for each species. Preference, dependence, association or ranked suitability, as used in this paper, are simply the rank value a habitat had for a species.

Individuals of each species (see “Modeled scenarios” concerning assignment of individuals to species) moved with a random walk in the baseline scenario and a habitat-biased random walk in the other scenarios (see “Modeled scenarios”). At each time-step the simulation iterated through individuals in random order so that the simulation did not always assess the same individuals first within each time-step. This random order was important when the population was over the carrying capacity and when assessing density-dependent mortality. To simulate density-dependent mortality, if a cell had more than two individuals after the movement phase in each time step, all but two individuals, chosen at random, died. Where movement and mortality were habitat-biased we used a logistic function defined by a midpoint and slope to determine a multiplier between zero and one for each habitat (Figure 2). The multiplier for habitat-modified mortality increased the probability of dying in a time-step for individuals in less suitable habitats. The habitat-biased movement multiplier modified the probability of moving into a cell of a habitat, giving bias toward preferred habitat, but still allowing individuals to move into other habitats. Each individual did this by counting the cells of each habitat in the circle around it defined by the maximum movement distance (Figure 1) and multiplying these by the bias multiplier. Each habitat was then assigned a proportion of values between zero and one and a random number generated between zero and one selected a habitat (Figure 3). The probability of individuals moving to any point in the circle was equal in the baseline model. In the other scenarios with habitat-biased movement, individuals were more likely to choose to move into the habitat more preferred (those with a higher ranking) by their species within the circle around it.
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FIGURE 2. Values used for the logistic slope within each scenario for habitat-biased movement and mortality. The graph shows the effect the slopes have on the multiplying values used to bias the movement toward more suitable habitat and to increase mortality in less suitable habitat. There is mortality due density-dependence and from being over the carrying capacity of the whole simulation. The habitat-modified mortality is additional mortality above the normal levels. To link levels of additional mortality to that of the reproductive rate, the habitat mortality is multiplied by the reproduction rate 5 × 10– 4 to give the additional amount of mortality. We used the same scenarios and values for 10 and 40% cover simulations. The specialist species were more competitive in more suitable habitats than the species in the habitat-dependency model and those more so than the generalists. Competitiveness was reversed in less suitable habitat.
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FIGURE 3. A representation of how each individual chose where to move to in a time-step. It did this by multiplying the proportion of each habitat in a circle around it up to the maximum movement distance, by the bias multiplier. The values were normalized and stacked and then a random number between zero and one was drawn which selected the habitat. The individual then moved to a random cell of that habitat within the maximum movement distance.


We chose a maximum movement distance of individuals of five cells per time-step and 5 × 10–4 chance of reproducing during a time-step. These arbitrary values are realistic for different species. For example, based on allometric equations (Sibly et al., 2013) this could relate to: invertebrates if a cell was a meter and the time-step a minute, resulting in ∼5 m per minute and ∼260 offspring a year (525,600 min in a year × 5 × 10–4 = 260);, or birds or mammals if a cell was a kilometer and the time-step an hour, resulting in ∼5 km per hour and four offspring a year. To stop our simulation from running longer than the 24-h time-limit of the JASMIN HPC cluster LOTUS (Lawrence et al., 2013) we used, we chose a carrying capacity of 4000 individuals in the landscape. We implemented the carrying capacity by increasing the chance of dying for all individuals when numbers were higher than the carrying capacity. We added a bounding area around the edge of the landscape of 10 cells wide with each cell in the area being randomly assigned a different habitat, to prevent species with biased movement from being influenced by the edge of the simulation. This created an invisible edge with individuals remaining or leaving the landscape. Individuals that left the landscape died.



Modeled Scenarios

We generated 400 species per simulation run, starting with ten individuals of each species. In the baseline scenario, all had identical mortalities, fecundities and movement abilities, and no habitat preferences. In the other two models, species’ were given ranked habitat suitabilities as described above, and these were generated anew for each simulation run using the R packages “gtools” (Warnes et al., 2018) to permute the order of the vector 1:11 to give a rank for each habitat and “prodlim” (Gerds, 2018) to avoid repeating a particular ranking for >1 species within a simulation run. For the habitat-dependency model, each species had movement and mortality modified by their habitat suitability (Figure 2). In the specialization scenario, we compared the effect of FPS on specialists and generalists. In this case, we created 200 of each type of species, using the values in Figure 2 for the logistic slope for habitat bias and mortality. Specialist species had a slope value of one, and a higher bias toward more suitable habitats but higher mortality in less suitable habitats than the generalists, which were species with a slope of 0.5.

We carried out preliminary simulation runs using four patches of the focal-habitat. We used these runs to calibrate the model, choosing values for habitat movement bias and modified mortality that allowed the simulation to run for 200,000 model time-steps and from these runs we realized the need to include a carrying capacity to limit the population. This number of time-steps allowed the number of species to reduce to close to the equilibrium number of species (i.e., if the model ran until no more species were lost), and allowed time-efficiency in running multiple models. Each scenario and FPS level combination was repeated 50 times. Seventy-one runs failed due to java issues on the clusters, resulting in the minimum number of replicates being 45.



Alpha-, Beta- and Gamma-Diversity

We calculated diversity scores for the focal-habitat only, habitat one, reflecting our focus on impacts of fragmentation of a single habitat type. At the end of the simulation, we counted species within each patch of the focal-habitat. We then calculated the focal-habitat gamma-diversity, mean alpha-diversity per patch and mean pairwise (between pairs of patches) beta-sim-diversity (Barwell et al., 2015) using the R package “vegan” (Oksanen et al., 2019). We used beta-sim-diversity as it is considered the best metric for presence-absence data and is unaffected by sample size, which could be an issue here as our patches got smaller with FPS and therefore included fewer individuals (Koleff et al., 2003; Barwell et al., 2015). For the habitat-dependency and specialization models, we classified species into three groups: high suitability, those for whom the focal-habitat was highly suitable (rank one to three); low suitability (rank nine to eleven); and moderate suitability (all other species). The moderate suitability was therefore a bigger group and could contain more species.



Analysis of Results

We analyzed the effect of FPS on species diversity using generalized linear models for gamma-diversity (with a Poisson distribution) and alpha-diversity (with a gamma distribution), and beta regression for beta-diversity (“betareg”) (values between zero and one) (Cribari-Neto and Zeileis, 2010). FPS was represented by the number of patches (on a log scale in the case of the beta-diversity, see Supplementary Information). Differences between pairs of scenarios were tested by including both scenarios and creating interaction terms. Due to the simulation nature of our study, using p-values is not advisable as significance can be forced simply running more replicates (White et al., 2014). We instead focus on effect size and 95% confidence intervals. The effect size is usually calculated over an increase of a unit of the independent variable. In our study this would be a single patch but this slight increase is not very informative. It is more appropriate to consider the effect size over the range of FPS simulated. We calculated the effects over the range of FPS using the R package “effects” (Fox, 2003; Fox and Weisberg, 2019).




RESULTS

Considering all species found across the focal-habitat patches, gamma-diversity increased with higher FPS in all models. In the baseline (neutral) model, where habitat did not influence movement or mortality, we observed that individuals became scattered randomly across the landscape. As a result, individual species became more concentrated by chance in different locations through random movement combined with reproduction, and conversely, became vacant from other parts; this resulted in increasing beta-diversity with higher FPS (Supplementary Figure 1). Because the species were equivalent in the baseline model, individual species only went extinct through stochasticity. The gamma-diversity, therefore, remained high after the 200,000-time-steps of the simulation. Although there was a positive effect of FPS on gamma-diversity in the baseline model, the 95% confidence interval of the slope included negative values and the effect size was low (Figure 4). By contrast, the FPS showed an increasing positive effect on gamma-diversity in the habitat dependency and specialization models; increasing gamma-diversity by 2.7 and 4.5 species, respectively, over the full range of fragmentation. In these habitat dependency and specialization models, the mean pairwise beta-diversity between patches increased faster than mean patch alpha-diversity declined with increasing FPS. When the focal-habitat had low FPS, beta-diversity was low, as the few large patches contained similar sets of species. As FPS increased, beta-diversity increased because there were more patches, and these were possibly in different landscape settings that suited different sets of species. By contrast, in the baseline model, the movement and mortality of species did not differ among the habitats, and so the species distributed across the landscape through stochastic processes only. Therefore, more patches in different landscape settings made no difference to the beta-diversity in the baseline model and gamma-diversity only increased slightly due to the increased number of patches sampling more of the landscape (+ 0.69 species). All results were qualitatively the same for high (40%) and low (10%) overall focal-habitat cover (Supplementary Tables 1–3). So, we present results for 10% cover results here, while those for 40% cover are in Supplementary Tables 4–6.
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FIGURE 4. Mean patch scale alpha-diversity, mean pairwise beta-diversity and gamma-diversity for all species in the focal-habitat at 10% cover, with fitted lines and standard errors. Gamma-diversity increased with the number of patches (albeit not greatly for the baseline model), which represents FPS. In all cases, alpha-diversity declined, and beta-diversity increased.


The habitat-dependency and specialization models had differences in habitat-dependent mortality and movement bias among species. This led to lower gamma-diversity values than in the baseline model as the species were more rapidly sorted in space and species less suited overall to the specific landscape of a simulation run died out. In these models, we observed that particular species became concentrated in areas of the landscape through their habitat associations (Supplementary Figure 1). In many cases, a few species dominated single habitat patches. In the specialization model, the gamma-diversity of the specialists and generalists together summed to give a higher overall gamma-diversity than in the simpler habitat-dependency model (Figure 4).

Considering the different species groups in the habitat-dependency model, the focal-habitat gamma-diversity of the species for whom the focal-habitat had low or moderate suitability increased with FPS (Figure 5). This was as expected, as the increased edge-to-area ratio under FPS would mean more of these species moved into focal-habitat patches by chance. Interestingly the gamma-diversity of species for whom the focal-habitat had high suitability declined with FPS. The reduction in gamma-diversity over the whole range of FPS was, 2 species, amounting to a 25% reduction. This reduction was also due to a greater amount of edge with higher FPS. In this case this greater edge meant these species were more likely to leave focal-habitat patches and also to be excluded from these patches by the influx of those species for whom the focal-habitat had low or moderate suitability.
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FIGURE 5. Gamma-diversity for three groups of species – those for whom the focal-habitat had high, moderate, or low suitability – for the habitat dependency model (habitat bias and mortality slope 0.75) and specialization model (habitat bias and mortality slope 1 and 0.5, respectively). Gamma-diversity increased with FPS in both models for the species who for whom the focal-habitat had low or moderate suitability, and those for whom the focal-habitat had high suitability in the specialization model. By contrast, in the habitat dependency model, gamma-diversity declined with increasing FPS for the species for whom the focal-habitat had high suitability.


In the specialization model, the gamma-diversity of the species for whom the focal-habitat had high suitability did not change with FPS. In contrast to the simpler habitat-dependency model, the specialist species were more competitive in habitats to which they were suited, so they were better able to resist species that found the habitat less suitable and their beta-diversity increased at a rate similar or slightly greater than the decline in alpha-diversity, so gamma-diversity did not decline (Figure 6). The generalist species for whom the focal-habitat had high suitability also did better under high FPS than the species in the habitat-dependency model (which had neither specialists nor generalists), as they were able to use more of the wider landscape.
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FIGURE 6. Gamma-diversity for those species for whom the focal-habitat had high suitability for the specialization model (habitat bias and mortality slope 1 and 0.5, respectively) showing specialists and generalists separately. Gamma-diversity increases with FPS for both specialists and generalists in all cases.




DISCUSSION

This study helps to inform the debate on the effects of FPS on biodiversity (Fahrig, 2017; Fletcher et al., 2018a; Fahrig et al., 2019; Thompson et al., 2019). FPS had no effect or a positive effect on overall gamma-diversity of the focal-habitat across the patches in a landscape, but the gamma-diversity of species for which the habitat had high suitability could decline with FPS depending on species characteristics with respect to specialization and competitive ability. Our results were consistent when contrasting landscapes with relatively low (10%) to relatively high (40%) cover by the focal-habitat, suggesting some generality.

We found that beta-diversity and gamma-diversity increased overall even without differences among species in habitat specializations. In the baseline the increase in gamma-diversity was negligible, with a possible small increase caused by patches covering more of the landscape with FPS and increasing sampling of species which were aggregated through limited dispersal as predicted by neutral theory (Hubbell, 2011). Despite overall increases, in the habitat-dependency model, the gamma-diversity of species for whom the focal-habitat was highly suitable declined with FPS, while these species did not decline in the specialization model. In the habitat-dependency model, the species for whom the focal-habitat was highly suitable were likely under pressure due to the influx into the more fragmented patches by species for whom the habitat was less suitable, and the beta-diversity increase of these species suited to the focal-habitat did not outweigh the loss in alpha-diversity, so gamma-diversity declined.

In the specialization model, the specialists were more competitive against other species in the focal-habitat and therefore their beta-diversity increased at a similar rate to the decline in alpha-diversity decline with higher FPS, resulting in no change in the specialist species gamma-diversity with FPS. The gamma-diversity of the generalists did not decline, probably due to competitive release, or as they were better able to use multiple habitats outside of the focal-habitat. These findings indicate that the effect of FPS is context dependent. More competitive (specialist) species did not decline with FPS. But, the gamma-diversity of those species suited to the focal-habitat, but which were not more competitive there (in our habitat-dependency model) did decline with FPS. Such patterns might arise in nature where environmental change could cause species to become less competitive in their preferred habitat and therefore become more affected by FPS. For example, increased nutrients or climate change can change competitive abilities (Staley et al., 2011; Lancaster et al., 2017). Future studies might conduct simulations considering FPS more explicitly with such environmental change. It is often assumed that less competitive species have increased dispersal efficiency (Bonte et al., 2012). For simplicity, we did not include such differences in dispersal ability. If we had, we suggest a negative effect of FPS would be less likely as the generalists with increased dispersal would be able to better utilize other areas of the landscape. This could be explored in future studies.

Habitat dependency and the degree of specialization of species were very important in changing the direction of the relationship of gamma-diversity to FPS, suggesting information on species’ habitat relationships are critical to planning landscape-scale conservation. In terms of conservation, it is often the less competitive species, with high dependencies on specific habitats that are of highest concern and that are the targets for conservation (Carrete et al., 2010; Fletcher et al., 2018b). The effect fragmentation has on these species should, therefore, be assessed and this might determine how the landscape should be managed to conserve these species. Doing so will have consequences for species in other (“matrix”) habitats, however, and the resulting trade-offs should be analyzed and considered. Fragmentation per se creates smaller patches, which have lower mean alpha-diversity as shown in our modeling. Lower alpha-diversity has a negative effect on ecosystem functioning at the patch scale, but beta-diversity has been suggested as important at a larger scale in supporting multiple ecosystem functions (Mori et al., 2018). Our model used a series of static landscapes. Dynamic landscapes could be simulated in different ways, but if we had simulated dynamic landscapes that changed over time, without species arriving at the edge of the model domain, species diversity could not have increased. As patches are removed, moved or shrunk, some species would be extirpated, possibly with a lag (extinction debt). Without new species, the resulting colonization credit (Jackson and Sax, 2010) would go unfulfilled. A further implication of this, is that if fragmentation is happening over a large enough scale or in an isolated landscape, colonization may not be able to counter the debt. If our simulation provided for colonization, we would expect the result of dynamic landscapes to be similar to that of our static landscapes.

We generated species and habitats at random, meaning our results are general and not specific to any real landscape or communities. Our simulations do not show whether any particular species would be retained or, conversely, lost with increasing FPS. We used a large species pool of potential diversity, providing each simulation run with 400 randomly generated species. We also randomly generated the habitat matrix between the patches of the focal-habitat, always having ten other habitats. Given the importance of the intervening habitat matrix in determining what species are in the landscape and how species move between patches (Brodie and Newmark, 2019; Chetcuti et al., 2019), future studies might look at the matrix specifically, non-randomly generating habitat matrices and including different mixes of anthropogenic and semi-natural habitats (Fletcher et al., 2018a). Our baseline model represented movement as a random walk, and we introduced bias based on habitat suitability in the more complex models. In reality, many organisms show complex movement behavior (Gurarie et al., 2016), which is likely to be important in modeling how FPS affects biodiversity and could be a focus of future research. If our results are representative of the ways in which introducing greater ecological complexity (movement, multiple habitat types, habitat dependency and specialization) can affect conclusions about FPS effects on species diversity, then they have important consequences for practical conservation. The habitat dependency model shows fragmentation can have strongly negative effects on (gamma) diversity. But where the biota shows strong division of species into specialists or generalists, gamma-diversity may be unaffected by fragmentation as long as the landscape contains a diversity of habitats. Considering how we define species as specialist or generalist and using analysis of habitat association, conservation efforts could be focused on mitigating fragmentation for those species groups that may be negatively affected by a fragmented landscape. Further, specialization could be looked at from the emergent perspective of species appearing specialist because of the other species in the landscape or the structure of the landscape. In the absence of more competitive species, such as on islands or isolated parts of the landscape, specialist species may utilize a broader range of habitats and benefit further from a heterogeneous landscape of resources and habitats.

This theoretical modeling considered FPS in heterogeneous landscapes, unpicking some of the mechanisms that can cause gamma-diversity to increase or decrease with FPS. Interestingly, we found that FPS could have a positive, negative or no effect on gamma-diversity, suggesting there is no simple answer to the question; is habitat fragmentation good or bad for biodiversity (Fletcher et al., 2018a; Fahrig et al., 2019). Species that were highly suited to the focal-habitat showed declining gamma-diversity with fragmentation, but where we added characteristics separating species into specialists and generalist, both did better under FPS. A key process was species’ movement; for example species suited to the focal-habitat declined with FPS in the habitat-dependency model, as they were unable to hold out against increasing influxes of species for whom the focal-habitat had lower suitability. Our research opens new avenues for research into how species demography and movement in relation to the focal-habitat affect biodiversity responses to FPS. Species’ specializations, habitat preferences and demography in different habitats (Chetcuti et al., 2019) should be taken into consideration when planning conservation as well as considering that under some circumstances FPS may lead to the conservation objectives of increased beta-diversity.
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The ideal free distribution theory predicts that mobile species distribute themselves among habitat patches so as to optimize their fitness. Changes in land use alter the quality of habitat patches and thereby affect the distribution of species. Following the loss of native habitat, habitat specialists are expected to move to patches where native habitat still remains in order to survive. Competition for resources in habitat remnants should consequently increase. As generalists are able to use other habitats, generalists are expected to gradually disappear in remnants in order to avoid increasing competition with specialists. Here, we test these predictions by studying the response of habitat specialist and generalist birds to land-use change in Brazil's southern grasslands. Using a space-for-time substitution approach, we surveyed bird communities in native grassland sites (~4 ha) in 31 regions (10 × 10 km) with differing levels of conversion to agriculture (1–94%). We found a higher abundance of specialists in native grassland patches with increasing agricultural cover in the region, while the total number of individuals in remnants remained constant. At the same time, the share of generalists in total abundance and total species richness decreased. To gain insights into whether these patterns could be driven by shifts in competition, we tested whether generalists that continued to co-occur with specialists in remnants, had less dietary overlap with specialists. As a consequence of community composition in remnants, a higher proportion of generalists were omnivorous and the average generalist species fed less on seeds, whereas the average specialist species fed more on seeds when agricultural cover was high in the region. Our results, therefore, support predictions of the ideal free distribution theory. Specialists that are assumed to have a low survivorship outside of their specialized habitat, distribute to remnants of this habitat when it is converted elsewhere, while generalists, being able to survive in other habitats, disappear gradually in remnants. Such a process could partly explain the segregation of habitat specialist and generalist birds observed in many agricultural landscapes. Finally, our results suggest that native habitat remnants can be important temporary refugia for specialists.

Keywords: ideal free distribution, trophic niche, habitat loss, biodiversity change, Brazil


INTRODUCTION

The population abundance of many bird species has declined at large spatial scales over the last few decades (Rosenberg et al., 2019). Grassland birds, in particular, face high threat levels as their habitats are rapidly being converted for human land uses (Schipper et al., 2016; Stanton et al., 2018; Correll et al., 2019). While abundant empirical evidence demonstrates that generalists dominate bird communities in agricultural habitats (Lockwood et al., 2000; Devictor et al., 2008), it is much less clear how bird communities change in grassland remnants when grassland is increasingly converted to agriculture in the region. Here we study these changes in consideration of the ideal free distribution (IFD) theory (Fretwell, 1970; Tregenza, 1995).

The IFD theory predicts that mobile species, such as birds, should move between patches as habitat quality changes, so as to optimize their fitness (Tregenza, 1995). As native grassland is converted to cultivated fields, opportunities for grassland specialists to survive and reproduce are decreasing. The IFD theory therefore predicts that specialists should move to patches in which native grassland remains (Tregenza, 1995). As a result of the arrival of new specialist individuals, competition for resources in these remnants is expected to increase. Grassland birds are assumedly better at exploiting the resources they specialized on than generalists that are able to use a broad range of habitats and resources (Poisot et al., 2011; Ponge, 2013; Reif et al., 2016). The IFD theory therefore predicts that, if resources are limited, habitat generalists should gradually disappear in remnants, as they are able to use other habitats that are more relaxed from competition with specialists (MacArthur and Pianka, 1966; Tregenza, 1995).

Of all generalist species, those generalists with resource use patterns most similar to specialists are expected to be affected most by increasing specialists (MacArthur and Pianka, 1966; MacArthur and Levins, 1967). This non-randomness should lead to an observable decrease in the share of generalists in total species richness in remnants as habitat conversion increases in the region. Moreover, generalists that still co-occur with specialists in remnants should show a reduced dietary overlap with specialists. Overall, these predictions of the IFD theory would be consistent with the pattern of spatial segregation of specialists and generalists that has been observed in mosaic landscapes of disturbed and stable habitats, where specialists have been found to dominate communities in more stable habitats and generalists to aggregate in more disturbed habitats (Julliard et al., 2006; Devictor et al., 2008).

Here we test whether such predictions based on the IFD theory are supported by empirical evidence from bird communities in Brazil's southern grasslands, which face a very recent and intensive conversion to agriculture (Overbeck et al., 2015; de Oliveira et al., 2017). We used a space-for-time substitution approach and surveyed local bird communities in grassland remnants of 31 regions with differing levels of agricultural cover. First, we test whether total species abundance and the abundance of specialists (i.e., grassland birds) in native grassland remnants changes with increasing agricultural cover in the region. Second, we test for specialist-generalist segregation by assessing whether the share of generalists (i.e., non-grassland birds) in total species richness is lower in remnants when regional agricultural cover is high. Third, we test whether generalist species that continue to co-occur with specialists in remnants, have a reduced dietary overlap with specialists.



METHODS


Study Region

We studied bird communities within the South Brazilian grassland region in Rio Grande do Sul (RS), Brazil's southernmost state. Climate in RS is humid subtropical with warm summers and no pronounced dry seasons (Alvares et al., 2013). In the last four decades, ~50% of natural grasslands in the region have been converted to agriculture, i.e., mainly to soybeans and rice (Cordeiro et al., 2009; de Oliveira et al., 2017). This rapid conversion rate and lack of sufficient protection give these grasslands the highest Conservation Risk Index of all Brazilian biomes (Overbeck et al., 2015).



Study Sites and Bird Sampling

We identified suitable sampling regions by assessing the spatial distribution of land use/cover types in the entire territory of RS. For this, we georeferenced and visually interpreted Landsat 5 satellite images (from 2009) (Hasenack and Weber, 2010). We adopted a 10 × 10 km grid used by the Brazilian Ministry of the Environment for national forest inventories, and calculated the percentage of different land uses in each grid cell (henceforth referred to as region). We selected 31 regions (Supplementary Figure 1; Supplementary Table 1) to represent a gradient of regional agricultural cover (1–94% agricultural cover) and the distribution of native grasslands in RS.

In each region, we conducted bird surveys at three local sites within native grassland remnants. Local site selection followed judgement by botanists (presence of native grassland) and operational criteria (accessibility and permission). Each of the three local sites per region was surveyed once with one point count covering an area of ~ 4 ha (fixed radius of 112 m) for 15 min. This time of detection is sufficient, as it is common for grassland habitats to be sampled with only 5-min point counts (Ralph et al., 1995). We acknowledge, however, that by surveying only three points within remnants per region, we may have missed species and/or undercounted individuals. Mean minimum and maximum distance between the three local sites was 538 and 1,125 m, respectively, where the recommended minimum distance between point counts is 200 m to reduce the probability of the same bird being counted at different points (Sutherland et al., 2004).

All point counts were carried out by the same team of six experienced observers during the Austral spring to summer (i.e., during the breeding season of birds in southern Brazil; October–February). In order to standardize time and reduce temporal variation, all point counts were conducted under similar weather conditions either before 10:00 a.m. or after 16:00 p.m. when birds are most conspicuous (but note that during the breeding season grassland birds can be easily detected over the whole day). Observers recorded the presence of all birds seen and heard (see Supplementary Material for more details) and their abundance (i.e., the maximum number of individuals per species) at each local site. We did not correct for imperfect detection, as we were not able to assign distance bands to all individuals. Our counts therefore present relative and not absolute abundance measures. Sampling of the 31 regions took 3 years starting in 2011 until 2014.



Classification of Birds
 
Generalist vs. Specialist Species

Grassland bird species were characterized sensu Azpiroz et al. (2012). That is, species that are restricted to or make extensive use of grassland habitats—thus thought to be particularly sensitive to native grassland conversion—were classified as grassland specialists (51 of 106 species). The remaining birds were considered as non-grassland specialists and henceforth referred to as generalists (Supplementary Table 2, for all species and classification).



Trophic Niches

Foraging attributes were obtained for 96 out of the 106 recorded species (91% of species) from the Elton traits database (Wilman et al., 2014). We focused on two foraging attributes to test for reduced trophic niche overlap between generalists and specialists: seed use and omnivory (Supplementary Table 2). We a priori expected grassland specialists to be superior competitors for seeds, one of the main resources of grasslands. As a response variable we therefore used the percentage of seeds in a species' diet (column “Diet-Seed” in Elton trait database; esapubs.org/archive/ecol/E095/178/metadata.php) averaged across all generalist species (and separately across all specialist species) per site. We expected a decreasing average seed consumption by generalists and an increasing average seed consumption by specialists in remnants, as agricultural cover increases in the region. Because omnivores with broad trophic niches can opportunistically forage on any available food item as per capita resource availability declines, we expected an increasing share of co-occurring generalist species to be omnivorous, as agricultural cover increases in the region. In the Elton trait database, species are defined as omnivores if they have a score of <=50% in all four diet categories (i.e., Plant and Seeds; Fruits and Nectar, Invertebrates; Vertebrates, Fish and Carrion; see column “Diet-5Cat” on esapubs.org/archive/ecol/E095/178/metadata.php). We calculated the proportion of generalist species (and separately specialist species) that are omnivores in each community.




Statistical Analysis

The focal explanatory environmental variable in all following models is regional agricultural cover (%), henceforth referred to as percent agriculture. Response variables are the average of the respective community parameter across the three local sites per region in all subsequent analyses. We model the average because the allocation of the three local sites per region was not standardized across regions due to the aforementioned operational criteria for site selection (i.e., limited accessibility and owner permission requirements prohibited entry to space sites equally across regions).


Change in Total and Specialist Abundance

We used Poisson regression models to predict total abundance and specialist abundance with percent agriculture in the region, including an observation-level random effect to account for over-/underdispersion (Harrison, 2014). Models were fitted using the function “glmer” from the LME4 package (Bates et al., 2014). Two species, Vanellus chilensis and Myiopsitta monachus, were observed in large flocks of 200 and 94 individuals, respectively. This led to outliers in total and specialist abundance (Supplementary Figures 2A,B). We thus leveled those counts to the mean number of individuals across all other sites these species occupied, rounded to the nearest integer (cf. Julliard et al., 2006). Results were robust when the unlevelled data were analyzed (Supplementary Figure 2C).



Spatial Segregation of Specialists and Generalists

To test whether changes in land use induce a spatial segregation of specialists from generalists, we tested (1) whether percent agriculture influences total richness, and (2) whether percent agriculture predicts the share of generalists in total species richness. Proportions of generalists were calculated for each local site individually and then averaged for each region. Averaged proportions were regressed on percent agriculture with a beta regression model using the BETAREG package (Zeileis et al., 2010). The relationship between total species richness and percent agriculture was assessed using the same model as for abundance.



Trophic Niche Overlap Between Generalists and Specialists

First, we modeled the percent use of seeds averaged across all generalist species (and separately across all specialist species) with percent agriculture as predictor. Second, we regressed the proportion of generalist and specialist species with an omnivorous diet on percent agriculture. Again, we calculated these response variables as the average of the three local sites. These values were regressed again on percent agriculture using a beta regression model. To accommodate 0/1 values, percent use of seeds was transformed to the open unit interval (0, 1) using a continuity correction (y*(n − 1) + 0.5)/n, where n is the sample size (Smithson and Verkuilen, 2006; Zeileis et al., 2010).



Influence of Native Grassland in the Immediate Surroundings

We tested whether the amount of native grassland in the immediate surroundings of the three local sites has an effect on community parameters. Within a 1 km radius of the three local sites' centroid, native grassland area was on average 2,500 ha (ranging from 540–3,100 ha). We added native grassland area within this radius to all the above models as an explanatory variable (Pearson correlation of native grassland area and agricultural cover in the region was ρ = −0.35). We used the asymptotic likelihood ratio test, as implemented by the function “LRTEST” from the LTEST package (Hothorn et al., 2019) to test whether adding this variable improved the statistical fit of the model.



Model Validation and Spatial Autocorrelation

Generalized linear mixed effect models were validated with DHARMA scaled residual plots (Hartig, 2017) and beta regression models with BETAREG diagnostic plots (Zeileis et al., 2010). To test for spatial autocorrelation we performed the Moran's I test on all models.





RESULTS


Change in Total and Specialist Abundance

We found that total species abundance in grassland remnants did not change clearly with agricultural cover in the region (χ2 = 0.65, p = 0.42). However, analyzing grassland specialists separately from generalists showed a statistically clear increase in specialist abundance with increasing regional land use (χ2 = 4.4, p = 0.036; Figure 1; Supplementary Table 3). Correspondingly, the share of generalists in total abundance declined with increasing agriculture in the region (χ2 = 4.58, p = 0.032; Supplementary Figure 3).


[image: Figure 1]
FIGURE 1. Relationship between percent agriculture in the region and (A) total abundance (i.e., the combined number of individuals of specialists and generalists), and (B) specialist abundance in grassland remnants. Transparent ribbon represents the 95% confidence interval around the mean. Ribbon and regression line are dashed when p ≥ 0.05.




Spatial Segregation of Specialists and Generalists

While total species richness in remnants remained constant (χ2 = 0.9, p = 0.342), the contribution of generalist species to total species richness decreased by more than 50% with increasing agricultural cover in the region (χ2 = 5, p = 0.025; Figure 2; Supplementary Table 3).


[image: Figure 2]
FIGURE 2. Relationship between percent agriculture in the region and (A) total species richness (i.e., specialists and generalists), and (B) the proportion of generalist species (to total species richness) in grassland remnants. Transparent ribbon represents the 95% confidence interval around the mean. Ribbon and regression line are dashed when p ≥ 0.05.




Trophic Niche Overlap Between Generalists and Specialists

As a consequence of species composition in remnants, the percent use of seeds averaged across generalist species strongly decreased from above 30 to <10% with more agriculture in the region (χ2 = 7.63, p = 0.005) (Figure 3A; Supplementary Table 4). In contrast, we found a marginally significant increase in the average percent use of seeds by specialists with more agriculture in the region (χ2 = 3.67, p = 0.055) (Figure 3B). The proportion of generalist species with an omnivorous diet doubled (χ2 = 4.17, p = 0.041), while the proportion of omnivorous specialist species remained constant with increasing regional agriculture (χ2 = 0, p = 0.86) (Figures 3C,D; Supplementary Table 4).


[image: Figure 3]
FIGURE 3. Relationship between percent agriculture in the region and percent use of seeds averaged (A) across generalist species and (B) specialist species, and with an omnivorous diet in (C) generalists and (D) specialists. Transparent ribbon represents the 95% confidence interval around the mean. Ribbon and regression line are dashed when p ≥ 0.05.


None of the models improved significantly when native grassland amount in the surrounding landscape was added as a second explanatory variable (Supplementary Table 5). Residuals did not show spatial autocorrelation in any model (Supplementary Figure 2).




DISCUSSION

Using data from bird communities in native grassland remnants, we studied the response of grassland specialist and generalist birds to the increasing conversion of native grasslands to agriculture. While total species abundance and richness was constant, specialist abundance increased and the contribution of generalist species to total species abundance and richness decreased in grasslands remnants with increasing agriculture in the region. Furthermore, generalist species that continued to co-occur with specialists had a smaller dietary overlap with specialists. Together, these results support the predictions of the ideal free distribution theory: specialists that are assumed to have a low survivorship outside of their preferred habitat move away upon habitat conversion to patches where this habitat remains, while habitat generalists that are able to use other habitats, gradually disappear from these remnants.

While our results are in support of the IFD theory, our study has several limitations. We did not directly study temporal changes and instead base our inference on space-for-time substitution. Thus, we do not unequivocally show that bird communities in grassland remnants are indeed changing in response to regional land-use intensification. Moreover, we were not able to measure what individual birds were eating and whether birds changed their individual diets. We could therefore not unequivocally demonstrate that competition is driving the patterns found in this study (Dhondt, 2011). In addition, biological communities respond slower than the rate at which humans change the environment (Damgaard, 2019). Especially in our study area, land use change is very recent and rapid (Cordeiro et al., 2009), such that the patterns we found here may be transient and not stable in the long-term.

Within these limitations, we found that local species richness and total abundance of birds did not decrease in grassland remnants with increasing regional land-use change. It is likely that communities in grassland remnants show simply a lagged response (Tilman et al., 1994; Kuussaari et al., 2009). That is, species loss in intensive agriculture (Hendershot et al., 2020) and widespread negative population trends of birds (Rosenberg et al., 2019) are likely to translate to declines in richness and abundance in remnants too. However, our results suggest that at least temporarily, native habitat remnants could play an important role in sustaining the populations of some species. We found that the abundance of grassland specialists is increasing in remnants when natural habitat is increasingly converted in the region. Thus, the preservation of native habitat remnants could be an important conservation tool for sustaining populations of species that are facing loss of their specialized habitat.

The stability of total species abundance in remnants could furthermore indicate a carrying capacity and that resources are limited in remnants. The arrival of new specialist individuals is therefore likely to move the remnant beyond carrying capacity and increase the competition for resources. Since specialists are assumedly superior competitors for the resources of their specialized habitat (Reif et al., 2016), their arrival may act to replace generalists. Indeed, we found that the relative abundance and species richness of generalists has declined in remnants. Moreover, we found that within the generalist sub-assemblage, species with similar resource use pattern to specialists gradually disappeared. We therefore hypothesize that competition could indeed play a role in explaining such a replacement pattern.

The replacement of generalists by specialists, which we infer here, contrasts with biotic homogenization, the process by which rare, specialist species are widely replaced by common, generalist species owing to human activities (Lockwood et al., 2000; Mimet et al., 2019). However, given the lack of temporal data in this study, future research on mobile organisms is needed to determine whether this is a more general pattern found in matrices of agriculture and habitat remnants. For example, land-use history can influence processes underlying community change (Isbell et al., 2019; Mimet et al., 2019). In our study region, habitat remnants are still close to a pristine state (i.e., no changes in land-use occurred in the recent past) and thus more likely to support specialists. These conditions may be different in agricultural landscapes of, for example, Europe where land use change has a much longer history (Goldewijk, 2001).

Nonetheless, also in European agricultural landscapes where bird communities should have stabilized in response to land-use history, generalists seem to spatially segregate from specialists in mosaics of perturbed and more stable sites (Julliard et al., 2006; Devictor et al., 2008). While generalists dominate communities in human-modified, disturbed sites, specialists dominate in stable, more natural sites (Devictor et al., 2008). Although the mechanism behind this spatial segregation is still largely unclear, our results suggest this segregation is consistent with predictions of the IFD theory. Both specialists and generalists seek to escape declines in resources; specialists likely in response to native habitat conversion and generalists likely in response to consequent increases in specialists in habitat remnants.

We draw two conclusions from our study. First, our results support predictions of the IFD theory. Specialized birds that are assumed to have little prospect of surviving outside of their specialized habitat, increased in remnants of this habitat when it was converted elsewhere. In accordance with our hypothesis that this may increase competition in remnants, generalists with similar resource use patterns to specialists gradually disappeared in remnants. The IFD theory could therefore help explain aspects of bird community change, such as specialist-generalist segregation, in response to land-use change. Second, our results indicate that remnants of native grassland embedded in regions devoted primarily to human activities may buy time for the conservation of grassland birds (Silva et al., 2015). Considering that ongoing agricultural intensification may eventually significantly reduce local bird diversity (Hendershot et al., 2020) preserving remnants of native habitat merits more consideration in strategies to conserve biodiversity.
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This article studies nonlinear n-resource-consumer autonomous system with age-structured consumer population. The model of consumer population dynamics is described by a delayed transport equation, and the dynamics of resource patches are described by ODE with saturated intake rate. The delay models the digestion period of generalist consumer and is included in the calorie intake rate, which impacts the consumer’s fertility and mortality. Saturated intake rate models the inhibition effect from the behavioral change of the resource patches when they react to the consumer population growing or from the crowding effect of the consumer. The conditions for the existence of trivial, semi-trivial, and non-trivial equilibria and their local asymptotic stability were obtained. The local asymptotic stability/instability of non-trivial equilibrium of a system with depleted patches is defined by new derived criteria, which relate the demographic characteristics of consumers with their search rate, growth rate of resource in patches, and behavioral change of the food resource when consumer population grows. The digestion period of a generalist consumer does not cause local asymptotical instabilities of consumer population at the semi-trivial and nontrivial equilibria. These theoretical results may be used in the study of metapopulation dynamics, desert locust populations dynamics, prey-predator interactions in fisheries, etc. The paper uses numerical experiments to confirm and illustrate all dynamical regimes of the n-resource-consumer population.
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INTRODUCTION

Competition between several food patches and common consumers has been thoroughly studied in the ecological literature (Holt, 1977, 1984; Holt and Kotler, 1987; Martinez, 1991; Holt and Lawton, 1993; Holt et al., 1994; Wootton, 1997; Abrams et al., 1998; Křivan, 2003, 2014; Williams and Martinez, 2004; Křivan and Eisner, 2006; Vrkoc and Krivan, 2015; Becker and Hall, 2016). Here, increasing biomass of one food patch causes increases in generalist consumer population, thus a negative impact on other resource patches and vice versa. Thus, apparent competition is similar to exploitative competition (Levin, 1970) and can reduce the number of coexisting resource patches. In traditional unstructured Lotka-Volterra ODE models of population dynamics, many details of life history are neglected (de Ross and Persson, 2013). The more reasonable approach in population dynamics modeling is based on physiologically structured models (Von Foerster, 1959; Gurtin and MacCamy, 1979; Cushing and Saleem, 1982; Elderkin, 1985; Webb, 1985, 2008; Metz and Diekmann, 1986; Cushing, 1998; Bekkal-Brikci et al., 2007; Hritonenko and Yatsenko, 2007; de Ross and Persson, 2013; Mohr et al., 2014; Akimenko and Křivan, 2018). In this article, the apparent competition model of unstructured resource patches with age-structured consumer population is studied. This approach allows us to relate foraging to the life history and demographical characteristics of consumer population (fertility and mortality).

The dynamic interaction between resources and consumers in prey-predator models is described by the consumer’s functional response. Beddington (1975) and DeAngelis et al. (1975) introduced and analyzed the functional response with saturation, which is often used now in applied models providing the more realistic description of prey-predator interaction (Capasso and Serio, 1978; Qiu et al., 2004; Wang and Zhao, 2004; Han et al., 2017). The functional response of such “saturated incidence rate” was first introduced into SIR (susceptible-infected-recovered) epidemic models in a study of the cholera epidemic spread in Bari (Capasso and Serio, 1978) and was used later in various epidemic models (Wang and Zhao, 2004; Han et al., 2017) and ecological studies (Essington and Hansson, 2004). The feature of saturated incidence rate is that it tends to saturation when the population of predators (or infectives in epidemic models, parasites in parasite-host model, consumers in resource-consumer models, etc.) gets large and, as a consequence, it prevents the unboundedness of the contact rate between prey and predator. Since this functional response considers the behavioral change of prey (or hosts, susceptibles, resources in patches, etc.) as a reaction on the predator population growing or “crowding effect” of predator, the resource-consumer models with intake rates of such form are more reasonable in comparison with traditional Lotka-Volterra models. The resource consumption in biological and ecological models is often characterized also by the calorie intake rate, which depends linearly from the amount of food resource taken by one consumer per unit of time from all patches. This function depends on the handling time, i.e., the time a consumer needs to handle and digest a unit of resource. This time period is included in a model as a time delay parameter. Thus, the resulting model studied in this article consists of several unstructured resource patches and a single age-structured consumer population that forages in these patches including the saturated intake rate, calorie intake rate, and the digestion period of a generalist consumer as a time delay parameter. The model is formulated in Section “Model”.

The conditions of existence of the trivial, semi-trivial, and non-trivial equilibria of autonomous systems are studied in Section “Existence of Stationary Equilibria of the Autonomous System (1)–(5).” The local asymptotic stability of all equilibria is considered in Section “Local Asymptotic Stability of Equilibria of the Autonomous System (1)–(5).” Stability analysis is based on the traditional perturbation theory and linearization of autonomous system and includes the study of impact of the time delay parameter on the asymptotic stability of equilibria (Gourley and Kuang, 2004; Shi, 2013; Mohr et al., 2014; Akimenko, 2017a; Akimenko and Křivan, 2018; Martsenyuk et al., 2018; Liu et al., 2019).

Research shows that the stability indicator of non-linear autonomous age-structured models, partial derivative of basic reproduction number of consumer population by their density used earlier in Cushing (1998); Akimenko and Křivan (2018), can be applied only for non-trivial equilibria of system with non-depleted patches. Local asymptotic stability/instability of non-trivial equilibrium of system with depleted patches is defined in the paper by new derived criteria, which relate the demographic characteristics of consumers with their search rate, growth rate of resource in patches, and behavioral change of the food resource when consumer population grows. We show also that the digestion period of a generalist consumer does not cause local asymptotical instabilities of consumer population at the semi-trivial and nontrivial equilibria. These theoretical results may be used in study of metapopulation dynamics (Nakazawa, 2015; Becker and Hall, 2016), desert locust populations dynamics (Guttal et al., 2012; Akimenko and Piou, 2018), prey-predator interactions in fisheries (Essington and Hansson, 2004; Smith and Smith, 2020), and many others.

The numerical algorithms obtained in earlier works (Akimenko, 2017b,c, d) are used in the Section “Numerical Experiments” for numerical analysis of dynamical regimes of autonomous system that were considered in the previous sections. In the first and second groups of experiments the local asymptotic stability of the trivial and semi-trivial (i.e., resources can only exist at positive densities) equilibria for three resource patches with one generalist consumer is studied. Depending on the reproduction number of consumers, trajectories of system are unstable, oscillate in the vicinities of the trivial and semi-trivial equilibria, or converge asymptotically to the semi-trivial equilibrium. The further increasing of consumer’s basic reproduction number or time delay parameter leads to the consumer population outbreaks in the form of pulse sequence, which are classified in the quantitative population ecology as the populations with cyclical eruption dynamics (Abbott and Dwyer, 2007; Akimenko and Anguelov, 2017). The results of simulations illustrated the properties of the outbreak solutions are presented in Section “The Trivial and Semi-Trivial Equilibria.”

The next group of experiments focuses on the study of asymptotic behavior of solutions in the vicinity of the non-trivial equilibrium with one non-depleted and two depleted resource patches (1st–3rd experiments), three non-depleted resource patches (4th experiment), and one non-trivial consumer population. The results of simulations confirm and illustrate the statements of theorems and exhibit the different dynamical regimes of system with unstable and asymptotically stable trajectories for the selected parameters of the model. Several concluding remarks are given in Section “Conclusion and Discussion.”



MODEL

In this article, we study an apparent competition food web module that consists of n resource patches and consumers that move freely between these patches. Resource density of i-th patch is denoted as yi(t), i = 1,…,n. The resource dynamics in each patch is described by the logistic model with constant growth rate ri > 0, and environmental carrying capacity Ki > 0. The age-specific density of consumer population at age a and time t is denoted by w(a,t), the quantity of consumers in population is [image: image] (where ad > 0 is the maximum consumer’s life-span), and a weighted quantity of consumers at the fixed time t is [image: image] (where γ(a) is an age-specific consumer’s preferences in food resource). The interaction strength between resources and consumers is a product of the saturated intake rate [image: image], where [image: image] evolves to a saturation level when [image: image] gets large, i.e., [image: image]. Functions [image: image] have a form of the Beddington–DeAngelis type of functional responses (Beddington, 1975; DeAngelis et al., 1975; Qiu et al., 2004) under assumption that handling time of predator is effectively zero [Eq. (12) in Beddington, 1975]. Constant βi > 0 is a search rate of resource i = 1,…,n. Saturation coefficient αi≥0 is proportional to the rate of encounter between consumers, related both to their speed of movement and the range at which they sense each other and the time wasted by consumer per one encounter (Beddington, 1975). On the other hand, this coefficient can consider also the behavioral change of the food resource when consumer population grows [like in epidemic models for pair susceptibles-infectives (Capasso and Serio, 1978; Wang and Zhao, 2004; Han et al., 2017)]. The greater the coefficient αi, the greater the activity of the food resource in i-th patch and vice versa. When αi = 0 the saturated intake rate is a bilinear form of Lotka-Voltera functional response, which considers the inactive food resource without behavioral reaction on the consumer population changes. For our convenience we introduce the food resource classification: the higher activity resource with [image: image], the lower activity resource with [image: image] and non-active resource with αi = 0. These assumptions lead to the following resource population dynamics.

[image: image]

Consumer population dynamics w(a,t) are governed by the delayed McKendrick-Von Foerster’s age-structured model (Von Foerster, 1959; Gurtin and Maccamy, 1974; Gurtin and MacCamy, 1979):

[image: image]

where Q = {(a,t)|a ∈ (0,ad],t ∈ (0,T]}, [image: image], t ∈ [0,T]. Eqs (1, 2) are completed by the following initial and boundary conditions:

[image: image]
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where ar > 0 is an age of maturation, am > 0 is a maximum age of reproduction, and φ(a) is an initial density of consumers. Functions s(a,C(t−τ)) in Eq. (2) and θ(a,C(t−τ)) in Eq. (5) are age and calorie intake rate dependent consumer’s death and fertility rates, respectively. Consumption of food resources by one consumer per unit of time is measured by calorie intake rate C(t). This function is used in Eqs (2, 5) with the time delay parameter τ > 0, which is a handling time, i.e., the time a consumer needs to handle and digest a unit of resource. We assume that the calorie intake rate is a linear function of the amount of food resource taken by one consumer per unit of time from all patches and is defined through the resource intake rate:

[image: image]

where Ci≥0 is a calorie intake rate for i-th resource patch, ei > 0 is an efficiency with which the consumed resource i is transformed to energy. We impose the following natural restrictions on the consumer’s death and fertility rates, preferences in food resource:

[image: image]

[image: image]

where C1(X) is a space of continuously differentiable functions defined in domain X, L2([0,ad]) is a space of square-integrable functions on an interval [0,ad], R≥0 is a set of non-negative real numbers (Kolmogorov and Fomin, 1999).

Equations (7, 8) mean that decreasing of calorie intake rate corresponds to the critical foraging or starvation, and increasing it corresponds to the sufficient foraging and satiation with increasing resource intake rate. Increasing of calorie intake rate provides also maximum comfortable conditions for reproduction of consumers that corresponds to increasing of birth rate, and decreasing of calorie intake rate provides the most poor and unfavorable conditions for reproduction of consumers, decreasing birth rate.

The basic reproduction number of age-structured model of consumer population dynamics is a calorie intake rate depending function:

[image: image]

Derivation of Eq. (9) is traditional and is given in works (Hoppensteadt, 1975; Metz and Diekmann, 1986; Webb, 2008; de Ross and Persson, 2013; Akimenko and Křivan, 2018). The novelty of function (9) lies in using the calorie intake rate depending birth and death rates of consumer population in integral. This formal substitution of calorie intake rate emphasizes the foraging-depending demographical processes of consumer population.



EXISTENCE OF STATIONARY EQUILIBRIA OF THE AUTONOMOUS SYSTEM (1)–(5)

We consider the equilibria [image: image], w∗(a) of the autonomous system (1)–(5). Trivial equilibrium y∗ = (0,…,0), w∗(a)≡0 means that all food patches are depleted and consumer population is empty. Semi-trivial equilibrium y∗ = (K1,…,Kn), K = (K1,…,Kn), w∗(a)≡0 corresponds to the abundant food patches (with saturated food density) and empty consumer population. It is easy to verify that trivial and semi-trivial equilibria of autonomous system (1)–(5) with coefficients satisfied Eqs (7, 8) always exist.

Non-trivial equilibrium means that there exist a nonempty set of non-depleted food patches with positive and bounded equilibrium densities [image: image], i ∈ I+, while the remaining patches are depleted [image: image], i ∈ I0, and the consumer population is not empty with nonnegative equilibrium density w∗(a)≥0, positive equilibrium quantity and weighted quantity of consumers [image: image], [image: image]. Symbols I0 and I+ denote here the bounded non-overlapping sets of integer indexes such that their union contains the indexes of all patches: I0∩I+ = ∅, I0∪I+ = {i|i ∈ N,i = 1,…,n}. This type of equilibria corresponds to the stationary state of system in which consumer population coexists with several or all non-depleted food patches. In this section we study the conditions of existence of such nontrivial equilibria. Equilibrium [image: image], i = 1,…,n, satisfies the equation:

[image: image]

Equation (10) has at most two nonnegative solutions:

[image: image]

[image: image]

Hence, the nontrivial equilibrium of food web contains the nonempty set of non-depleted patches that necessarily satisfy condition [image: image] with indexes [image: image] and the set (empty or not) of depleted patches that can satisfy or not the condition [image: image] with indexes i∈I0.

From Eq. (11) we obtain the positive equilibria [image: image]:

[image: image]

or

[image: image]

where n0 is a number of patches of set I+≠∅, 1≤n0≤n. Substituting Eqs (11) and (13) in Eq. (6) we obtain the equilibrium calorie intake rate C∗:

[image: image]

The second equation of equilibrium is obtained from Eqs (2, 5):

[image: image]

[image: image]

The general solution of Eq. (16) is [image: image]. Substituting Eq. (17) in this solution yields the integral equation for the equilibrium density of consumer w∗(a):

[image: image]

Integrating Eq. (18) with respect to a from 0 to ad we obtain expression with the equilibrium quantity of consumers [image: image]:

[image: image]

Multiplying both sides of Eq. (18) by γ(a), integrating them with respect to a from 0 to ad and substituting in obtained equation the left side of Eq. (19) we obtain [image: image]:

[image: image]

By analogy with Theorem 1 from Hritonenko and Yatsenko (2007) formulated for harvesting problem, we obtain

Theorem 1. Let coefficients of system (1)–(5) satisfy conditions (7)–(8). System (11), (12), (18), possess a nontrivial equilibrium [image: image] (i ∈ I+), [image: image] (i ∈ I0), and w∗(a)≥0, [image: image], if and only if there exists the positive solution [image: image] of equation [image: image] with restrictions [image: image], i ∈ I+. The basic reproduction number R(C∗), equilibrium [image: image], i ∈ I+, equilibrium calorie intake rate C∗ and equilibrium quantity of consumers [image: image] are given by Eqs (9, 11, 15, 20), respectively. The equilibrium distribution of consumer’s density w∗(a) ∈ C1([0,ad]) is defined by:

[image: image]

Proof. Multiplying both sides of Eq. (18) by θ(a,C∗), integrating them with respect to a from ar to am after a little algebra we arrive to the equation [image: image] [see Eq. (9)]. If this equation has solution [image: image] satisfied [image: image] [i ∈ I+, see Eq. (11)], [image: image] (i ∈ I0), we can obtain [image: image], i ∈ I+, [Eq. (11)], C∗ [Eq.(15)], and [image: image] [Eq. (20)]. Conversely, if equation [image: image] does not have solution [image: image] satisfied [image: image], i ∈ I+, [image: image], i ∈ I0, the stationary solution of problem (11), (12), (18), (20) does not exist.

Substituting the left-hand side of Eq. (19) in Eq. (18) we obtain the equilibrium distribution of consumer’s density (21). Since coefficients of system (1)–(5) satisfy conditions (7)–(8) the equilibrium w∗(a) ∈ C1([0,ad]). Theorem 1 is proved.

Corollary 1. If some patches have higher activity resources with [image: image], condition [image: image] holds for them and such patches always have positive equilibria [image: image] defined by Eq. (11) (i.e., non-depleted patches).

Theorem 1 imposes the restriction on the basic reproduction number of consumer population [image: image] at the equilibrium y∗, [image: image], taking into account the impact of foraging on the consumer fertility and mortality. The condition of existence of nontrivial balance between food resource growing and consumer demographical processes (nontrivial equilibrium) is given in the form of transcendental integral equation [image: image]. Implementation of such condition in biological applications is difficult from the technical point of view. In the next theorem we provide the sufficient conditions for existence of the nontrivial equilibrium in the simpler form of restrictions on the coefficients of the system (1)–(5).

Theorem 2. Let the sets of indexes of the lower and higher activity resources of non-depleted patches are [image: image] and [image: image], respectively, constant [image: image],

[image: image]

[image: image]

and coefficients of system (1)–(5) satisfy Eqs (7, 8). Then, for existence of at least one non-trivial solution of stationary problem (11), (12), (18) equilibrium [image: image], i ∈ I+, [image: image] (i ∈ I0), and w∗(a)≥0, w∗(a) ∈ C1([0,ad]), [image: image] it is sufficient that [image: image] and [image: image] where the infimum and supremum of equilibrium calorie intake rate are:

[image: image]

The proof of Theorem 2 is given in Supplementary Appendix A.

Corollary 1. If all non-depleted patches have only lower activity resources with [image: image], when [image: image], from Eq. (23) it follows that the infimum of equilibrium intake rate [image: image], θ(a,0) = 0 [Eq.(7)] and, consequently, R(0) = 0. In this case condition [image: image] is always satisfied and can be omitted in Theorem 2.



LOCAL ASYMPTOTIC STABILITY OF EQUILIBRIA OF THE AUTONOMOUS SYSTEM (1)–(5)

The conditions of local asymptotic stability of the trivial and semi-trivial equilibria are addressed in Theorem 3.

Theorem 3.

(i) The trivial equilibrium [image: image], i = 1,…,n, w∗(a)≡0 of system (1)–(5) is unstable for all τ > 0.

(ii) The semi-trivial equilibrium [image: image], i = 1,…,n, w∗(a)≡0 is unconditionally (i.e., for all τ > 0) locally asymptotically stable if the consumer’s basic reproduction number R(K) < 1 whereas it is unstable for all τ > 0 if R(K)≥1.

The proof of Theorem 3 is given in Supplementary Appendix B.

Remark 1. If consumer population is fully extinct and cannot renew the reproduction, the Eq. (47) (Supplementary Appendix B) has only the trivial solution [image: image]. The roots of Eq. (46) (Supplementary Appendix B) are always negative λ∗ = −ri < 0, that is the perturbations ζi(t)→0 and the semi-trivial equilibrium is locally asymptotically stable. The examples of the nonlinear age-structured models of population dynamics in the form of a single pulse–population outbreak with following extinction were obtained in works (Akimenko, 2017d; Akimenko and Anguelov, 2017).

The conditions of local asymptotic stability of the nontrivial equilibrium are addressed in Theorem 4.

Theorem 4. Let coefficients of the system (1)–(6) satisfy conditions (7), (8), the nontrivial equilibrium [image: image] (i ∈ I+≠∅), [image: image] (i ∈ I0), w∗(a)≥0, [image: image], [image: image] of autonomous system (1)–(5) is a solution of the equation [image: image] with restrictions [image: image] (i ∈ I+) satisfied Eqs (11, 12, 20, 21).

This equilibrium is unstable for all τ > 0 if I0≠∅ and at least one of two following statements is true:

(i) ∃i ∈ I0 for which [image: image], or

(ii) [image: image] for all i ∈ I0, and [image: image].

This equilibrium is unconditionally locally asymptotically stable (for all τ > 0) if one of two following statements is true:

(iii) I0≠∅, [image: image] for all i ∈ I0 and [image: image], or

(iv) I0 = ∅.

Digestion period of generalist consumer τ does not cause local asymptotical instabilities of consumer population at the nontrivial equilibria.

The proof of Theorem 4 is given in Supplementary Appendix C.

Remark 1. According to the statement (iv) of Theorem 4 the nontrivial equilibrium with non-depleted food patches (I0 = ∅) is always locally asymptotically stable. That means that there exists a balance between resource growing, demographical process of consumer population and their consumption regime (within the framework of the considered model), which guarantees the steady coexistence of all non-depleted resource patches with non-empty consumer population. The local asymptotic stability of the nontrivial equilibria of nonlinear age-structured models with density dependent fertility and death rates is well predicted by the partial derivative of basic reproduction number (Cushing, 1998; Akimenko and Křivan, 2018). Such stability indicator of non-trivial equilibrium with non-depleted patches of system (1)–(5) has the form:

[image: image]

The negative value of this expression indicates the local asymptotic stability of the nontrivial equilibrium (see Cushing, 1998; Akimenko and Křivan, 2018) with non-depleted patches that confirms the statement (iv) of Theorem 4. On the other hand, this stability indicator cannot be used for analysis of local asymptotic stability of nontrivial equilibria with depleted patches [cases (i), (ii), (iii) of Theorem 4], because equilibrium calorie intake rate C∗ [Eq. (15)] depends only from the equilibrium of non-depleted patches [image: image] and stability indicator (25) is negative for all non-trivial equilibria. That is why we will use in the next section the conditions of local asymptotic stability of non-trivial equilibria given in Theorem 4 instead of indicator (25).



NUMERICAL EXPERIMENTS


Parameterization of the Autonomous System (1)–(5)

We assume that the consumer fertility rate is increasing with a saturation monotone function and the death rate is a decreasing with extinction monotone function of calorie intake rate satisfied Eqs (7, 8). They are defined on the parametrized classes of algebraic functions:

[image: image]

[image: image]

where s0, θ0 are given constants. The generalist consumer population is partitioned into three age-structured groups with young, matured, and senile individuals with a number of individuals in each group [image: image], [image: image], and [image: image], respectively. We use the following piece-constant function of resource intake weighted coefficient among age-structured groups [γ(a) ∈ L2([0,ad]), Eq. (8)]:

[image: image]

where 0 < γr < γd < γm < 1 the set of constant dimensionless weights of resource intake for young, senile, and matured consumers, respectively. The biggest value of γm in comparison with γd and γr means that one matured consumer takes more resource biomass than young or senile consumer.

For illustration of theoretical results obtained in Theorems 3 and 4, we consider the minimal set of three food resource patches in all experiments in the vicinities of stationary equilibria. The values of coefficients of Eqs (1, 6), and initial values (3, 4) vary in each experiment depending on the conditions of Theorems 3, 4.



The Trivial and Semi-Trivial Equilibria

The numerical method based on the method of characteristics (Akimenko, 2017b,c,d) is used here for study the dynamical regimes of autonomous system (1)–(5) in the vicinities of all equilibria considered in “Local Asymptotic Stability of Equilibria of the Autonomous System (1)–(5).”

In the first group of experiments we study the asymptotic behavior of solutions in the vicinity of the trivial and semi-trivial equilibria with fixed small value of time delay τ = 0.001ad. The dynamics of mean resource density [image: image], the quantity of consumers [image: image], and the basic reproduction number R(t) are shown in Figure 1. The numerical simulations illustrate the results obtained in Theorem 3.


[image: image]

FIGURE 1. Graphs of asymptotic convergence of solutions with R(K) < 1 (curve 1), R(K) > 1 (curve 2), and R(K)≫1 (curve 3). Y(t) - mean resource density (A), W0(t) - quantity of consumers (B), R(t) - consumer’s basic reproduction number (C).


Case (i) of Theorem 3: in this experiment the trivial equilibrium is unstable (all curves in Figure 1), Y(t) and W0(t) evolve to the semi-trivial equilibrium (curves 1 in Figures 1A,B, consumer population becomes extinct while the resource biomass in all patches saturates, R(K) < 1) or evolve to the nontrivial equilibrium (curves 2 and 3 in Figures 1A,B, R(K) > 1).

Case (ii) of Theorem 3: in this experiment the semi-trivial equilibrium is asymptotically stable with R(K) < 1 (curves 1 in Figure 1) whereas it is unstable with R(K) > 1 (graphs 2 in Figure 1).

For the very large basic reproduction number R(K)≫1 obtained with large value of θ0 [Eq. (86)] we observe the oscillatory regime of the system with asymptotic convergence of solution to the steady state (curve 3 in Figure 1). The existence of such periodic solutions of some Lotka-Volterra prey-predator models was proved in theoretical work (Xu et al., 2004) and was observed in numerical experiments in Akimenko (2017d) and Akimenko and Anguelov (2017).

Further increasing of basic reproduction number by parameter θ0 causes the consumer population outbreaks (special dynamical regimes of population, see Abbott and Dwyer, 2007; Akimenko and Anguelov, 2017; Akimenko and Piou, 2018). The pulse sequence or sequence of outbreaks (Figure 2) of consumers population and resource densities describe the quasi-periodic dynamical regime in the vicinities of the trivial and semi-trivial equilibria. The fast growing of consumer population is accompanied by huge resource consumption, and as a consequence, by resource extinction and following decreasing of consumer population density to minimal but not critical values. Although this minimal value cannot be seen on the graphs due to their small scale, we observe a quasi-periodic recovery and renewal of customer population that would be impossible with the complete disappearance of reproductive individuals in the population.


[image: image]

FIGURE 2. Graphs of periodic population outbreaks with R(K)≫1, τ = 0.001ad. Y(t) - mean resource density (A), W0(t) - quantity of consumers (B), R(t) - consumer’s basic reproduction number (C).


The system moves to the trivial equilibrium from the vicinity of unstable semi-trivial equilibrium (R(K)≫1, statement (ii) of Theorem 2). But, since the trivial equilibrium is unstable too (statement (i) of Theorem 2), and the minimal number of consumers is sufficient for the following renewal of population, system moves to the semi-trivial equilibrium again. This process is repeated at quasi-periodic time intervals and results in the pulse sequence of consumer population and resource densities. The same regimes were obtained in work (Akimenko, 2017d) for the nonlinear age-structured model of population dynamics with density-dependent delayed death rate only for the big values of delay parameter and/or for the periodic time-dependent death and fertility rates. Since in this experiment the impact of the time delay parameter is insignificant and all coefficients of the model are time-independent the dynamical regimes of periodic outbreaks are result of the repeating dynamical interaction between total resource consumption and its renewing from the one hand and consumer population growth and extinction from the other hand.

Further increasing of parameter θ0 leads to the consumer population outbreaks of the single pulse form (Figures 3A,B). The same rapid consumer population growth like in the previous experiment is accompanied by huge resource consumption and resource extinction but with following decreasing of consumer population density up to critical values when population is not able to renew the reproduction and becomes fully extinct (see Remark 1 to Theorem 3). The food resources in all patches saturate with time and system evolves eventually to the asymptotically stable semi-trivial equilibrium (Figure 3A).


[image: image]

FIGURE 3. Graphs of population single outbreak and extinction, τ = 0.001ad. Y(t) - mean resource density (A), W0(t) - quantity of consumers (B).


In the second group of experiments we study the dynamical regimes of autonomous system (1)–(5) in the vicinity of the trivial and semi-trivial equilibria with different values of time delay from interval τ = 0.001ad, …, τ = 0.03ad, and large basic reproduction number R(K)≫1. Solution of the autonomous system (1)–(5) oscillates with bounded magnitude in the vicinity of the semi-trivial equilibrium in all experiments with different value of time delay (Figures 4–6). For the small value of τ = 0.001ad the trajectories of system have the magnitude with exctincted oscillations and converge to the positive equilibrium (curve 3 in Figure 1). The bigger value of τ = 0.005ad causes the periodic dynamics of Y(t) and W0(t) with bigger magnitudes, shown in Figure 4. Further increasing of time delay leads to the periodic outbreakes of Y(t) and W0(t) with τ = 0.015ad (Figure 5) and single outbreak of W0(t) with saturating Y(t) with τ = 0.03ad (Figure 6).


[image: image]

FIGURE 4. Graphs of periodic dynamics of Y(t) and W0(t), τ = 0.005ad. Y(t) - mean resource density (A), W0(t) - quantity of consumers (B).



[image: image]

FIGURE 5. Graphs of periodic outbreaks of Y(t) and W0(t), τ = 0.015ad. Y(t) - mean resource density (A), W0(t) - quantity of consumers (B).



[image: image]

FIGURE 6. Graphs of asymptotic saturation of Y(t) (A), single outbreak of W0(t) (B), τ = 0.03ad.


In all experiments of the second group the graphs of mean resource density Y(t) and quantity of consumers W0(t) oscillate in antiphase. This is a traditional form of dynamics of prey-predator interaction. It means that increasing biomass of food patches stimulates the reproduction of consumers and decreasing of their mortality and leads to increasing size of consumer population. In this case resource consumption is rapidly increasing and, eventually, leads to the depletion of food patches. The growing deficit of food resource causes the decreasing consumer reproduction, increasing their mortality, and, eventually, decreasing size of consumer population up to the complete disappearance. Since the model considers the renewable food resource the food biomass in patches starts for growing again after consumer population decreasing or disappearance. The different growth rates ri and carrying capacities Ki in three food patches cause the rounded smooth steps on the graphs of Y(t) in Figures 4A, 5A, 6A. If the consumer population does not extinct this process repeats again and we obtain the quasiperiodical dynamics of consumer population [graphs of W0(t) in Figures 4B, 5B]. Otherwise we observe the consumer population outbreak in the form of single pulse with following extinction (Figure 6B). In some insect and animal populations the cannibalism can be a common response to nutritional deficiency when the food patches are limited in resources or depleted (Richardson et al., 2010; Guttal et al., 2012). For example, if some population of locusts cannot migrate to new food patch and suffers from the lack of food resource in depleted patches the gregarious locusts can cannibalize each other (Guttal et al., 2012). The survivor and solitarious locusts in this population eventually die of starvation. The graphs shown in Figures 4, 5 correspond to the regimes of population outbreaks obtained in the previous experiments (Figures 2, 3). Similar dynamical regimes were obtained and described in works (Akimenko, 2017d; Akimenko and Anguelov, 2017) for the age-structured model with density-dependent delayed death rate and discussed in work (Akimenko and Piou, 2018) for the two-compartment age-structured model of locust population dynamics.

Comparison of graphs of Y(t), W0(t) on Figures 4, 5 reveals that an increasing value of digestion period of generalist consumer τ leads to the growth of consumer population size and increase in the time period of its outbreaks. Consumers with bigger digestion periods extend the pause between foraging that allows patches to use this time to increase their resource up to satiation. Increasing of food resource in patches leads eventually to the growth in consumer population size and resource food consumption. Larger consumer population consumes more resource emptying food patches, resulting in nutritional deficiency and increasing in the mortality of the consumer population (starvation, cannibalism, etc.). If consumers of reproductive age survive, they recover and renew the consumer population with a larger time period (graphs of W0(t) in Figures 4B, 5B), otherwise consumer population cannot recover band extinct (graph of W0(t) in Figure 6B).

The results of this group of experiments illustrate also that digestion period of generalist consumer τ does not lead to the high-frequency oscillations of the solution in the vicinity of the semi-trivial equilibrium known as deterministic chaos.



The Nontrivial Equilibria

The third group of numerical experiments focuses on the study of asymptotic behavior of solutions in the vicinity of the non-trivial equilibrium where some patches are depleted, i.e., [image: image] (i = 1,…,n0), [image: image] (i = n0 + 1,…,n), n0≤n, w∗(a)≥0, [image: image]. In all experiments n = 3, but n0 varies in each experiment depending from the condition of Theorem 4. For the fixed values of n, n0 the root of transcendental equation [image: image] is defined numerically by the bisection method with restrictions [image: image], i ∈ I+. The equilibrium values [image: image], [image: image], w∗(a) are defined by Eqs (11, 20, 21) respectively. The value of [image: image] is used also in figures for illustration of asymptotic convergence of trajectories to the equilibrium.

Case (i) of Theorem 4. In the first experiment we study the positive equilibrium with one non-depleted patch, less active and more active depleted patches: n0 = 1, [image: image], [image: image], [image: image]. In equation [image: image] we use [image: image], [image: image], [image: image], for which [image: image], [image: image], [image: image]. The dynamics of resource densities yi(t) (i = 1,2,3) and consumer weighted quantity [image: image] are shown in Figure 7. The density of first food patch y1(t) does not evolve to the equilibrium [image: image] (curve 1 in Figure 7A), patches y2(t) and y3(t) are not depleted (curves 2 and 3 in Figure 7A), and consumer weighted quantity [image: image] does not evolve to the equilibrium [image: image] (Figure 7B), i.e., the nontrivial equilibrium is unstable.


[image: image]

FIGURE 7. (A) Case (i). Resource densities yi(t) (i = 1,2,3). y_1* is a computed equilibrium of the first resource. (B) Weighted number of consumers [image: image]. [image: image] is a computed equilibrium of [image: image].


Case (ii) of Theorem 4. In the second experiment we study positive equilibrium with one non-depleted patch and two less active depleted patches with [image: image]: n0 = 1, [image: image], [image: image], [image: image]. In equation [image: image] we use [image: image], [image: image], [image: image], for which [image: image], [image: image], [image: image]. The density of first food patch y1(t) does not evolve to the equilibrium [image: image] (curve 1 in Figure 8A), second patch is not depleted [y2(t), curve 2 in Figure 8A], y3(t) converges to the trivial equilibrium and becomes depleted [curve 3 in Figure 8A], and consumer weighted quantity [image: image] does not evolve to the equilibrium [image: image] (Figure 8B), i.e., the nontrivial equilibrium of food web is unstable.


[image: image]

FIGURE 8. (A) Case (ii). Resource densities yi(t) (i = 1,2,3). y_1* is a computed equilibrium of the first resource. (B) Weighted number of consumers [image: image]. [image: image] is a computed equilibrium of [image: image].


Case (iii) of Theorem 4. In the third experiment we study the positive equilibrium with one non-depleted patch, two less active depleted patches with [image: image]: n0 = 1, [image: image], [image: image], [image: image]. In equation [image: image] we use [image: image], [image: image], [image: image], for which [image: image], [image: image], [image: image]. The density of first food patch y1(t) in this case evolves to the positive equilibrium [image: image] (curve 1 in Figure 8A), the densities of the other patches y2(t) and y3(t) evolve to the trivial equilibrium ([image: image], [image: image]), and become depleted (curves 2 and 3 in Figure 8A). Consumer weighted quantity [image: image] evolves to the positive equilibrium [image: image] (Figure 8B), i.e., the nontrivial equilibrium with one non-depleted patch and two depleted patches is locally asymptotically stable.

Case (iv) of Theorem 4. In the last fourth experiment we study the positive equilibrium with three non-depleted patches and nontrivial consumer population: n0 = 3, [image: image], [image: image], [image: image]. In equation [image: image] we use [image: image], [image: image], [image: image], for which [image: image], [image: image], [image: image]. The densities of food patches yi(t) evolve to the corresponding positive equilibria [image: image], (i = 1,2,3) (curves 1, 2, 3 in Figure 10A), consumer weighted quantity [image: image] evolves to the positive equilibrium [image: image] (Figure 10B), i.e., the nontrivial equilibrium with all non-depleted patches is locally asymptotically stable.

In the third experiment the nontrivial equilibrium with one non-depleted patch and two depleted patches (I0≠∅) and in the fourth experiment the nontrivial equilibrium with three non-depleted patches (I0 = ∅) are locally asymptotically stable (Figures 9, 10). Overall, we can conclude that stability indicators obtained in Theorem 3 and 4 correctly predict the asymptotic stability or instability of trivial, semi-trivial and non-trivial equilibria of system (1)–(5) in all numerical experiments.


[image: image]

FIGURE 9. (A) Case (iii). Resource densities yi(t) (i = 1,2,3). y_1* is a computed equilibrium of the first resource. (B) Weighted number of consumers [image: image]. [image: image] is a computed equilibrium of [image: image].



[image: image]

FIGURE 10. (A) Case (iv). Resource densities yi(t) (i = 1,2,3). y_1* is a computed equilibrium of the i-th resource, i = 1,2,3. (B) Weighted number of consumers [image: image]. [image: image] is a computed equilibrium of [image: image].




CONCLUSION AND DISCUSSION

In this work an autonomous system was studied–a resource-consumer model in a heterogenous environment consisting of several food patches with active resource. Food resources do not disperse between patches, while consumers do disperse. The model of food resources is unstructured while the model of consumer population is age-structured. The relationship between the consumed food resource and consumer demographic parameters (fertility and death rates) is modeled by means of a calorie intake rate that describes the amount of energy obtained by consumer at a given age from all food patches per unit of time. In biological applications calorie intake rate can be obtained from the observations, or foraging experiments focusing on age-structured consumer behavior. The consumer calorie intake rate is proportional to the saturated intake rate (where the coefficient of saturation is a behavioral parameter of food resource) and depends on the time period a consumer needs to handle and digest a unit of resource (delayed parameter). Thus, the model considered in this paper extends the classic apparent competition models (Holt, 1984; Holt and Kotler, 1987; Holt and Lawton, 1993; Holt et al., 1994; Křivan, 2014) to a structured consumer population with time delay and active food resources.

All types of possible equilibria: trivial (depleted all n resource patches and extinct consumer population), semi-trivial (abundant all n resource patches with satiated density and extinct consumer population), and non-trivial equilibria (food web with at least one non-depleted patch, at most (n−1) depleted patches and consumer population) were studied. All theorems used a new condition of sign-preserving partial derivatives of calorie intake rate-dependent fertility and mortality rates of consumer: [image: image], [image: image]. The trivial and semi-trivial equilibria of the nonlinear autonomous system always exist while the non-trivial equilibria exist if and only if the basic reproduction number of the consumer population R = 1. Since this condition leads actually to a complex nonlinear equation, derivation of conditions for the existence of non-trivial equilibria in practice is not an easy problem. For facilitation of this problem, the additional sufficient conditions for existence of the nontrivial equilibria were obtained in this paper in the form of simple constraints on the coefficients of the autonomous system.

The conditions of local asymptotic stability/instability of trivial and semi-trivial equilibrium were formulated in terms of the consumer’s basic reproduction number. These conditions were derived on the basis of the perturbation theory and linearization methods. Unfortunately, the well-known stability indicator of equilibria of nonlinear age-structured models–partial derivative of density-dependent basic reproduction number of consumer population (Cushing, 1998; Akimenko and Křivan, 2018) cannot be used for stability analysis of nontrivial equilibria of resource-consumer model with depleted patches. Instead of it, the conditions of instability/local asymptotic stability of nontrivial equilibria with several or without depleted resource patches were obtained in the form of additional restrictions on coefficients of system. As expected, the time-delay parameter, the consumer’s digestion period does not cause local asymptotical instabilities of consumer population at the trivial, semi-trivial or nontrivial equilibria.

The dynamical regimes of autonomous system with the different values of time-delay parameter were studied in numerical experiments for illustration of the obtained theoretical results. In the 1st and 2nd groups of experiments (Figures 1–6) the local asymptotic stability/instability of the trivial and semi-trivial equilibria, consumer population outbreaks, extinct and non-extinct quasi-periodic dynamic regimes were obtained for the different values of the time delay parameter. The processes of resource handle and food digestion are inherent for all biological organisms, although the value of handling and digestion period can significantly differ among species. Numerical experiments showed that digestion period of generalist consumer τ does not cause the local asymptotical instabilities or high-frequency oscillations (deterministic chaos) of consumer population in the vicinity of semi-trivial equilibrium.

In the 3rd and 4th groups of experiments (Figures 7–10) we study the local asymptotic stability/instability of the nontrivial equilibria of system with one generalist consumer and one non-depleted and two depleted resource patches (3rd group), three non-depleted resource patches (4th group). The numerical results showed that if there exists the non-trivial equilibrium positive solution of equation [image: image], which satisfies condition [image: image] for all depleted patches (i ∈ I0) and [image: image] for all non-depleted patches (i ∈ I+) such equilibrium is always locally asymptotically stable. The coefficient of saturation (behavioral characteristic of a food resource) αi plays an important role in this criterion: if [image: image] the corresponding i-th patch cannot be depleted in the asymptotically stable equilibrium of a food web. Thus, the numerical experiments illustrated and confirmed all theoretical results obtained in paper.

The theoretical results obtained in this work can be applied, for example, to study: (i) metapopulation dynamics that include the prey-predator interactions (Nakazawa, 2015; Becker and Hall, 2016); (ii) desert locust–food resource population dynamics with non-active resource (αi = 0) (Guttal et al., 2012; Akimenko and Piou, 2018); (iii) the predator-dependent functional responses and prey-predator interaction strengths in a natural food web in fisheries (Essington and Hansson, 2004; Smith and Smith, 2020), and many others.
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Ecology, biogeography and conservation biology, among other disciplines, often rely on species identity, distribution and abundance to perceive and explain patterns in space and time. Yet, species are not independent units in the way they interact with their environment. Species often perform similar roles in networks and their ecosystems, and at least partial redundancy or difference of roles might explain co-existence, competitive exclusion or other patterns reflected at the community level. Therefore, considering species traits, that is, the organisms’ functional properties that interact with the environment, might be of utmost importance in the study of species relative abundances. Several descriptive measures of diversity, such as the species-area relationship (SAR) and the species abundance distribution (SAD), have been used extensively to characterize the communities and as a possible window to gain insight into underlying processes shaping and maintaining biodiversity. However, if the role of species in a community is better assessed by their functional attributes, then one should also study the SAR and the SAD by using trait-based approaches, and not only taxonomic species. Here we merged species according to their similarity in a number of traits, creating functional units, and used these new units to study the equivalent patterns of the SAR and of the SAD (functional units abundance distributions - FUADs), with emphasis on their spatial scaling characteristics. This idea was tested using data on arthropods collected in Terceira island, in the Azorean archipelago. Our results showed that diversity scales differently depending on whether we use species or functional units. If what determines species communities’ dynamics is their functional diversity, then our results suggest that we may need to revaluate the commonly assumed patterns of species diversity and, concomitantly, the role of the underlying processes.

Keywords: functional diversity, moments, functional species abundance distribution, functional species-area relationship, traits combination


INTRODUCTION

Species diversity, or simply biodiversity, encompasses several scales, from the genetic (phylogenetic diversity at the species level) to that of species (taxonomic diversity), populations and ecosystem functions (functional diversity) (Wilcox, 1984; United Nations Environment Programme [UNEP], 1992). One of the major goals of ecology is to describe this diversity at different spatial and temporal scales and seek for the processes shaping and maintaining it. However, species do not exist in isolation, they interact with each other and are influenced, and influence, abiotic processes in the environments where they exist. Therefore, a major challenge is to connect the description of taxonomic diversity with the processes by which species interact with their environments. Functional diversity has the potential to link these two views of a community (Asner et al., 2017). Our main purpose here is to study patterns of functional diversity using tools commonly used to assess patterns of species taxonomic diversity with an emphasis on its scaling properties.

By functional diversity we mean: “the values and range in the values, for the species present in an ecosystem, of those organismal traits that influence one or more aspects of the functioning of an ecosystem” (Tilman, 2001). As (Petchey and Gaston, 2006) pointed out, this is a relatively narrower definition than that found in original studies, and that emphasizes the importance of “measuring functional trait diversity, where functional traits are components of an organism’s phenotype that influence ecosystem level processes” (Petchey and Gaston, 2006). An important aspect highlighted by functional diversity is that species often overlap in their traits, leading communities with different species (taxonomic) composition to having a similar functional composition (Cardoso et al., 2014). Therefore, because the emphasis is no longer on taxonomic differences, as recently highlighted by Wong et al. (2019).

The main novelty of our work is its emphasis on the spatial scaling attributes of functional diversity by looking at the equivalent to the species-area relationship (hereafter SAR) that we will call the functional units-area relationship (hereafter FUAR), and the equivalent to the species abundance distribution (hereafter SAD), that we will call the functional units abundance distribution (hereafter FUAD) and where we adopted the following definition of functional units: a set of organisms sharing the same unique combination of attributes. Concerning the FUAD, as we elaborate later, our purpose is not to discuss which distribution gives the best fit at one spatial scale, but how the distributions change as a function of scale. To do this we will use the (raw) moments of the distributions. This is done with an aim to providing new tools and, importantly, to discerning new quantitative patterns associated with functional diversity.

One the most studied patterns of species taxonomic richness is the species-area relationship (e.g., Rosenzweig, 1995). The species-area relationship describes how the number of species changes as a function of area size. However, as shown by Scheiner (2003), there are different types of SARs depending on how data are collected and presented. For example, some SARs describe how the number of species change as a function of the size of islands in an archipelago (Whittaker et al., 2014), while others describe how the number of species accumulates as sampled (nested or non-nested) areas increase (Matthews et al., 2016); in this study we look at the SAR of non-nested areas. An important aspect of SAR studies is that they implicitly assume a scaling approach and try to identify a pattern. Which function best describes this scaling pattern has been a topic of contention among ecologists, as reviewed by Rosenzweig (1995). One of the most popular functions is a power law of the form, S = cAz, where S is the number of species, A the area size, and c and z constants to be determined. In our analyses we will compute the equivalent to the SAR but using species functional units instead of species and will compare functional units-area relationships, the FUAR, and taxonomic-based SAR curves of the same dataset. Smith et al. (2013) have already introduced the concept of functional-diversity-area relationship, to explore the scaling properties of individual traits alone, and when extending the concept to multiple traits they used the concept of convex hull model introduced by Cornwell et al. (2006), while here we group taxonomic species based on their traits to form functional units.

Although species richness and how it changes as a function of sample or area size are important attributes of a community, they do not provide information on the species relative abundances. There are several ways to account for species abundance, but probably the most intuitive, and the one we will use here, is the number of individuals. Typically, species relative abundances are depicted using a histogram, called a species abundance distribution, relating the number of species (the y-axis) with the number of individuals (the x-axis), with the latter usually expressed on a logarithmic scale of base 2 (e.g., McGill et al., 2007); logarithms are used in order to accommodate the wide range of abundances usually encountered in a community sample. In other words, a SAD answers the question of how many species exist within a given range of number of individuals. In line with our previous delineated approach of functional units, we will analyze SADs based on species functional units, the functional units abundance distributions, or FUAD, and, again, we will compare these distributions with the taxonomic SADs of the same dataset.

In contrast with the SAR, that looks at the number of species at different scales, the SAD is often computed and studied at one single scale (e.g., McGill et al., 2007). However, Borda-de-Água et al. (2012, 2017) argued that SADs should also be studied as a function of scale, because histograms (i.e., the distributions) change considerably depending on the size of a sample (or area size). The visual description by Preston (1948) of a veil-line progressively revealing more classes of the distribution as sample size increases, provides a good visual representation of the way the distributions change: for small sample sizes SADs are usually monotonically decreasing functions with the maximum occurring for the singleton class, while for larger sample sizes the distributions become bell-shaped. Once we realize that the SADs change as a function of sample size, an important task is to characterize that change, that is, the scaling properties of the distributions. Borda-de-Água et al. (2012, 2017) used the raw moments of the distribution to describe the scaling of the SADs (see section “Materials and Methods” for the definition of raw moments). The characterization of the distributions at different scales based on their moments, enables the SADs to be extrapolated to larger areas, whose sizes pose sampling problems because of economical or other practical reasons. Here, and for the same reasons, we will study how SAD based on functional groups instead of species (i.e., functional units abundance distributions) change as a function of scale and will use the raw moments to describe their scaling properties.

In summary, the rationale of our study is the following. If functional units provide a more accurate description of how species interact among them and the environment, then the above scaling patterns of species richness and relative abundance should be reformulated in terms of the species’ functional units and not of the species taxonomical identities. As we will see, using data on arthropods collected in the Azores archipelago, describing the scaling proprieties of the diversity of a community using species’ functional units leads to quantitatively different results from those obtained when using taxonomic species.



MATERIALS AND METHODS


Study Sites and Sampling Strategy

We used data on arthropod species collected in Terceira island, Azores (Figure 1). The Azores archipelago (37°–40° N; 25°–31° W) consists of nine islands and it is one of the world’s most isolated archipelagos. Terceira is the island for which we have the most data (see Borda-de-Água et al., 2017), hence we will focus our analysis on this island. Terceira is the third largest island of the archipelago with an area of 402 km2 and it is currently estimated to be 0.40 million years old (Calvert et al., 2006). We gathered data in native forest reserves from 39 transects, each 150 m long and 5 m wide. We sampled all transects with the same sampling effort using standardized methods; for more details see Borges et al. (2005) or Rigal et al. (2018). We have identified 181 arthropod species for Terceira island, and for each species we have also recorded the number of individuals sampled.
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FIGURE 1. The Azorean archipelago with a detailed map of Terceira Island. The acronyms correspond to the following vegetation fragments: TEBF, Biscoito da Ferraria; TEGM, Guilherme Moniz; TEPG, Pico Galhardo; TESB, Santa Bárbara; TETB, Terra Brava. Maps were generated in Open Source QGis.




Species Identification

The arthropods collected were identified in the laboratory at the species level for the taxa Araneae, Opiliones, Pseudoscorpiones, Diplopoda, Chilopoda and Insects (excluding Collembola, Diplura, Diptera and Hymenoptera). Taxonomic identification was performed in two steps: (i) trained parataxonomists sorted samples into morphospecies (i.e., recognizable taxonomic units, sensu Oliver and Beattie, 1996) using a non-complete reference collection; (ii) experienced taxonomists assisted in the identification of the morphospecies. All species were classified as indigenous or exotic. Indigenous species comprise Azorean endemics and other native non-endemics. Exotic species are those considered to have colonized via human mediation, many of which have a cosmopolitan distribution (Borges et al., 2010). As in some of our previous studies (e.g., Borges et al., 2005; Gaspar et al., 2008), we dealt with unidentified morphospecies as follows. When other species in the same genus, subfamily or family were present in the archipelago and all belonged to the same colonization category (according to Borges et al., 2010), the unknown morphospecies were classified similarly. If no information was available, we assumed the species to be native since exotics are usually widespread and easier to identify (Borges et al., 2010).



Functional Data

Different species interact with the environment and other organisms in different ways. Yet, standardization across taxa is not only possible but provides important insights (e.g., Chichorro et al., 2019, Chichorro et al., 2020). Often a trait-based approach has to be adapted to accommodate such differences, by using different proxies that are equivalent for contrasting taxa. In our case, as we only studied arthropods, which share many characteristics, standardization was relatively easy. In fact, in this last decade recent efforts have been made to develop trait database for arthropods as a whole (See Schweiger et al., 2005; Simons et al., 2016; Rigal et al., 2018). Functional traits were then selected based on the known life-history of the taxa analyzed as representing different ways the organisms can be affected in their probability of survival and hence abundance in the studied forests. This way we are implicitly studying mechanisms that affect species abundances in the native forests of the Azores and how such abundances change depending on the spatial scale.

For all arthropod species, we collated data for five traits namely, body size, dispersal abilities, trophic level, microhabitat and origin. Body size was measured for the individuals sampled in this study and was coded using ordered size classes delimited by the intervals (0, 0.5), (0.5, 1.5) … (40.5, 41.5). Both dispersal abilities and trophic level were collected from an extensive literature search, including manuscripts with the first descriptions of the species, first species records for the Azores, brief notes and ecological studies. Information was also obtained from experts who have identified the specimens or from experts of a given taxonomic group when information for a particular species was not available. Functional information was assigned to each species according to their adult characteristics, except for Lepidoptera, where traits were assigned with reference to the larval stage. For the unidentified morphospecies, we assigned functional traits of the nearest taxonomic resolution (genus, family), except for body size which was measured directly from the individuals.

Specifically, for the trait “dispersal ability,” the species were categorized into high and low dispersal classes based on ecological attributes and morphological characteristics. This could be for instance, the presence of active wings for beetles (Coleoptera) and bugs (Hemiptera), ballooning for spiders and evidence of flying ability for endemics and general natural history guides for the other species. To be considered as a good disperser, a species has to be able to disperse between fragments of native forest and surpass the current matrix of man-made habitats (e.g., pastures). For origin we identified three classes: “endemic,” “introduced,” or “native non-endemic.” One can argue that the “origin” of a species is not a relevant trait to how a species functions within a community. We use this category because introduced species may have (new) traits that are not present among the native species and, for a similar reason, we identify endemic species because they may have unique traits adapted to particular conditions of the archipelago or, in the case of single island endemics, of an island (see also Rigal et al., 2018).

Thus, each species was categorized based on five traits:


• Average body size classes;

• Dispersal ability, with two classes: “high” or “low”;

• Trophic level, with two classes: “herbivore” or “predator”;

• Microhabitat, with two classes: “canopy” or “pitfall”;

• Origin, with three classes: “endemic,” “introduced,” or “native non-endemic.”



For each species we determined the combination arising from the five above traits. For instance, a species could have the following combination (average body size = 3.5, dispersal = “low,” location = “canopy,” origin = “native,” trophic level = “herbivore”). From a functional perspective, we think of all species with the same traits’ combination as being just one functional unit. Thus, we identified all species with the same traits’ combination and added their number of individuals to form a functional unit; obviously, the number of functional units is necessarily smaller or equal to the number of species.



Statistical Procedures

In order to obtain the species and functional units-area relationships (FUAR) we started from a random transect and added the species of the nearest transect, and then of the next nearest transect until reaching the desired number of transects. By adding the nearest transect we better replicate a spatial sampling process that avoids overinflating the effect of beta diversity that would happen if sites were added, irrespectively, of spatial distance. The final SAR and FUAR curves are the average of the curves obtained from different starting transects. This procedure leads to one of the six types of species-area relationship described by Scheiner (2003), and it has the advantage of retaining information of the relative distance between the transects.

We construct histograms of functional units abundance distributions (FUAD) as the classical taxonomic species abundance distributions (SADs). Figure 2 shows some examples. On the y-axis we plot the number of functional units and on the x-axis the number of individuals on a logarithmic scale of base 2, with the classes of the number of individuals defined as 1, 2–3, 4–7, et seq. When a species abundance distribution resulted from the accumulation of data from two or more plots, we always added the data from the nearest transect, as we did for the SARs. Also, as before, the final SAD and FUAD curves are the average of the distributions obtained from different starting transects.
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FIGURE 2. Species abundance distributions, plots (A,C), and functional units abundance distributions, plots (B,D); functional units are the functional entities obtained by aggregating species with the same trait combinations. Plots (A,B) are obtained after averaging the abundance distributions of all transects and the bars correspond to two standard deviations, while plots (C,D) are obtained after adding all transects. Notice that the shape of the distributions changed when we consider the average of all transects and when we all add all transects.


In order to characterize the scaling properties of the FUADs, we use their raw moments (occasionally, when there is not risk of confusion, we call them simply “moments”) as we have done previously for SADs (Borda-de-Água et al., 2012, 2017). If a community is made of SFG functional units and xj = log2(Xj), where Xj is the number of individuals of the j functional unit, then the raw moment of order n, Mn, is calculated from
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notice that M0 is equal to 1, and M1 corresponds to the average. Other, more familiar moments, such as the variance (the second central moment), can be obtained as combinations of the raw moments.



The Extrapolation Procedure

Here we used an improved method to extrapolate the distributions based on that described in Borda-de-Água et al. (2012, 2017). The basic idea consists of estimating the moments, using formula (1), up to a given order n, plotting these values and fitting the curves of each order moment and then, using these curves, estimating the moment values for the new areas. In order to reproduce the abundance distribution based on the extrapolated moments, we used an improved version (Mukundan, 2004) of the scale discrete Tchebichef moments and polynomials first introduced by Mukundan et al. (2001). We refer the details to the Supplementary Material.



RESULTS

Based on the traits described in the section “Materials and Methods,” there are 648 possible trait combinations. Since, there are 181 arthropod species identified in the Terceira arthropod dataset, there are, at the maximum, 181 observable combinations. From this we only observe 117 trait combinations, or 117 functional units. Notice that from all the classes ascribed to the average body size, species only occurred in 27 (from classes 0 to 22 and then in classes 25, 33, 37, 40, and 41).

We start by presenting the SAR and the FUAR (Figure 3); because all transects have the same dimensions, we equate the number of transects with area size. The obvious difference between the two curves is that the FUAR in a log-log plot starts exhibits a plateau, showing clear signs of starting to “saturate,” while the traditional species-area curve reveals the typical (almost) straight line in a log-log plot, that is the number of taxonomic species keeps increasing until the very last transect considered. In a sense, given that the number of functional units is a subset of the number of species, one could expect this to happen, but notice that the possible plateau only starts to appear at a large number of transects.
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FIGURE 3. The species-area relationship (SAR), plot (A), and the functional units area relationship (FUAR), plot (B). Recall that all transects have the same dimensions, thus we equate the number of transects with area size. Both plots are on double logarithmic scales. Notice that the SAR exhibits the typical linear relationship when plotted on double logarithmic scales (i.e., it is approximately a power law relationship) while the FUAR shows some signs of reaching a plateau.


We showed in Figure 2 the SADs and FUADs: plots a and c were obtained after averaging the distributions of individual transects and plots b and d when we added the data from all the transects. Notice that at the level of one transect (plots A and B) the SAD and FUAD are very similar, being almost monotonically decreasing curves. From here on, we will describe curves that have such a monotonically decreasing shape as “logseries-like,” but we do not ascertain that the logseries distribution would provide the best fit, it is, hence, just a terminology to describe the general shape of the curve. On the other hand, when all transects are added together they are very different (plots C and D). Specifically, while the SAD of the 39 transects retains a logseries-like shape, the FUAD has its maximum at an intermediate class and, although it still has a large number of singletons, overall it has a bell shape. In other words, the FUAD evolves faster from a logseries-like distribution to a bell-shaped distribution than the species-based SAD. From here on, we will describe curves with a bell-shape distribution, thus with the maximum at intermediate classes, as “lognormal-like” without implying that the lognormal would provide the best fit; as with the terminology for the “logseries-like” distributions, it just a general description of the shape of the distribution.

We estimated the moments of the FUAD using Eq. 1, Figure 4. The overall behavior of the moments of the functional units as a function of the number of transects is not very different from those of taxonomical diversity (Borda-de-Água et al., 2017), that is, above a certain number of transects (or area) the moments are approximately linear in log-log scales. Using the procedure described in the Supplementary Material, we extrapolate these moments for a larger number of transects and used them to reconstruct the FUAD (Figure 5); for sake of comparison we applied the same procedure to the traditional taxonomical SAD. The SAD evolves from an almost monotonically decreasing function to a curve with a clear peak when we extrapolate the distribution for 70 transects (the green line in Figure 5A). However, the appearance of a peak for the SAD is slow compared to that of the FUAD, whose peak for intermediate classes is already clear in the FUAD for 39 transects. When we increase the number of transects the maximum peak for the extrapolated curves shifts to higher abundance classes, and there is a reduction in the number of singletons.
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FIGURE 4. The raw moments up to order 10 as a function of the number of transects. The full lines are the values calculated from the data, the blue circles are the values obtained by extrapolating the observed values from 10 to 27 transects and are, then, used to assess the method of extrapolation, and, finally, the red circles are the values obtained by extrapolating the observed values from 10 to 39 transects. The dashed vertical line corresponds to the threshold above which data are used to extrapolate the abundance distributions.
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FIGURE 5. The histograms correspond to the species (A) and functional units (B) abundance distributions of the arthropod species for Terceira’s 39 transects, and as a reference, the extrapolations to 50, 60, and 70 transects are plotted in the blue, red, and green lines, respectively. Notice, in both cases, the reduction in the number of singletons when the number of transects increases. For the species abundance distribution there is a clear development of a peak for intermediate classes, while for the functional units such a peak is already present for 39 transects, but it increases when the number of transects increases.




DISCUSSION

Under the premise that functional units have a more meaningful correspondence with the underlying processes of maintenance and generation of species diversity (Tilman, 2001), we applied several procedures commonly used on studies of communities but using, instead of taxonomical species, functional units, that is, entities resulting from aggregating species with identical traits. Common criticisms often leveled at studies of functional diversity can also be raised here, namely, that the results depend on the choice of the traits, on the way traits are coded (e.g., number of categories identified) and on the scales used to identify traits (e.g., Ricotta, 2005). Undoubtedly, we would have obtained quantitatively different results if we had chosen a different set of traits or a different scale for the average body size, for instance. However, we describe this work as a first exploratory attempt to determine how diversity scaling changes depending on whether we use species or functional units.

These exploratory results showed that the scaling behavior of the species and of the functional units is quantitatively different. For instance, the FUAR relationship does not have a linear relation when plotted on log-log scales and shows a clear plateau, and contrary to the SAR, when area increases the FUAD develops a peak earlier than the corresponding SAD. Concerning the FUAR we acknowledge that its shape is a function of the number of traits chosen. For instance, if we had chosen fewer traits, the plateau would have been reached even earlier, because there would have been fewer functional units. Although it is outside the scope of the work, a pattern that is worth analysing in the future is how the FUAR shape changes in a community as a function of the number of traits used. Furthermore, to overcome the problem of trait dimension in driving FUAD patterns, we could also use a null model approach to test whether FUAR was simply a product of species richness (see Whittaker et al., 2014, for example).

To understand the faster transition in a FUAD, it is important to understand the transitions in a typical SAD. Using computer simulations, Borda-de-Água et al. (2007) conclude that the SADs undergo three regimes when area increases (their Fig. 17.9). For very small sample sizes, the distributions are monotonically decreasing curves, thus the maximum occurs for the singleton class, and they can be described as logseries-like distributions. When the sample size increases the number of singleton species, and those of other rare classes, decreases and the distributions develop a peak for intermediate abundance classes, having a lognormal like shape, although with some singletons and other rare species still being present. This shift in the shape of the species abundance distribution can be observed in real data, such as the data on tropical tree species of a 50 ha plot in Barro Colorado Island, Panama; see for example Borda-de-Água et al. (2012; Figure 1). The explanation for such a transition is the following: (i) when the number of individuals is small and several species are present, the number of individuals per species is small and most species are rare; (ii) once more individuals are collected some, if not most, belong to species already present, thus, species accumulate more individuals and they move away from the rarity classes toward those classes corresponding to more abundant species, therefore, overall, intermediate abundant classes start having more species and the curve becomes more bell shaped. When sample size increases further, the distribution becomes again monotonically decreasing, resembling again a logseries distribution. The explanation for such transition is the following: most species are rare for very small sample sizes, but only a few are really rare in the (meta)community, therefore, those that are not truly rare move to more abundant classes when sample sizes increase, but those that are truly rare remain in the classes of the rare species. For very large samples, we collect species from different regions of the community, each region containing rare species, thus at the level of the entire community there are a large number of rare species that are added to the rare abundance classes. The presence of a large number of rare species can also be the result of the temporal evolution of community. In fact, hyperdominance (i.e., few species having most of the individuals) may happen due to few winners dominating the community and the addition of mostly rare species to the regional pool with speciation operating on long timescales (McGill et al., 2019). As new species are added at a regional scale through evolution, hyper-rarity and hyperdominance are generated. Consequently, in time, the number of such (truly) rare species can be very high and the SAD is a monotonically decreasing function. We suggest that the latter transition from a lognormal to a logseries is difficult to observe in real data because it requires large sample sizes. However, in addition to the evidence from simulations (Borda-de-Água et al., 2007), theoretical results based on Neutral theory (Hubbell, 2001) and data on Amazon tree genera do suggest that the SAD for very large communities is logseries-like (Ter Steege et al., 2006; Hubbell et al., 2008; Hubbell, 2013; Ter Steege et al., 2013).

The previous description for the three regimes observed for SADs may not apply when we look at the abundance distributions of functional units. The first transition from the logseries-like to the lognormal-like may still be present, as revealed by Figure 5, though it occurs faster than the corresponding SAD. This is not surprising given that functional units are collections of species, thus a faster increase in the number of intermediate abundance functional units and a decrease in the number of rare functional units is not surprising. However, we speculate that the transition from lognormal-like to logseries-like for large scales may never occur for FUADs, because, though we expect more rare species to enter the sample, these may have the same set of traits of other species already present in the community, thus the number of functional units in the rare classes will not increase. In fact, we expect the number of functional units in rare abundance classes to decrease. In other words, although the number of species is likely to increase when the number of sampled individuals increase, the number of trait combinations, and thus that of functional units (but not their abundance as measured by the number of individuals), is likely to remain approximately constant. If this is indeed the case, and if the functioning of the community is (partially) determined by the relative abundance of the functional units, then communities at large scales are mainly characterized by lognormal-like distributions and not logseries-like distributions. This has implications for the investigation of the mechanisms and patterns that govern communities. The important mechanisms shaping a community may lead to FUADs that are inherently lognormal-like.

We finalize with an observation that points to future work. Once we group species based on their similarity, it is implicit that some species may be redundant. Such a view, however, should be taken carefully because we only identified a subset of all possible traits. It is possible that some non-identified traits may correspond to a species role in the ecosystem that is irreplaceable, and whose absence could lead to profound transformations in the community, including the loss of other species. In this respect it is worth noting that several works have shown that communities exhibit approximately the same number of species, S, and individuals, N, over time, that is, there is a regulation of temporal trends of species diversity (Brown et al., 2001; Gotelli et al., 2017; Blowes et al., 2019). This is a remarkable result, although the mechanisms of such regulation are not (fully) understood. One question that remains is whether such regulatory trends also occur if temporal community diversity is analyzed in terms of functional diversity. In fact, some studies have shown that functional diversity changes over time in some communities (e.g., Mendez et al., 2012; White et al., 2018; Dolezal et al., 2020). However, if regulation is even stronger when we consider functional units, this suggests that one possible way to identify functional units, would be to consider several trait combinations, and identify which trait combinations lead to the smallest variation of the number of functional units and their abundances over time. This approach could provide an objective choice of the traits and respective functional entities. Finally, we define functional units using categorical traits but some traits are usually recorded as continuous variables (e.g., morphological traits), therefore requiring alternative measures of functional units such as clustering methods (Villéger et al., 2012).
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Spatial variation in community composition may be driven by a variety of processes, including environmental filtering and dispersal limitation. While work has been conducted on the relative importance of these processes on various taxa and at varying resolutions, tests using high-resolution empirical data across large spatial extents are sparse. Here, we use a dataset on the presence/absence of breeding bird species collected at the 10 km × 10 km scale across the whole of Britain. Pairwise spatial taxonomic and functional beta diversity, and the constituent components of each (turnover and nestedness/richness loss or gain), were calculated alongside two other measures of functional change (mean nearest taxon distance and mean pairwise distance). Predictor variables included climate and land use measures, as well as a measure of elevation, human influence, and habitat diversity. Generalized dissimilarity modeling was used to analyze the contribution of each predictor variable to variation in the different beta diversity metrics. Overall, we found that there was a moderate and unique proportion of the variance explained by geographical distance per se, which could highlight the role of dispersal limitation in community dissimilarity. Climate, land use, and human influence all also contributed to the observed patterns, but a large proportion of the explained variance in beta diversity was shared between these variables and geographical distance. However, both taxonomic nestedness and functional nestedness were uniquely predicted by a combination of land use, human influence, elevation, and climate variables, indicating a key role for environmental filtering. These findings may have important conservation implications in the face of a warming climate and future land use change.
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INTRODUCTION

Biodiversity is currently facing a multitude of global-scale threats from human activity (Dirzo et al., 2014; McGill et al., 2015). As the human footprint on the natural world grows, it is becoming increasingly important to understand how these factors are impacting ecological communities in order to inform conservation efforts and make predictions about impacts under future scenarios (Newbold, 2018; Soininen et al., 2018). Analyzing spatial variation in species diversity is a powerful means of assessing the impact of different environmental factors on biodiversity as it provides us with information on what is currently limiting species ranges and occupation of sites. The analysis of spatial variation in biodiversity generally involves focusing on taxonomic changes between sites in the form of alpha (α) or, to a lesser extent, beta (β) diversity (Field et al., 2009; Calderón-Patrón et al., 2016; Soininen et al., 2018).

Comparing the alpha diversity of two communities separated in space provides a measure of the difference in the number of species between these sites but ignores species replacement/turnover (i.e., a species being extirpated from a site and another species colonizing) and can therefore mask biodiversity change (Gonzalez et al., 2016). In contrast, beta-diversity provides a measure of community dissimilarity between sites (Whittaker, 1960; Koleff et al., 2003). Various metrics have been proposed to measure beta-diversity, which can be grouped into variance-based approaches (the focus of the present study) and diversity-partitioning approaches (Legendre and de Cáceres, 2013; Matthews et al., 2019). Recently, several variance-based metrics (e.g., the Sørensen index) have been partitioned into constituent components, such as species replacement/turnover (that is independent of richness differences) and species richness differences or ‘nestedness’ (Baselga, 2010). It has been argued that the study of these partitions provides insight into the drivers of compositional difference between sites (Baselga and Leprieur, 2015). Nestedness in this context is not ‘true’ nestedness [e.g., as measured by the nestedness metric based on overlap and decreasing fill (NODF)], but rather nestedness resultant dissimilarity that allows for the separation of dissimilarity due to turnover from that of nestedness (Baselga, 2012). For ease, we henceforth use the term ‘nestedness’ to describe nestedness resultant dissimilarity.

Standard beta-diversity metrics (herein termed ‘taxonomic beta-diversity’) assume all species are the same in terms of the role they play within an ecosystem (Sekercioglu, 2006), thereby ignoring the vital role that functional diversity plays in assemblage dynamics (Devictor et al., 2010; Eskildsen et al., 2015). Recently, several beta-diversity metrics have been expanded to incorporate functional information (Cardoso et al., 2014; Baselga and Leprieur, 2015) and can be used to shed light on the biotic/abiotic factors that cause variation in functional diversity between sites (Villéger et al., 2013; Cardoso et al., 2014). This evidence can be used to inform conservation activities such as protected area design and biological corridor selection (Socolar et al., 2016), and help protect ecosystem services (Şekercioǧlu et al., 2004; Cardinale et al., 2012; Galetti et al., 2013). For example, bird communities play an important role in providing services such as pollination, pest control, and carrion removal (Whelan et al., 2008; Wenny et al., 2011), which are critical services for humans and other taxa. Using a beta-diversity measure that incorporates species traits, and hence functionality, is therefore essential to gain a better understanding of biodiversity change and its consequences (Devictor et al., 2010; Jarzyna and Jetz, 2018; Tobias and Pigot, 2019; Carvalho et al., 2020).

Biological communities are predicted to vary spatially in the absence of anthropogenic influences (i.e., the natural pattern of distance decay in species similarity; Nekola and White, 1999) due to both dispersal limitation and niche filtering, among other factors (Lomolino et al., 2010). Dispersal limitation is hypothesized to impact the spatial variation in community composition by restricting the range of species through distance alone (Dambros et al., 2017), independent of environmental differences between the communities (Hubbell, 2001). Niche-filtering occurs when environmental gradients constrain communities to those species adapted and able to persist in local conditions (Weiher and Keddy, 1999; Cornwell et al., 2006). In addition, human-induced change (e.g., land-use change and climate change) are likely important drivers of both spatial taxonomic and functional beta-diversity (Devictor et al., 2007; Davey et al., 2012; Barnagaud et al., 2017).

The effect of dispersal on spatial beta-diversity can be assessed through the analysis of the geographic distance between sites, while the effect of environment can be tested by evaluating measures of habitat and land use types (hereafter ‘land use’) and climate (Luck et al., 2013; Wieczynski et al., 2019; Fluck et al., 2020). However, due to the spatial structuring of environmental gradients (i.e., a distance decay in environmental conditions), it is difficult to partition the unique effects of each (Leibold and Chase, 2017). Relating current land use and climate to spatial variation in community composition will also enable inferences to be made on how increases in the relative intensity of these drivers may impact spatial variation in the future (Barbet-Massin and Jetz, 2015).

The effect of land use on community composition is mostly a result of niche filtering, where species which are adapted to a specific land use type are unable to survive in contrasting land use types (Weiher and Keddy, 1999; Cornwell et al., 2006). Rapidly growing human populations (Tratalos et al., 2007) have facilitated considerable land use changes via increasing urbanization in some areas of the world (Seto et al., 2012), and conversion of natural land to agriculture, as well as an overall intensification of agricultural practices (Zabel et al., 2019). There is strong evidence that these practices have disrupted communities, leading to pools of generalist species in heavily modified habitats via the exclusion, through filtering, of species with narrower environmental requirements (i.e., specialists) (McKinney, 2006; Vellend et al., 2007; Clavel et al., 2011; Flohre et al., 2011; Barnagaud et al., 2017; Hagen et al., 2017). Thus, in anthropogenic landscapes (such as those that occur across much of the United Kingdom), turnover is predicted to be low across large spatial scales, and communities are predicted to become more nested, with high redundancy in functional diversity (Liang et al., 2019; Weideman et al., 2020).

Climate is also an important environmental filter and can drive high spatial beta-diversity between regions due to differences in energy availability (energy richness hypothesis; Hutchinson, 1959; Currie, 1991; Hurlbert and Haskell, 2003), variation in species tolerance (physiological tolerance hypothesis; Root, 1988), and variation in speciation rates (the speciation rates hypothesis; Currie et al., 2004; Hua and Wiens, 2013). While there is mixed support for these hypotheses, substantial evidence exists showing that differences in species composition between sites are often correlated with climatic gradients (Currie et al., 2004). Additional filtering impacts may occur where land use change interacts with climate (Auffret and Thomas, 2019).

Better understanding the role of climate in driving spatial beta-diversity is essential in order to accurately predict the effects of future climate change on community composition. For example, species populations have been found to expand or contract their ranges in response to changing climatic conditions (Fox et al., 2014; Batt et al., 2017). As well as range shifts, shifting phenologies across the trophic web can lead to disruption of communities through cascade effects due to altered species interactions (Bell et al., 2019). Other impacts of a changing climate, such as more frequent severe weather events, are also increasingly recognized as significant drivers of spatial beta-diversity (Maxwell et al., 2019).

There are thus many potential drivers of spatial beta-diversity. However, few studies exist assessing the relative roles of these different drivers (e.g., land use, climate, human impacts) in terms of both taxonomic and functional beta-diversity, the aim of the present study. We use generalized dissimilarity models (GDMs) in combination with a dataset containing presence/absence data of British breeding birds collected at the 100 km2 scale over the entirety of the British Isles. We aim to (1) test the effect of geographic distance and a range of environmental variables (e.g., land use type, climate) on the spatial taxonomic and functional beta-diversity of British breeding bird communities and (2) evaluate the role of human influence on spatial beta-diversity patterns. While we do not set out to test the niche-filtering and dispersal-limitation hypotheses directly, we interpret increasing dissimilarity due to geographical distance as an indication that dispersal limitation may play a role in the structuring of communities. In contrast, increasing dissimilarity due to climate, land use, or human influence would point to a role for niche filtering.



MATERIALS AND METHODS


Data Collection


Species Composition Data

Data showing the summer (breeding) distributions of the British avifauna (Gillings et al., 2019) were collected during April-July over the period 2008–2011 (BA2010) by volunteers on behalf of the British Trust of Ornithology (BTO) and the Scottish Ornithologists’ Club (SOC). Some fieldwork effort was permitted out of this field season, with specific instructions given on what evidence was permitted (see Gillings et al., 2019, for further information).

The dataset summarizes the presence/absence of British bird species within 10 km × 10 km (100 km2) quadrats covering the British Isles on a continuous grid (Figure 1). Only species designated as being “confirmed” or “probable” breeders (Gillings et al., 2019) were retained here. Vagrant and pelagic species were excluded, but we retained introduced breeding species for the analysis (McInerny et al., 2018). While some introduced species’ occupied ranges may reflect in part their initial introduction sites, many of these species are now established, so their presence exerts an influence on community structure, resource use, and competition (Lennon et al., 2000). Species under threat from human persecution (particularly hunting or egg-collecting) were also removed from the analyses as data for such species were provided at larger spatial grains (i.e., larger than 100 km2) or their locations were omitted entirely (Gillings et al., 2019). All quadrats with less than 50% land and all island regions that were considered disconnected from the mainland were removed. A total of 2257 100 km2 quadrats remained with a species pool containing 169 species (Supplementary Table 1).
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FIGURE 1. Map displaying the study location (Great Britain) and its location within Europe. The lower proportion of the island is gridded with the quadrats used to sample the avifauna (only a sample is shown here and the whole island was sampled).




Trait Data

Continuous morphometric variables were measured from museum specimens or extracted from literature and used to characterize the functional diversity of each community (defined as all the species present in each quadrat). We selected eight morphological traits to represent the functional role of birds: two estimates of beak length (culmen from tip-to-skull and tip-to-nares), beak width, beak depth, tarsus length, wing chord length, tail length, and body mass, with evidence showing all of these traits provide useful information about avian dietary niche, locomotion and ecological function (Trisos et al., 2014; Tobias and Pigot, 2019; Pigot et al., 2020). Further information on measurements, including sampling per species and methods, are published separately (Pigot et al., 2020).

A principal components analysis (PCA) was performed using all eight traits, with the full eight axes extracted. All the axes were then standardized to a mean of 0 and a standard deviation of 1, producing a trait matrix (species x traits) with eight trait axes for each species. To test for the effect of raw trait variability, we also standardized the traits prior to running the PCA. The results using both the raw traits and the standardized traits in the PCAs were comparable, so we report only the results using the raw traits within the PCA here. All eight axes were included as it has been shown that all the axes provide useful information, with even minor axes capturing significant variation in traits (Pigot et al., 2020).



Climate Data

Monthly temperature and precipitation data were downloaded from the United Kingdom Met Office, which provides climate data interpolated from local weather stations onto a 1 km × 1 km grid across the United Kingdom (Hollis et al., 2019). Data were downloaded from the period 2000–2011. For the breeding season (defined as the start of May to the end of July, as many arriving migrants in April will not yet be breeding), key climate variables were selected a priori, and averages calculated. Precipitation (mm) was summed for each 100 km2 quadrat over the breeding season for each year. The average temperature (°C) was calculated as the daily average temperature across the quadrat and the breeding season. The range in temperature was also calculated as the average mean maximum daily temperature over the breeding season minus the average mean minimum daily temperature. The mean of each of these climatic variables was then calculated over the 2000 - 2011 period to reduce the influence of yearly variation, leaving three measures of climate (Tavgmean, Precmean, and Rangemean). Climate averages were also constructed over a more extended period (1960–2011) to test if birds were responding to longer-term climate variation. The majority of the GDMs fitted using the shorter period had a better fit, and thus we only report the results using 2000–2011 climate here.



Land Use Data

Data on land use were obtained from the EDINA environment digimap service for 2007 (Land Cover Map, 2007). These data provide land cover (23 land use classes) for the British Isles at a 25 m scale. From these data, the percentage cover for each land use within each 10 × 10 km quadrat was calculated. The woodland classes (coniferous woodland and broadleaved woodland) were grouped into one variable named ‘forest,’ as were ‘grasslands’ (grouped from the improved grasslands and semi-natural grasslands categories), and ‘urban areas’ (grouped from the suburban and urban categories). Arable land was also included as a predictor variable. Shannon’s diversity index was calculated for each quadrat as a measure of land-use heterogeneity (hereafter called Shan).



Human Influence Index (HII)

The Human Influence Index (HII) was used to assess the contribution of human impact on the variation in community composition (Wildlife Conservation Society-WCS, and Center for International Earth Science Information Network-CIESIN-Columbia University, 2005). The HII is derived from multiple data sources on population density, infrastructure (railroads, urban development, night-time lighting), and landcover ranging in date collected 1994–2005 (although in this version about half of the measures were collected around 2000 instead of 1995, as was the case for the first version). The measures are each weighted differently in the methodology and then standardized giving a measure of human impact ranging from zero (no human impact) to 100 (maximum human impact possible using the methodology). HII values were extracted from each of the 1 km2 grid squares within each 100 km2 quadrat. The average was taken over these values to obtain the mean HII within each quadrat. It is important to note here that there is some temporal disparity in the period the HII was developed over (see above) and the period the atlas was conducted (2008–2011). However, even with this small disparity, HII should provide a robust indication of the impact human influences have on spatial variation in taxonomic and functional composition.



Elevation Data

Elevation data were obtained from the shuttle radar topography mission (SRTM; Jarvis et al., 2008). For each 100 km2 quadrat, data were extracted using 400 equally spaced points. The mean (Meanelev) and the standard deviation (SDelev) were then calculated from these data as measures of elevation and variability in the elevation across the area.



Testing for Multicollinearity

Pearson’s and Spearman’s correlations were used to test for multicollinearity between the predictor variables. SDelev was removed due to the variable being strongly correlated with multiple other variables (Elevation, Tavgmean, and Precmean). The climatic variables were found to be collinear with one another, and with other variables (Supplementary Figures 1a,b). Therefore, the climatic variables were combined using a PCA. The PCA yielded three axes that explained all the variation of the original three climatic variables [hereafter; Climate 1 (81.90%), Climate 2 (13.54%), and Climate 3 (4.56%)]. All the axes were retained in the models to capture all the variability that could be explained by climate. Scatter plots and correlations between the PCA axes and the raw climate variable showed that Climate 1 was positively correlated with average temperature and negatively correlated with average precipitation (Supplementary Figure 2). Climate 2 and Climate 3 had less clear and more complex correlations with the original variables (Supplementary Figure 2).

After substituting the climate variables with the PCA axes, all variables had correlations < 0.70, with two exceptions: Elevation and Climate 1, and urban land use and HII (Supplementary Figures 1c,d). As a result, urban land use was removed from the analysis and the human influence index, which is a composite measure including urban land use, was retained. Both elevation and Climate 1 were retained because (1) both variables are known to be significant predictors of spatial variation in breeding avian communities, (2) the correlation was still below 0.8, and 3) GDM is known to be robust to multicollinearity to a certain degree (Glassman et al., 2017). A variance inflation factor test (VIF) was also performed, with all remaining variables having VIF values < 5 (Neter et al., 1983; Gareth et al., 2013).




Measuring Spatial Dissimilarity in Community Composition


Spatial Taxonomic and Functional Beta-Diversity

To assess taxonomic dissimilarity between the assemblages, pairwise taxonomic beta diversity was calculated for each 100 km2 quadrat using the function beta.pair from the package ‘betapart’ (Baselga and Orme, 2012). This function computes the dissimilarity (here measured using Sørensen’s dissimilarity index, βsor; Baselga, 2010; Koleff et al., 2003) between an assemblage and every other assemblage present in the dataset to create a pairwise dissimilarity matrix.

Using Sørensen’s dissimilarity, total beta-diversity can then be partitioned into its two constituent components: dissimilarity due to turnover (BDTURN) and nestedness resultant dissimilarity (BDNEST), with BDTOTAL = BDTURN + BDNEST. Turnover is the proportion of dissimilarity due to species replacement between two assemblages, whereas nestedness is the proportion of the dissimilarity due to one assemblage being a nested subset of another assemblage through either species loss or gain (Baselga, 2010). It is important to note that, unlike BDTURN, BDTOTAL and BDNEST are not independent of species richness changes, as the measurements are dependent upon species richness gradients (Baselga and Leprieur, 2015).

A measure of functional beta-diversity was then calculated using Sørensen’s dissimilarity index and Baselga’s (2010) partitioning framework (Phylosor). For this approach, a global functional dendrogram was created containing all the United Kingdom breeding species, using a Euclidean trait distance matrix and the agglomerative hierarchical clustering method (UPGMA). This method produces a rooted tree with a constant weight assumption (i.e., where the distance between the root to all tips is equal), and this then describes the functional relationships between species (Petchey and Gaston, 2002). The phylo.sor function in the ‘betapart’ package (Baselga and Orme, 2012) was used to calculate functional dissimilarity based on the shared branch length of the functional dendrogram between each assemblage and every other assemblage (hereafter called FDTOTAL). Although this method is usually used on phylogenies, here it is used on a functional dendrogram to give a functional measure analogous to taxonomic beta-diversity, allowing for straightforward comparison. In addition, using a convex hull approach (the standard Baselga functional metric) was not possible here due to the size of the dataset and the computational demands of such an approach. FDTOTAL was also partitioned into its constituent components of nestedness resultant dissimilarity (FDNEST) and turnover (FDTURN).

A Pearson’s correlation was performed between the Euclidean distances (in the trait distance matrix) and the cophenetic distances (in the dendrogram) (Villéger et al., 2017). The resultant correlation was high (Pearson’s r = 0.97), indicating that the dendrogram provides an adequate measure of the functional distances between species.



MNTD (Mean Nearest Taxon Distance) and MPD (Mean Pairwise Distance)

As an alternative to Baselga’s functional beta-diversity framework, mean nearest taxon distance (MNTD) and mean pairwise distance (MPD) were calculated. While MNTD is also sensitive to species richness differences, MPD is a measure that is mostly independent of species differences between sites (Miller et al., 2017). MNTD represents the mean distance (smallest non-diagonal value) between species in a community and is most sensitive to changes at the ‘tips’ of a dendrogram (Webb et al., 2002). MPD is a similar measure but is calculated as the mean between all non-diagonal elements between species within a community (Webb, 2000; Webb et al., 2008), and so it is more sensitive to changes at the roots of the functional dendrogram. Here, the beta-diversity versions of MNTD and MPD, that calculate the same measures but between assemblages are used. For ease, we refer to these as MNTD and MPD (Miller et al., 2017). MPD and MNTD were calculated using the comdist and comdistnt functions, respectively, in the R package ‘picante’ (Webb et al., 2008). MNTD and MPD were standardized by dividing each pairwise measure by the largest pairwise measure to produce dissimilarity bounded between 0 and 1. Standardizing MPD and MNTD in this way allowed the measures to be modeled using GDMs.




Modelling Variation in Spatial Beta-Diversity

As a first step, multidimensional scaling (MDS) was applied to each of the pairwise measures. The first axes from the MDS were taken and plotted. These were then assessed visually for any pattern in the dissimilarity/similarity between assemblages.

Generalized dissimilarity modeling (GDM) was then used to model functional and taxonomic beta-diversity. GDM is a statistical technique (an extension of matrix regression) that can be used for assessing the relationship between environmental gradients and variation in community composition (Ferrier et al., 2007). The modeling accommodates non-linearity that is present in ecological datasets over large extents (Ferrier, 2002; Ferrier et al., 2007) and can also incorporate geographical distance. This is vital to include, as dispersal limitation modulated by distance is known to be an important driver of community composition (Keil et al., 2012). GDM can deal with higher multicollinearity among predictor variables than many commonly used regression models (Glassman et al., 2017), and uses monotonic I-splines that constrain the coefficients of the regressions to be positive for a non-decreasing fit and non-positive for a non-increasing fit. The I-splines allow the evaluation of predictor effects on the dissimilarity metrics through the height and slope. The maximum height represents the total deviance explained by the predictor while holding all the other predictors constant, while the slope displays the rate of compositional change across the predictor’s range (Fitzpatrick et al., 2013; Fitzpatrick and Keller, 2015). We applied a modeling framework using GDM, aimed at assessing the unique and shared roles of both geographic distance and environmental factors on our measures of beta diversity (Supplementary Figure 3).

A separate GDM was fitted with each of the taxonomic and functional beta-diversity metrics (i.e., BDTOTAL, BDTURN, BDNEST, FDTOTAL, FDTURN, FDNEST, MNTD, and MPD) as response variables using the ‘gdm’ package in R (Fitzpatrick et al., 2020). As a first step, matrix permutation was used to assess the model significance and variable importance using the gdm.varImp function. Due to the large amount of memory and time required to model the full site-pair combinations (N = 2,545,896) only a subset of the data could be used for the matrix permutation and variable importance process (as recommended for datasets with a large number of sites when calculating variable importance; Fitzpatrick et al., 2020). First, 60% of the sites were randomly removed, leaving 407,253 site-pairs. Another 60% of the site-pair combinations were then removed from the remaining site-pairs, leaving a total of 162,901 site-pairs for analysis. The removal of the site-pairs, after the initial site removal, removes site-pairs randomly but does not remove all site-pair combinations (Fitzpatrick et al., 2020). The predictor variables were not scaled, which allows assessment of the impacts each of the predictors has along actual environmental gradients (e.g., Fitzpatrick et al., 2013; Heino et al., 2019).

For the matrix permutation process, a GDM was first run using all of the predictor variables. The rows of the environmental data were then permuted, and a GDM model was fitted to those data. Significance was then evaluated by comparing the deviance of the model with unpermuted data to the model using permuted data. Variable importance was assessed by permuting each of the variables in turn while holding the other variables constant (unpermuted). Variable importance was then assessed as the difference in deviance explained using the permuted and unpermuted variable, with more important variables explaining a larger proportion of the deviance when unpermuted. The process was then repeated after dropping the least important variable (backward elimination) with variable importance and significance recalculated. All variable importance scores reported in the text were calculated at this point. The first model where all variables were significant (p < 0.05) was identified, and this model was then fit using all the sites (i.e., the full dataset) (final model). One hundred permutations were used for model significance testing and variable importance scores (Ferrier et al., 2007; Heino et al., 2019). Uncertainty in the I-splines was then evaluated using a bootstrapping approach (Shryock et al., 2015). A total of 50% of the sites were first removed randomly from the dataset. From these data, a GDM model was fit, and the I-spline coefficients extracted. For the bootstrapping, a further 80% of the sites were randomly removed, and a GDM model fit. The process was repeated 100 times. The I-splines were then plotted with error bands showing the standard deviation from the permutation process.

Variance shared between geographical distance and the environmental variables was calculated for each model in turn using the formula:
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where Vs is the explained variance shared between the geographic predictor and the environmental variables, Vfull is the variance explained by the full model, Vg is the variance explained by the geographic distance only model, and Ve is the variance explained by the model containing only the environmental variables (Ray-Mukherjee et al., 2014).




RESULTS


Taxonomic and Functional Beta-Diversity of the British Avifauna

BDTOTAL was higher on average (0.313 ± 0.142) than FDTOTAL (0.285 ± 0.126). In both cases, overall beta-diversity was determined mostly by the turnover component (0.225 ± 0.121 (71.88% of the total) and 0.195 ± 0.108 (68.42% of the total), for BDTURN and FDTURN, respectively). Nestedness was responsible for a smaller proportion on average for both measures (Figures 2A,B). Average MPD (0.799 ± 0.045) was higher than MNTD (0.255 ± 0.125) (Figure 2C), as is to be expected.
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FIGURE 2. Boxplots of pair-wise dissimilarity measures of community composition for British breeding birds. These are all on the same row (A) displays taxonomic spatial dissimilarity (turnover, nestedness resultant dissimilarity, and total), (B) is functional pairwise dissimilarity (turnover, nestedness resultant dissimilarity, and total), and (C) shows standardised mean pairwise distance (MPD) and standardised mean nearest taxon distance (MNTD). The horizontal line within the box represents the median, the box indicates the inter-quartile range (IQR), and the whiskers show data 1.5 times the IQR. Points highlight outliers.




Spatial Variation in Taxonomic and Functional Beta Diversity

Heat maps of the community metrics showed clear spatial patterns in the different beta diversity metrics. A north-south divide was present for BDTOTAL (Figure 3A) and FDTOTAL (Figure 3E), and for the turnover component of each (Figures 3B,F, respectively). Alternatively, this could also be interpreted as a divide along the classic ‘Tees-exe line’ that roughly divides the uplands and lowlands of Britain (Prakash and Rumsey, 2018). The west of Wales was more similar to the north of England and parts of Scotland than the south of England for total beta diversity and turnover for both taxonomic and functional metrics, representing elevation changes between upland and lowland regions (Figures 3A,B,E,F). The eastern coastal regions in Scotland were more congruent with southern regions than with inland and west coast Scottish assemblages (Figures 3A,B,E,F). Nestedness patterns generally mirror the other metrics but the patterns were patchier (i.e., the divides between regions (north/south and Tees-exe line) was less delineated). The south-west of England and the west coast of Wales were a closer match with most of Scotland than they were with the majority of southern England (Figures 3C,G), again closely matching the ‘Tees-exe line’ (Prakash and Rumsey, 2018).
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FIGURE 3. Heat maps of community dissimilarity in British breeding birds based on the first axis from a Principal co-ordinate analysis analysis (PCoA) for taxonomic and functional beta diversity, turnover, and nestedness resultant dissimilarity. Colors represent the ordering scores obtained from the PCoA, with areas displaying similar colors more similar and areas with differing colors less similar in terms of community composition. The first three maps on the first row (A–C) are for taxonomic beta-diversity (BDTOTAL, BDTURN, and BDNEST, respectively) and the first three maps on the second row (E–G) are for functional beta-diversity (FDTOTAL, FDTURN, and FDNEST, respectively). Mean nearest taxon distance (D) and mean pairwise distance (H) are the last maps on each row, respectively.


The pattern for MNTD was largely the same as that found for total taxonomic and functional beta-diversity and turnover (Figure 3D). MPD showed a pattern similar to that of nestedness for both taxonomic and functional beta diversity (Figure 3H).



Modelling the Drivers of Spatial Beta-Diversity

Overall, the variance explained by all the final models (bar those for MPD, FDNEST, and BDNEST) was high, with between 55.61% and 68.45% variance explained (Table 1). The variance explained by the final GDM models for MPD, FDNEST, and BDNEST was lower (between 9.60% and 12.09%) (Table 1). The deviance explained for the functional metrics was lower than for the taxonomic metrics (Table 1).


TABLE 1. Results of generalized dissimilarity models (GDMs) analyzing the spatial taxonomic and functional beta-diversity of British breeding birds as a function of environmental variables and geographical distance.

[image: Table 1]
For all final models, the deviance explained by GDM models using only geographical distance as a predictor of dissimilarity was lower than the deviance explained by the models run using only the significant environmental variables (Table 1). However, there was overlap in the deviance explained by geographical distance and the environmental variables. Between 19.31% and 23.42% of the variance explained was shared within the MNTD, taxonomic, and functional beta-diversity models, excluding the FDNEST and BDNEST models (Table 1). For the nestedness components, the geographical distance between sites explained a low percentage of deviance (Table 1). Geographic distance was non-significant in the MPD model.



Drivers of Taxonomic Beta-Diversity

The following results (and those in the ‘Drivers of functional beta-diversity’ section) relate to the final models (i.e., the models that have been simplified using the permutation approach described in the methods).

BDTOTAL was most impacted by geographical distance, Climate 1, Elevation, and HII (in order of decreasing importance, Table 1). BDTOTAL rose gradually with geographical distance and Elevation, with a sharper rise observed for Climate 1 initially, followed by a leveling out (Figure 4A). HII had an initial effect on total beta-diversity, with a small but sharp increase observed over initial environmental dissimilarity, but then leveled off and remained relatively constant (Supplementary Figure 1). Arable, forest, and grass cover were also in the final BDTOTAL model (Supplementary Figure 4).
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FIGURE 4. Plotted I-splines of the three most important variables (determined from the variable importance score) from generalized dissimilarity models analyzing the relationship between environmental and geographic gradients, and spatial community composition in British breeding birds. Plots on row (A) are for total Sorensen’s beta-diversity (BDTOTAL), (B) are for the turnover component (BDTURN), and (C) are for the nestedness resultant dissimilarity (BDNEST). Climate 1 is the first axis from a principal component analysis calculated from the average temperature, range of temperature, and precipitation over the months May to July, across the 2000–2011 period. Elevation is the average elevation across each 100 km2 quadrat. Forest and Arable are the percentage of each land use within each quadrat. The human influence index (HII) is the average human influence across each quadrat. Geographic is the geographic distance between sites. Curves show the relationship between the gradients and community dissimilarity obtained using I-splines. The most important variables are on the left with decreasing variable importance to the right. Blue lines show the I-Spline correlations, with standard deviation (gray shaded area) calculated through bootstrapping (100 permutations) on a portion of the dataset. A rug plot on the x axis shows the spread of the data. Note the varying y-axis for each measure.


Geographical distance, Climate 1, and arable land cover (in order of decreasing importance) had similar impacts on BDTURN as they did on BDTOTAL (Figure 4B). Elevation and forest cover were the two other most important variables in regard to this response variable, with turnover increasing sharply with forest cover initially before leveling off, and a near-linear increase with elevation (Supplementary Figure 5). HII, grass cover, and Climate 2 were also included in the final BDTURN model (Supplementary Figure 5).

Geographical distance was relatively unimportant for predicting BDNEST, although it was included in the final model. The best predictor (the predictors with the highest variable importance values; Table 1) for BDNEST was Climate 1, and its relationship was similar to that found for BDTOTAL (Figure 4C). Forest cover, HII, and elevation were also in the final model (Supplementary Figure 6).



Drivers of Functional Beta-Diversity

FDTOTAL had a similar relationship with geographic distance, Climate 1 and HII as was observed with BDTOTAL, and they were also the three most important predictors (Figure 5A). Elevation had an almost linear relationship with FDTOTAL (Supplementary Figure 7). Arable, grass, and forest cover, along with the other two climate axes (Climate 2 and Climate 3), were also included in the final FDTOTAL model (Supplementary Figure 7).
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FIGURE 5. Plotted I-splines of the three most important variables (determined from the variable importance score) from generalized dissimilarity models analyzing the relationship between environmental and geographic gradients, and spatial community composition in British breeding birds. Plots on row (A) are for total functional beta-diversity (FDTOTAL), (B) are for the turnover component (FDTURN), and (C) are for the nestedness resultant dissimilarity (FDNEST). Climate 1 is the first axis from a principal component analysis calculated from the average temperature, range of temperature, and precipitation over the months May to July, across the 2000–2011 period. Forest and Arable are the percentage of each land use within each quadrat. The human influence index (HII) is the average human influence across each quadrat. Geographic is the geographical distance between sites. Curves show the relationship between the gradients and community dissimilarity obtained using I-splines. The most important variables are on the left with decreasing variable importance to the right. Blue lines show the I-Spline correlations, with standard deviation (gray shaded area) calculated through bootstrapping (100 permutations) on a portion of the dataset. A rug plot on the x axis shows the spread of the data. Note the varying y-axis for each measure.


The main difference between the FDTURN and BDTURN final models was the inclusion of Climate 3 for FDTURN, and a slight difference in the ordering of the variable importance (Table 1, Figure 5B and Supplementary Figure 8). FDNEST, as with BDNEST, was also unaffected by geographical distance (Table 1). FDNEST was impacted by Climate 1, forest cover, HII, climate 3, and geographical distance (Figure 5C and Supplementary Figure 9).

MNTD was mainly impacted by Climate 1, geographical distance, HII, Elevation, and forest cover (Figure 6A and Supplementary Figure 10). Overall, the final MNTD model contained the same significant predictors as in the final models for BDTOTAL and FDTOTAL, and similar relationships were found with all the predictors, although the order was slightly different (Supplementary Figure 10). MPD was the only measure not predicted by geographical distance (Table 1). MPD was found to sharply increase with Elevation before leveling off around 100 m (Figure 6B). HII was the next best predictor of MPD and its relationship was different to that found with the other measures, with a curvilinear increase observed midway through the gradient (Figure 6B). The relationship between Climate 1 and MPD was also different to that found between the predictor and the other response variables, with a threshold effect found near the tail end of the gradient (Figure 6B).
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FIGURE 6. Plotted I-splines of the three most important variables (determined from the variable importance score) from generalized dissimilarity models analyzing the relationship between environmental and geographic gradients, and spatial community composition in British breeding birds. Plots on row (A) are for standardised mean nearest taxon distance (MNTD) and (B) are for standardised mean pairwise distance (MPD). Climate 1 is the first axis from a principal component analysis calculated from the average temperature, range of temperature, and precipitation over the months May to July, across the 2000 – 2011 period. Elevation is the average elevation across each 100 km2 quadrat. The human influence index (HII) is the average human influence across each quadrat. Geographic is the geographical distance between sites. Curves show the relationship between the gradients and community dissimilarity obtained using I-splines. The most important variables are on the left with decreasing variable importance to the right. Blue lines show the I-Spline correlations, with standard deviation (gray shaded area) calculated through bootstrapping (100 permutations) on a portion of the dataset. A rug plot on the x axis shows the spread of the data. Note the varying y-axis for each measure.


It should be noted that a large majority of the predictors were close in their variable importance scores across the models (Table 1). The geographical distance between sites was the exception across the models, as it was the most important predictor by a large proportion in all but the two nestedness, and MPD/MNTD models. It is also important to note that although multicollinearity was assessed, geographic structuring of certain predictors may mean that the permutation of the variables may not have resulted in large importance values if geographic distance was retained in the model.




DISCUSSION

We found that variation in overall spatial functional and taxonomic beta-diversity (and their turnover components) of British breeding avian assemblages is driven by a combination of geographical distance per se and environmental gradients. The environment-only models explained more deviance than the geographic distance only models, but there was also a relatively large, shared variance explained component. Previous studies have suggested that this shared component be considered as indirect effects of climate (climate distance, Mazel et al., 2017; Qian et al., 2020). This may suggest that geographic distance plays a comparatively small role in predicting compositional differences between assemblages in contrast to environment. This aligns with previous studies that have shown that spatial variation in community composition, for a wide range of taxa, can be attributed to a combination of deterministic (including contemporary and historical), and stochastic factors (Steinitz et al., 2006; Melo et al., 2009; Dobrovolski et al., 2012; Vicente et al., 2014; Baselga et al., 2015; Glassman et al., 2017; Carvalho et al., 2020). However, we also found that the differences in species loss/gain between sites (as measured by nestedness resultant dissimilarity) were explained mostly by differences in climate, and to a lesser extent, land use. Overall variation explained by the nestedness models was, however, much lower than for the total beta-diversity and turnover models. The lower explanatory power of the nestedness models implies that other drivers not included here may be impacting dissimilarity between sites due to species loss and gains.


Geographical Distance

Both BDTOTAL and FDTOTAL were driven mostly by the turnover component, highlighting that compositional differences between communities in Britain are mainly a result of different species being replaced. This is consistent with other beta-diversity studies, across multiple taxa (see Soininen et al., 2018). A slow initial increase followed by a steeper rise in the slope of the I-splines of geographical distance in respect to turnover highlights a north-south divide, or a divide between the ‘Tees-exe’ line, in community dissimilarity (Figure 1B). The observed impact of distance could be due to dispersal limitation, geographical barriers, or historical factors (Nekola and White, 1999; Soininen et al., 2007; Dobrovolski et al., 2012; Barnagaud et al., 2017). Here, we expect it is a combination of all these factors, as well as an intertwining of distance with climate and land use.

FDTURN was lower than BDTURN, indicating that the species that are being turned over across communities share some functional traits. Petchey et al. (2007) found that many co-occurring species in British breeding birds were functionally similar, indicating low functional diversity across Britain as a whole and within individual communities. The low functional alpha diversity observed by Petchey et al. (2007) may partly explain the lower functional turnover compared to taxonomic turnover observed here.

Nestedness made up a lower proportion of the total beta-diversity for both the taxonomic and functional metrics. Functional nestedness was mostly on par with taxonomic nestedness (Figure 2), highlighting that species lost/gained between assemblages were not functionally redundant (Petchey et al., 2007). The functional distinction of species lost/gained spatially between communities’ highlights that there is a significant difference between northern/southern communities. The observed pattern is partially congruent with elevational peaks in Britain (the Tees-exe line; Prakash and Rumsey, 2018). The pattern is also supported by MPD, a measure independent of species richness (Figure 3H). It is interesting to note that of the variables that were significant in the MPD model, elevation was the most important and had a threshold effect with any communities over ∼100 m being dissimilar to those at lower elevations (Figure 6B). The results found here align with previous evidence that indicate the importance of elevational gradients as environmental filters (Sanders and Rahbek, 2012; Pigot et al., 2016).



Climate

Climate1 was included in the top three most important variables for all the final models (Table 1). The impact of climate was similar across all final models (except for the MPD model), with an almost linear relationship observed with dissimilarity before a leveling off. As the correlations with the original climate variables showed a positive correlation with average temperature and a negative correlation with precipitation, this relates to a divide between warmer, drier, and wetter, cooler regions. The near linear relationship between partial ecological distance and Climate 1 for many of the metrics therefore shows a divide in terms of assemblage composition between these two types of regions. Climate was also the best predictor of nestedness by a large margin. This may point to climatic filtering of certain species, with a divide between north and south Britain. However, the overall pattern for both measures was patchy (Figures 2C,G). With global warming predicted to change the seasonality and severity of rainfall within Britain in the coming decades (Watts et al., 2015), these results indicate that drier and hotter summers in the future could lead to shifts in community composition.



Land Use and the Human Influence Index

While the overall impact of the different land-use types differed, the form of the relationship between the various land-use predictors and all the measures of beta-diversity were similar. After an initial sharp increase in community dissimilarity over the first small portion of the range of the environmental gradient, the dissimilarity leveled out. This impact over the initial environmental dissimilarity highlights the difference in community composition between areas with none of that land cover, and those with just a small percentage.

HII impacted spatial variation in communities in much the same way as the land-use predictors. After an initial increase in dissimilarity between communities with increasing HII, there was a leveling off. There are several reasons why this could be the case. For example, Tratalos et al. (2007) found that richness of all species initially increased faster with household densities (one of the measures included in the HII) than urban adapted species, but these then declined significantly after peaking at a very low density. For urban areas, captured within HII, this could highlight the initial homogenization impact of urbanization, with urban areas similar after this initial disturbance driven by an increase in generalists and loss of specialists (Davey et al., 2012). However, as HII is a composite measure, this cannot be conclusively confirmed from these results alone. The human influence captured in this measure may also be masked at this scale as it is likely that a remnant of suitable habitat with lower human disturbance exists within a quadrat, or near to a quadrat (Fattorini et al., 2016). As this study is also only considering presence/absence, it also makes no inferences about abundance, which is likely more sensitive to human influence, and which could be very different between quadrats (Tratalos et al., 2007).



Future Climate and Land-use Change

The importance of both climate and land-use variables points toward potential future disruption of community composition if these drivers increase in intensity as is expected (Seto et al., 2012; Watts et al., 2015). The latitudinal divide between northern and southern (or highland and lowland) community composition also indicates that future warming could see species extirpations/extinctions from the colder, northern regions of the United Kingdom (Tayleur et al., 2016). This would also likely see an increased similarity of the northern communities with southern communities as southern species extend their ranges northward (Hickling et al., 2006). However, species extending their ranges into the UK from Europe could obscure this impact, so studies approaching this question should focus on species identities. Indeed, this has already been observed in the study of bird abundance within England, with resident and short-distance migrants increasing in abundance through time potentially at the expense of long-distance migrants, habitat specialists and cold-associated species (Pearce-Higgins et al., 2015). With many rare species also dispersal limited, future changes in land-use and climate could potentially extirpate some of the few rare bird species Britain has (Baur, 2014).



Limitations

While we consider a range of predictors, we have not included measures of biotic interactions. Competitive interactions and predator presence/abundance can all have an impact on spatial beta-diversity (Wittwer et al., 2015; Koròan and Svitok, 2018). Abundance differences between sites were also not directly considered due to a lack of appropriate data. Given that a species’ abundance can be an important determinant of that species’ influence on ecosystem functioning (Winfree et al., 2015; Gaston et al., 2018), future studies aiming to analyze spatial variation in community and functional composition should attempt to analyze measures of population size.




CONCLUSION

Spatial variation in both the taxonomic and functional composition of United Kingdom breeding birds is driven mainly by species turnover, which can be explained through a combination of geographical distance per se and environmental gradients. The unique variance explained by distance alone could reflect an important role for dispersal limitation in driving these patterns, but more work is needed, as this variance component could also be due to a process not considered here. In contrast, species loss/gain, observed through nestedness between sites, was driven mainly by environmental factors. Future climate warming and land-use change could lead to an increase in the loss of species, particularly cold-adapted or rare and dispersal-limited, from communities, particularly in the north and in the uplands. With turnover driving these patterns, broad-ranging conservation efforts would be preferable to conservation focused on target areas (Si et al., 2016).

Future work should look for potential synergies between climate and land-use in order to assess if future increases in both could potentially have larger than expected impacts on biodiversity based on the individual effects of each in isolation (Brook et al., 2008; de Chazal and Rounsevell, 2009; Mantyka-pringle et al., 2012; Frishkoff et al., 2016). Future comparison between the results presented here and results of similar tests from areas in different climate regions or in less disturbed regions than the United Kingdom would also be informative. For example, in tropical systems it would be expected that, as the United Kingdom is a post-perturbation system and rates of habitat loss will be higher in the tropics, land use will play a larger role in driving community composition dissimilarity between sites than found here (Hansen et al., 2013). Another potential future research direction could be to assess whether other taxonomic groups within the British Isles have similar patterns of functional or taxonomic beta-diversity, or whether the patterns observed here are bird-specific.
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Phylogenetic diversity aims to quantify the evolutionary relatedness among the species comprising a community, using the phylogenetic tree as the metric of the evolutionary relationships. Could these measures unveil the evolutionary history of an area? For example, in a speciation hotspot (biodiversity cradle), we intuitively expect that the species in the community will be more phylogenetically clustered than randomly expected. Here, using a theoretical simulation model, we estimate the ability of phylogenetic metrics of current diversity to detect speciation history. We found that, in the absence of dispersal, if the incipient species do not coexist in the region of speciation (as expected under allopatric speciation), there was no clear phylogenetic clustering and phylogenetic diversity failed to detect speciation history. But if the incipient species coexisted (sympatric speciation), metrics such as standardized effect size of Faith’s Phylogenetic Diversity (PD) and of Mean Nearest Taxon Distance (MNTD) were able to identify areas of high speciation, while Mean Pairwise Distance (MPD) was a poor indicator. PD systematically outperformed MNTD. Dispersal was a game-changer. It allowed species to expand their range, colonize areas, and led to the coexistence of the incipient species originating from a common ancestor. If speciation gradient was spatially contiguous, dispersal strengthened the associations between phylogenetic clustering and speciation history. In the case of spatially random speciation, dispersal blurred the signal with phylogenetic clustering occurring in areas of low or no speciation. Our results imply that phylogenetic clustering is an indicator of speciation history only under certain conditions.

Keywords: phylogenetic diversity metrics, speciation history, simulation model, dispersal, extinction


INTRODUCTION

Phylogenetic diversity is a facet of biodiversity that is worthy of investigation as it incorporates evolutionary history in community analyses (Webb, 2000; Mazel et al., 2016). Phylogenetic diversity of natural communities has been used to illuminate the processes governing the assembly and coexistence of species in ecological communities (Webb, 2000; Hardy and Senterre, 2007) based on the debated assumption that phylogenetic relatedness reflects ecological similarity (Tucker et al., 2018). Phylogenetic diversity has been used as a tool in the selection of conservation targets and designation of protected areas since the 1990s (Faith, 1992; Mazel et al., 2017). This led to the development of spatial phylogenetics, with a line of research focusing on identifying centers of endemism and distinguishing between neo- and paleo-endemism (Mishler et al., 2014; Kougioumoutzis et al., 2021). This approach led to the use of phylogenetic diversity measures to infer biodiversity cradles (areas where species diversify into new species often neo-endemics) and museums (areas where species persist over a long-term evolutionary time) (Dagallier et al., 2020). Despite the intuitive appeal of this approach, the reliability of current phylogenetic diversity data to identify such historic signal of speciation in areas has received limited attention, with studies focusing mainly on the structure of phylogenetic tree (Mazel et al., 2016; Eme et al., 2020), while the factors that affect the efficiency of this surrogacy have not received critical evaluation.

Here, we aim to test if current phylogenetic diversity can detect speciation history of a region. In simpler terms, is there an association between phylogenetic clustering of the present and a community’s history of speciation events? Speciation is difficult (if not impossible) to be examined empirically, since it occurs over evolutionary time frames and many other variables impact the phenomenon in complex ways. Therefore, we developed a theoretical simulation model to test if there is a relationship between phylogenetic diversity indices and history of speciation events, and if so to quantify the relative efficiency of different phylogenetic diversity indices (reflecting either the total phylogenetic history of the area or the species evolutionary pairwise distance). Since phylogenetic diversity and species richness are closely linked, we examined not the indices per se but their Standardized Effect Sizes, i.e., their deviation from random expectations given the species richness, indicating phylogenetic clustering. We simulated speciation, local extinction and dispersal in a theoretical model, to assess how different processes (like dispersal and local extinctions) affect the ability of phylogenetic diversity to detect speciation history. Our study focused on how these processes shape the spatial patterns of phylogenetic diversity.



METHODS


The Model

We developed a simple theoretical model simulating the processes of speciation, local extinctions, and dispersal to explore the relationship between speciation and phylogenetic diversity after 300 time steps. The model was employed to a hypothetical one-dimensional landscape, consisting of 90 cells. Cells were divided into three groups with different speciation rate reflecting a “gradient speciation landscape”: (i) high speciation rate (first 30 cells), where two speciation events occurred in one randomly selected cell per time step, i.e., 20 events per cell after 300 time steps on average, (ii) low speciation rate (next 30 cells), where one speciation events occurred in a randomly selected cell, i.e., 10 events per cell after 300 time steps on average, and (iii) no speciation (last 30 cells). Speciation was spatially autocorrelated. Note that due to stochasticity, the number of speciation events varied among the cells of each group. In this landscape, we ran different sets of simulations by varying initial local species richness, size of the initial species pool, local extinction rate, and dispersal. For simplicity, we examined each variable independently keeping the values of the remaining variables fixed (50 repetitions per set). We also examined the case of “random speciation hotspots” where we had 30 cells of high speciation, 30 cells of low speciation and 30 cells of no speciation, but the spatial arrangements of these cells were random, i.e., the speciation level of a cell provided no information about the speciation level of its neighbors.

In the first step, we generated a random coalescent phylogenetic tree, using rcoal function of package ape (Paradis, 2012). Pilot studies showed that using different models for generating random phylogenetic trees influenced our results quantitatively but not qualitatively, possibly because our analysis did not focus on the structure of the phylogenetic tree but on the spatial patterns of phylogenetic diversity (Supplementary Material). From the initial tree we estimated the minimum branch length, and at each time step we added one fifth of this length to the branch length of all tips of our tree. All the species in the initial tree defined as the original species pool were randomly assigned to cells (local species richness), considering that all species were represented with equal probability and all cells were equally probable to host a species. In the simulations exploring the effect of the species pool size, total species richness ranged from 100 up to 1,600 species, and when fixed, the value was set to 400 species. The initial local species richness was a fraction of the original species pool and ranged between 20 and 200 species (default value = 40). All cells started off with similar number of species, and similar levels of phylogenetic diversity. Each species consisted of a number of local populations (i.e., the species presence in the different cells). All processes were simulated to operate at the local scale, i.e., speciation, extinction and dispersal affected these local populations.

The focus of our simulation is the spatial patterns of speciation and how they are reflected in the spatial patterns of phylogenetic diversity. Following the generation of the phylogenetic tree and assembly of local communities of similar levels of phylogenetic and taxonomic diversity, we simulated random speciation events by selecting one of the species in a cell and adding a new tip in the existing one of the tree with the bind.tip function of package phytools (Revell, 2012). The probability of each species in the cell to be selected was equal. In other words, as the local species richness increases the probability for a given species to undergo speciation decreases. These events occurred in a cell, but the tree was the same for all cells. Based on the classic definition, allopatric speciation corresponds to the isolation of two initial populations belonging to the same ancestral species, given that isolation is long enough to ensure reproductive isolation, results in the emergence of two new incipient species with disjunct distributions (Mayr, 1942; Gavrilets, 2003; Harrison, 2012). In our simulations, we considered as the “allopatric” speciation mode the case where isolation of a local population in one cell led to a speciation event where one of the incipient species was found in that cell while the other incipient species was found only outside that cell. The “allopatric” mode of speciation can occur effectively, only when the ancestral species occurred in at least two distinct cells. Sympatric speciation is “speciation without geographic isolation” (Mayr, 1942). Here, we considered as “sympatric” speciation mode the case when both new incipient species occurred in the cell where the speciation event took place, with the one incipient species occurring only there and the other occurring throughout the ancestral species’ extent.

Local extinction was defined as the probability of a local population to go extinct, i.e., the presence of the species in other cells was not affected by the local extinction event. At each time step, all local populations faced the same probability of extinction. Therefore, species present in many cells had lower probability to go extinct from the entire landscape than species present in only few cells. We simulated a range of local extinction probability values from 0.05% up to 1% (default value = 0.1%).

Similarly, dispersal was simulated as a local scale phenomenon. At each time step, each local population may disperse to one of its adjacent cells with a probability that was equal for all species and set at 5%. We tested other dispersal rates (5, 10, 15, and 20% probability that a local population will disperse to an adjacent cell), but the results were only regarding the role of the spatial pattern of speciation hotspots (i.e., “gradient speciation landscape” vs “random speciation hotspots”). Given that our hypothetical landscape is a torus, there was no effect of the margins. Dispersal probability equal to zero represented the case of no dispersal, in which at least one of the new incipient species was local endemic of the region where they appeared.

After 300 time steps, we pruned the phylogenetic tree to remove the extinct from the landscape species, and for each cell we estimated three phylogenetic diversity indices quantifying different facets of phylogenetic diversity: Faith’s (1992) phylogenetic diversity metric (PD), mean pairwise distance (MPD), and mean nearest taxon distance (MNTD). Faith’s (1992) PD reflects the cumulative evolutionary history of all species in a community, and was calculated as the sum of the branch lengths of a phylogenetic tree connecting species of each cell. MPD is a divergence index defined as the mean pairwise phylogenetic distance of all species of each cell (Webb, 2000). The MNTD quantifies the phylogenetic distance to the nearest relative of each species in the community (Webb, 2000). Given that the phylogenetic diversity indices are correlated to species richness (Tucker et al., 2018), we estimated the Standardized Effect Size (SES) of all indices using the null model taxa.labels that shuffles the location of each species in the phylogenetic tree retaining the community structure (199 runs). In our null models, if a certain species was not present at any cell at time step 300, it was removed from the phylogenetic tree and the relevant branch lengths were not used to compute the Standardized Effect Sizes. The calculations were performed with the picante package (Kembel et al., 2010).



Analysis

We evaluated the ability of phylogenetic diversity indices at time step 300 to reflect the speciation history by exploring the relationship between the SES of phylogenetic indices and the number of the speciation events that occurred in each cell with linear model analysis. The species richness in each cell is the product of speciation, extinction and dispersal, but we were interested in quantifying the ability of the index to detect speciation history of each cell. The indices’ efficiency was quantified by the goodness of fit of the linear model coefficient of determination (R2). We considered that the index did not detect speciation events in the case of non-significant relationship. To estimate the importance of the different factors in shaping the efficiency of each index we used linear regression with the index efficiency as dependent variable and the value of the different factors as independent when all other factors were fixed to their default values.



RESULTS

In the absence of dispersal, the standardized effect sizes of phylogenetic diversity indices PD and MNTD detected the speciation hotspots when speciation was simulated as “sympatric” (Figure 1; for PD p < 0.0001, R2 = 0.67; for MNTD p < 0.0001, R2 = 0.57; and for MPD p = 0.18, R2 < 0.01), while they failed to detect the speciation signal in the case of “allopatric” speciation (Figure 2 left column). Among the three indices analyzed, the SES of PD systematically outperformed the SES of MNTD, whereas SES of MPD was weaker and tended to give insignificant associations. Therefore, we will focus our results on the SES of PD and of MNTD.


[image: image]

FIGURE 1. The relationship between the standardized effect size of PD (A), MNTD (B), and MPD (C) and the number of speciation events per cell. The linear regression was significant in the case of the standardized effect size of PD (p < 0.0001, R2 = 0.67), and of MNTD (p < 0.0001, R2 = 0.57), but not significant in the case of MPD (p = 0.18, R2 < 0.01). Initial species pool 400 species, initial local species richness 40 species, local population extinction probability 0.1%, no dispersal and sympatric speciation mode.
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FIGURE 2. Without dispersal, the effect of the initial local species richness for fixed species pool (A,B), the size of the initial species pool for fixed species richness per cell (C,D), and the probability of local extinctions (E,F) on the efficiency of the standardized effect size of PD as indicator of speciation history (quantified using the coefficient of determination R2). The allopatric speciation mode results are in the left column, while the sympatric speciation mode results in the right column. To assess the role of each factor independently we kept all the other values fixed at their default values (initial local richness = 40 species, species pool size = 400 species, probability of local extinction = 0.1%.


In the absence of dispersal and the “sympatric” speciation mode, the initial local species richness (all else equal) had a conspicuous effect on the ability of phylogenetic clustering to detect speciation (for SES of PD Figure 2B, p < 0.0001, R2 = 0.62, for SES of MNTD p < 0.0001, R2 = 0.54). Given that the speciation rate (the number of speciation events) is fixed for each cell, regardless of the initial species richness of the cell, or the initial species pool size, the probability for a given species to undergo speciation is in fact decreasing for an increasing initial local species richness. On the other hand, the size of the initial species pool (all other factors fixed) did not greatly affect the efficiency of phylogenetic indices (for SES of PD Figure 2D, p = 0.0007, R2 = 0.03, for SES of MNTD p = 0.0041, R2 = 0.02), highlighting that the ratio of original species richness to speciation events matters. Perhaps, this is due to the simulation method of speciation process followed here, and using a proportional speciation rate (all species keep the same probability to speciate a given time) might lead to different results. Regarding local extinctions, given that local populations of all species had equal probability to go extinct, the effect of local extinctions on the ability of phylogenetic diversity indices to detect speciation history was significant but weak, with increased local extinction probability being associated with lower efficiency (for SES of PD Figure 2F, p < 0.0001, R2 = 0.17, for SES of MNTD p = 0.0013, R2 = 0.03).

Dispersal was a game-changer. With dispersal, the efficiency of phylogenetic clustering to detect speciation hotspots strengthened considerably (Figure 3) and the “allopatric” mode of speciation displayed as strong associations as the “sympatric” mode of speciation. The effect of initial local species richness (for “allopatric” mode of speciation: SES of PD Figure 3A, p = 0.0040, R2 = 0.04, for SES of MNTD p = 0.0002, R2 = 0.07; for “sympatric” mode of speciation: SES of PD Figure 3B, p = 0.55, R2 < 0.01, for SES of MNTD p = 0.0275, R2 = 0.02) and initial local species pool weakened (for “allopatric” mode of speciation: SES of PD Figure 3C, p = 0.0515, R2 = 0.01, for SES of MNTD p = 0.0004, R2 = 0.04; for “sympatric” mode of speciation: SES of PD Figure 3D, p = 0.55, R2 < 0.01, for SES of MNTD p < 0.0001, R2 = 0.07). The role of local populations extinction probability did not appear to alter compared to no dispersal, with increased extinctions being associated with lower efficiency (for “allopatric” mode of speciation: SES of PD Figure 3E, p < 0.0001, R2 = 0.05, for SES of MNTD p = 0.0003, R2 = 0.04; for “sympatric” mode of speciation: SES of PD Figure 3F, p < 0.0001, R2 < 0.10, for SES of MNTD p < 0.0001, R2 = 0.05).
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FIGURE 3. With a 5% probability of dispersal for each local population to its nearest neighbor cell, the effect of the initial local species richness for fixed species pool (A,B), the size of the initial species pool for fixed species richness per cell (C,D), and the probability of local extinctions (E,F) on the efficiency of the standardized effect size of PD as indicator of speciation history (quantified using the coefficient of determination R2). The allopatric speciation mode results are in the left column, while the sympatric speciation mode results in the right column. To assess the role of each factor independently we kept all the other values fixed at their default values (initial local richness = 40 species, species pool size = 400 species, probability of local extinction = 0.1%).


Dispersal plays an important role on whether phylogenetic clustering reflects speciation. Dispersal allows the two incipient species originating from the same ancestor to coexist. But dispersal could allow this coexistence to take place in areas where no speciation events occurred. So to elucidate the role of dispersal, we examined two cases when speciation hotspots were spatially contiguous, and there it became apparent that dispersal increased the effectiveness of phylogenetic clustering to detect speciation hotspots up to a point, in our case ∼5% (Figures 4A,C). But more illuminating is the case where speciation hotspots were randomly distributed across the landscape, where even low levels of dispersal meant that coexistence of related incipient species could occur in all areas irrespective of their speciation history, and thus phylogenetic clustering failed to detect the speciation history (Figures 4B,D).
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FIGURE 4. The effect of dispersal probability on the efficiency of the standardized effect size of PD as indicator of speciation history, for allopatric mode of speciation (A,B) and the sympatric mode (C,D), when speciation hotspots were spatially continuous (A,C) and when they were random (B,D). All other factor fixed at their default values (initial local richness = 40 species, species pool size = 400 species, probability of local extinction = 0.1%).




DISCUSSION

Our simulations support the use of current phylogenetic clustering as indicator of a region’s speciation history, but only under specific conditions. The intuitive expectation that speciation events in an area may lead to declines in phylogenetic diversity (after accounting for the species richness, i.e., phylogenetic clustering) (Davies and Buckley, 2011) applies when both the incipient species coexist in the same region of high speciation and not elsewhere. This occurs in our model when speciation is sympatric and there is no dispersal, or when there is a spatially contiguous speciation gradient and local dispersal allows the introduction of the second incipient species in the region of the first incipient species and vice versa.

In allopatric speciation, geographical isolation of a species in a region leads to local differentiation that over sufficient evolutionary time results in reproductive isolation from the initial species and hence, the ancestral species leads to two new incipient species with disjunct distributions (Harrison, 2012). In this case, the two incipient species do not coexist in the same region (Wen et al., 2014). Therefore, the total phylogenetic diversity of the community is not significantly affected, and the phylogenetic diversity indices cannot detect the speciation gradient, unless the second incipient species is introduced in the region. On the other hand, the two incipient species coexist in the area in the sympatric speciation (Skeels and Cardillo, 2019). Thus, overall phylogenetic diversity of the area is significantly lower than random assemblages with the same species richness and SES of PD and MNTD phylogenetic diversity indices capture the speciation signal. The PD systematically (albeit slightly) outperformed MNTD in terms of efficiency, while MPD index weakly detected the speciation signal and was an unreliable indicator. This difference in efficiency may be due to MPD being more strongly influenced by the deep branching structure of the tree and thus by basal clustering rather than what happens in the tips of the phylogenetic tree, in contrast to PD and MNTD that are less sensitive to internal branching and therefore more sensitive to patterns occurring at the tips of the tree, like recent speciation events (Mazel et al., 2016).

In our model, extinction was simulated as a local phenomenon that did not differentiate between species and was spatially uniform (i.e., we did not include in our simulations extinction gradients or biodiversity museums). Spatially uniform extinction lowered the total species richness of each region and decreased the size of the total species pool, making deviations from random expectations more difficult to detect due to small numbers. So, the efficiency of phylogenetic diversity to detect speciation declined but the effect was not very strong.

In the absence of dispersal, the efficiency of phylogenetic clustering to detect speciation gradients becomes more pronounced as the ratio of speciation events to original species richness increases. It is this ratio, rather than the size of the total species pool throughout the landscape, that significantly affects the efficiency of phylogenetic indices. At the community level, if speciation events are few compared to the community’s total species richness, their contribution to phylogenetic diversity patterns is very small. Therefore, the standardized effect size of indices is closer to random expectations.

Dispersal plays an important role in this phenomenon changing the picture drastically. Dispersal provides a rescue effect to counteract local extinctions, as well as means for range expansion, thus nullifying the effect of initial species richness. In allopatric speciation, the new incipient species originating from the same ancestral species do not coexist, and thus they do not affect phylogenetic clustering. But even moderate levels of dispersal, will allow the introduction of the absent incipient species in the speciation hotspot leading to phylogenetic clustering. But simultaneously, dispersal will allow the incipient species to expand their range and colonize new areas. This reinforces the possibility that the incipient species originating from the same ancestral species will coexist in areas with no speciation, and thus phylogenetic clustering may be observed in areas of low or no speciation. This renders the role of spatial pattern of speciation very important. If speciation occurs in a spatially autocorrelated way (e.g., along geographic latitude), then areas adjacent to speciation hotspots will also be speciation hotspots (albeit for other species), and thus the phylogenetic clustering in a speciation hotspot will increase, even if this increase is not due to speciation per se. If speciation occurs in a spatially random way the results will be drastically different, and dispersal will blur the signal of speciation leading to phylogenetic clustering in areas of no speciation, making phylogenetic clustering an unreliable indicator of past speciation history.

Our model is the simplest model, i.e., the model with the fewer assumptions that allowed us to disentangle the effect of speciation. All other processes (initial biodiversity, extinction, dispersal) were spatially uniform. Our model did not incorporate any spatial structure in the original distribution of the species (but dispersal led to spatially autocorrelated species ranges). Also, species traits (e.g., extinction risk, dispersal, speciation probability) were equal among species and had no phylogenetic signal. Future work will look into relaxing these simplifying assumptions and investigate their importance.

Concluding, the use of phylogenetic clustering of current biodiversity as an indicator of the regions’ speciation history should be done with caution, since allopatric speciation does not lead to phylogenetic clustering in the absence of dispersal; and if there is dispersal and past speciation is not spatially autocorrelated, phylogenetic clustering may occur in regions of low or no speciation.
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Species abundance distributions (SADs) describe community structure and are a key component of biodiversity theory and research. Although different distributions have been proposed to represent SADs at different scales, a systematic empirical assessment of how SAD shape varies across wide scale gradients is lacking. Here, we examined 11 empirical large-scale datasets for a wide range of taxa and used maximum likelihood methods to compare the fit of the logseries, lognormal, and multimodal (i.e., with multiple modes of abundance) models to SADs across a scale gradient spanning several orders of magnitude. Overall, there was a higher prevalence of multimodality for larger spatial extents, whereas the logseries was exclusively selected as best fit for smaller areas. For many communities the shape of the SAD at the largest spatial extent (either lognormal or multimodal) was conserved across the scale gradient, despite steep declines in area and taxonomic diversity sampled. Additionally, SAD shape was affected by species richness, but we did not detect a systematic effect of the total number of individuals. Our results reveal clear departures from the predictions of two major macroecological theories of biodiversity for SAD shape. Specifically, neither the Neutral Theory of Biodiversity (NTB) nor the Maximum Entropy Theory of Ecology (METE) are able to accommodate the variability in SAD shape we encountered. This is highlighted by the inadequacy of the logseries distribution at larger scales, contrary to predictions of the NTB, and by departures from METE expectation across scales. Importantly, neither theory accounts for multiple modes in SADs. We suggest our results are underpinned by both inter- and intraspecific spatial aggregation patterns, highlighting the importance of spatial distributions as determinants of biodiversity patterns. Critical developments for macroecological biodiversity theories remain in incorporating the effect of spatial scale, ecological heterogeneity and spatial aggregation patterns in determining SAD shape.

Keywords: spatial scale, biodiversity, community structure, multimodality, macroecology, maximum entropy theory of ecology, neutral theory of biodiversity and biogeography


INTRODUCTION

Species Abundance Distributions (SADs) describe the relative abundance of the species within a community. Looking at the whole distribution allows accounting for different aspects that univariate metrics measure separately and readily integrating concepts such as rarity and dominance (Magurran, 2004; McGill et al., 2007). SADs are thus a synthetic measure of biodiversity and community structure, and a key component of biodiversity theory and research. The two most common distributions used to describe SADs are the logseries (Fisher et al., 1943) and the lognormal (Preston, 1948). These distributions differ mainly in the proportion of rare species they predict; specifically, the logseries has no internal mode, with singletons as the modal class, whereas an unveiled lognormal has one internal mode for species with intermediate abundances (Fisher et al., 1943; Preston, 1948). Additionally, multimodal SADs, i.e., with more than one mode of abundance can also occur (Gray et al., 2006; Dornelas and Connolly, 2008). While this pattern had been mostly disregarded, a recent empirical meta-analysis showed that not only is multimodality more common than previously recognized, it is also more likely to occur for communities encompassing larger spatial extents or with higher taxonomic diversity (Antão et al., 2017). Despite decades of research, multiple hypotheses and theories proposed to explain SADs, a thorough understanding of what drives SAD shape is still lacking (Hubbell, 2001; Connolly et al., 2005; Green and Plotkin, 2007; McGill et al., 2007); this gap is particularly apparent for large spatial scales (Enquist et al., 2019; Fukaya et al., 2020). A systematic empirical assessment of how SAD shape varies with scale is needed to improve our understanding of the mechanisms underpinning SAD shape, and consequently community structure. Given the pivotal role of SADs in biodiversity research, these insights will further facilitate assessments of ongoing biodiversity change.

Understanding how SAD shape varies with sampling scale is a long standing question in ecology (Fisher et al., 1943; Preston, 1948; McGill et al., 2007; Zillio and He, 2010). Both sampling effects and spatial scale are known to affect SAD shape (Fisher et al., 1943; Preston, 1948; Pielou, 1977; Hubbell, 2001; Connolly et al., 2005; Green and Plotkin, 2007). Two approaches to understanding the scaling properties of SADs can be used: downscaling—i.e., try to predict the shape of SADs at smaller scales from the regional scale (e.g., Hubbell, 2001; Green and Plotkin, 2007), and upscaling—i.e., try to infer the SAD for larger spatial scales by pooling smaller scale SADs (Šizling et al., 2009b; Zillio and He, 2010; Borda-de-Água et al., 2012). However, analyzing SADs across different spatial scales has remained largely unexplored (but see Rosindell and Cornell, 2013). As there is no single ideal scale for studying SADs (Wiens, 1989; Levin, 1992), systematically assessing SADs along spatial scale gradients allows us to make stronger inferences about patterns of commonness and rarity across scales, and can potentially provide insights to help disentangle which processes are relevant at different scales.

Generally, SAD studies have relied on sampling theory approaches to address the relationship between the large regional community and local scale SADs. For instance, Fisher et al. (1943) viewed the logseries as resulting from a random sample from a gamma distribution (i.e., SADs at smaller scales are random subsamples of SADs at larger scales). The “veil line” proposed by Preston (1948) was a first attempt to explain that the absence of rare species in small samples would lead to a truncation of the “true” underlying lognormal distribution, which would gradually disappear with increasing sampling. The lognormal has since been a particularly prominent SAD model, emerging as the statistical expectation of the Central Limit Theorem (i.e., SADs result from random multiplicative processes acting on species abundances), and from population dynamics and niche partitioning models (Preston, 1948; May, 1975; Magurran, 2004; McGill et al., 2007). However, unveiling does not simply reveal the left-end of the distribution by rigidly moving the veil, but the shape of the overall distribution also changes (Pielou, 1977; Dewdney, 1998; McGill, 2003b), which can affect the overall proportion of the rarest species. For instance, McGill (2003b) showed that pooling repeated autocorrelated small samples can lead to the log-left-skew reported in many empirical SADs, i.e., the existence of more rare species than predicted by a lognormal distribution (Hubbell, 2001). This phenomenon can nonetheless be driven by biological mechanisms, where SAD shape reflects changes in community structure, such as the signature of core-transient species temporal dynamics (Magurran and Henderson, 2003).

Crucially, SAD shape is affected by how species are distributed in space. One of the fundamental patterns in ecology is that individuals are not randomly distributed in space (Condit et al., 2000; McGill, 2010), with both theoretical and empirical studies evaluating these effects. Spatial aggregation patterns and turnover affect SAD shape when upscaling from smaller areas (Šizling et al., 2009a). Green and Plotkin (2007) developed a statistical sampling theory for SAD incorporating conspecific spatial aggregation patterns. They showed that when sampling from regional SADs with randomly distributed populations (i.e., Poisson sampling), the sampled SADs would exhibit the same functional form as the regional SAD. In contrast, using a more realistic description of species spatial aggregation patterns (i.e., negative binomial sampling), sampled SADs diverged from the regional SAD. Specifically, this conspecific spatial aggregation led to sampled SADs skewed toward both rare and more abundant species (Green and Plotkin, 2007). Interspecific differences in aggregation rates were also suggested to produce bimodal abundance distributions (Alonso et al., 2008), which in turn partially explain the existence of multiple modes (two, but not the three modes) in a coral SAD (Dornelas and Connolly, 2008). Subsequently, and taking a completely different approach while attempting to upscale SADs, Borda-de-Água et al. (2012) similarly predicted a bimodal SAD for larger scales without including any information on species aggregation patterns. In this case, bimodality arises from an increase in the number of rare species with area (Borda-de-Água et al., 2002, 2012), with one mode occurring for the singletons class and another mode for intermediate abundance classes.

Two unified theories of biodiversity in particular make explicit predictions for SAD shape at different scales—the Neutral Theory of Biodiversity (NTB; Hubbell, 2001) and the Maximum Entropy Theory of Ecology (METE; Harte et al., 2008). Both theoretical frameworks can be thought of as null models, as they assume demographic equivalence between individuals (NTB), or do not include explicit ecological mechanisms (METE). While not the only theories of SADs, both provide null expectations for what SAD shape should emerge at different scales. Systematic discrepancies between empirical data and theoretical predictions can help identify important mechanisms that need to be accounted if we are to improve our ability to make stronger inferences about the processes driving SAD shape. Below, we provide only a brief outline of both theories’ assumptions relevant for our analysis, given the extensive literature devoted to them.

NTB assumes all individuals in an assemblage have equal demographic rates of birth, death, dispersal and speciation, irrespective of species identity (Hubbell, 2001), with stochastic drift and dispersal limitation as the processes explaining patterns of species occurrence and abundance. The spatially implicit NTB model includes two distinct spatial scales: a local community that consists of a dispersal-limited sample, and the metacommunity (larger scale) from which this sample is taken. In the original model, the metacommunity follows a logseries distribution and the local community follows a zero-sum multinomial distribution (ZSM), which includes fewer rare species than the logseries and resembles a left-skewed lognormal distribution (Hubbell, 2001; Rosindell et al., 2011). This latter distribution is controversial, with numerous studies comparing ZSM and lognormal performances on fitting empirical SADs (Hubbell, 2001; McGill, 2003a; Volkov et al., 2003, 2007; Dornelas et al., 2006). Subsequent model developments also yield a logseries SAD for the largest scale [e.g., spatially explicit model (Rosindell and Cornell, 2013); protracted speciation mode (Rosindell et al., 2010)].

METE is a spatially explicit theory of biodiversity based on the principle of maximization of information entropy (MaxEnt). METE only requires knowledge on four state variables to describe ecological communities: the area of an ecosystem, species richness, the total number of individuals, and total metabolic rate (the latter has been disregarded when analyzing SADs; Harte et al., 2008; Harte and Newman, 2014). MaxEnt rationale is that the least-biased inference of the shape of a probability distribution is as smooth and flat as possible, given the constraints (Harte et al., 2008). Using only these four state variables and without incorporating any specific ecological mechanisms, the most likely distributions for several macroecological patterns are found by maximizing information entropy. The logseries is the SAD distribution that emerges across spatial scales (Harte et al., 2008; Harte and Newman, 2014). Therefore, assessing the performance of the logseries for large scale SADs, as well as for different taxa, provides a relevant test both on current neutral models and a critical assessment of METE’s expectation of a scale-independent SAD. On the other hand, neither theory accounts for multimodal SADs.

Here, we systematically assessed empirical SADs shape across a gradient in spatial scale spanning several orders of magnitude and for different taxonomic groups spanning both marine and terrestrial realms. We assessed the effect of sampled area, taxonomic diversity (species and family richness) and total abundance on SAD shape. We aimed to compare predictions for SAD shape from macroecological theories, with sampling theory predictions and empirical patterns. Specifically, we contrasted expectations of a better fit of the logseries as outlined above following NTB or METE predictions (either for larger scales or invariant with scale, respectively) (1), with the expected better performance of lognormal distributions for larger samples (2), and further with recent empirical results showing that multimodality occurs with higher prevalence for larger areas or more diverse communities (3).



MATERIALS AND METHODS


Empirical Data

We analyzed 11 datasets sampled over large extents for different taxa, namely trees, birds, fish and benthos (Table 1). We selected datasets from the BioTIME database (Dornelas et al., 2018) with spatial extent larger than 150,000 km2 and for which the unique sampling locations were distributed across the study area so that the random splitting of the total extent would not result in portions without sampling locations (see below). Importantly, for all these datasets, samples were consistently collected using standardized methods (e.g., plots, transects or tows), where each sample consists of records of species and their abundance in a given time and location (more information can be found in each dataset’s original metadata, or from the BioTIME database). For each dataset, we used data corresponding to one year of sampling only, selecting the year with the most and more evenly distributed sampling locations. We further analyzed the Forest Inventory and Analysis Database (FIA; USDA Forest Service, 2010; Woudenberg et al., 2010)1, as we wanted to include a tree community data in our analysis to ensure the results are robust across a broad range of taxonomic groups. We obtained the latter data via the EcoData Retriever (Morris and White, 2013; McGlinn and White, 2015)2, and selected data from 2013 only. For each dataset, information of the taxonomic family corresponding to each species was retrieved. These empirical datasets cover a wide range of sampling grains (0.0001 to 25.4 km2) and total spatial extents (167,455 to 16,663,141 km2).


TABLE 1. Community data used and data sources.
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Implementing the Scale Gradient

All analyses were performed in the statistical software R (R Core Team, 2017). We established a scale gradient by using the fixed extent of the study area of each dataset and systematically partitioning this area into smaller portions as follows. We drew a circle encompassing all the sampling locations from each dataset and centered on the centroid of the sampling locations. A random point from the circle was selected to split the circle into halves, thirds, quarters, eights and sixteenths, using the initial random point from the bisection as reference (Figure 1). This process ensures the spatial relationship between the sections and the sampling locations is maintained. Further details on implementing the scale gradient can be found in Antão et al. (2019). Within each section, species abundances were pooled across all the individual samples to build the species abundance distributions. Thus, one SAD was calculated for the total extent (i.e., the largest level in our scale gradient), two SADs for the bisection level, three for the third level, and so forth. At each level, each section was annotated with the area, species richness (S), total abundance (N), and total number of families, to assess the effect of taxonomic diversity on SAD shape. The areas sampled were calculated using convex hull polygons encompassing the sampling locations within each section, using package rgeos (Bivand and Rundel, 2016; Figure 1).
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FIGURE 1. Schematic representation of the scale gradient, showing an example of how the encompassing circle was drawn to include all the sampling locations and a random point was selected to establish bisections (A,B) and thirds (C).




Model Fitting and Analysis

Along the scale gradient and for each section, each SAD was fitted with four alternative models, following the method implemented in Antão et al. (2017). Specifically, we employed maximum likelihood methods to explicitly compare the fit of logseries distributions (Fisher et al., 1943) and of mixtures of 1, 2, and 3 Poisson Lognormal distributions (1PLN, 2PLN, and 3PLN, respectively), where 2PLN and 3PLN are multimodal distributions (Pielou, 1969; Bulmer, 1974). We did not include the ZSM distribution in our comparisons, since our aim was to evaluate changes in SADs overall shape, rather than explicitly test NTB models or focus on detailed comparisons between alternative models fitting. This is further justified given: (1) the plethora neutral models, implementations and assumptions, without a clear way forward (Hubbell, 2001; McGill, 2003b; Etienne, 2005, 2007, 2009; Dornelas et al., 2006; Rosindell et al., 2011), (2) PLN mixtures can provide suitable alternatives to ZSM (Gray et al., 2005), and (3) ZSM is usually associated with scales overall much smaller than the lowest levels in our scale gradient. For each model above, best-fit parameters were found by minimizing the negative log-likelihood; parameter estimation was performed using the optimization routine nlminb(), with searches initialized from multiple starting points due to the possibility of several local maxima for more complex distributions (Dornelas and Connolly, 2008; Antão et al., 2017). All the fitting routines were run on non-binned data, and we only binned data for plotting purposes—SADs are traditionally plotted as histograms of the number of species as a function of abundance on a log2 scale, conveying the intuitive approach of doubling classes of abundance, called octaves (Preston, 1948; Gray et al., 2006). The second order Akaike’s information criterion for small sample sizes (AICc, Burnham and Anderson, 2002) was used for model selection. AICc was used throughout as it converges to AIC when the sample size is large (Burnham and Anderson, 2002), and previous work with simulated communities testing this PLN-mixture method has shown that BIC is too conservative and can be insensitive to deviations in SAD shape (Antão et al., 2017). Furthermore, because we were not interested in detecting multimodality per se, but rather in detecting changes in SAD shape, we assumed the best model to be the one selected by AICc, regardless of support level. We plotted smoothed density estimates of the model selected for each section as a function of the relevant variables across the scale gradient, i.e., sampling level, area sampled, species richness, total abundance and number of families, using the package ggplot2 (Wickham, 2009). These assessments were built for each community individually and for all the SADs together to provide an overview of how these variables affect SAD shape across the different datasets analyzed. In addition to using AICc as a model selection criterion, we quantified the deviations between the empirical SADs and the predictions of each model, by comparing the observed and expected number of species per octave.




RESULTS

We built 374 SADs, which included 4,684 species and over 142.5 million individuals. Overall, there was a higher prevalence of multimodal SADs for larger areas and for more taxonomically diverse datasets (Figures 2, 3 and Supplementary Figure 1), although some smaller areas or less diverse communities were also selected as multimodal. The logseries was never selected as best model for the total extent SADs, and was only selected for much smaller areas, and when species richness or number of families were proportionally much smaller (Figures 2, 3). That is, only 1PLN, 2PLN, or 3PLN provided adequate fit for the total extent SADs, with a better performance for multimodal models. As area sampled decreases, both species richness and total number of individuals are also expected to decrease. However, while species richness showed a similar effect to that of area on model selection, there was no clear pattern for total number of individuals across the datasets analyzed (Figure 3).
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FIGURE 2. Effect of the sampling level on SAD shape across the scale gradient, showing the aggregated pattern across all the communities (barplot) and for each individual community in the circular plots for terrestrial (top) and marine (bottom) datasets. The colors represent the best model selected by AICc, i.e., either 1PLN, 2PLN, 3PLN, or logseries.
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FIGURE 3. Effect of area sampled (A), species richness (B), total number of individuals (C), and number of families (D) on SAD shape (best model selected) aggregated across all the communities (see Supplementary Figure 1 for plots for each individual community). Plots were built using the function geom_density from the ggplot package in R (Wickham, 2009), which computes smoothed versions of histograms for continuous variables.


For the SADs selected as multimodal at the total extent, multimodal models most often provided the best fit across the scale gradient. This was the case for the FIA tree inventory, the BBS and OBBA bird, and the RLS fish datasets (Figure 2 and Supplementary Figure 1). The average ΔAICc for multimodality vs. non-multimodality across the scale gradient was 5.53 for FIA, 11.01 for BBS, 6.39 for OBBA and 9.77 for RLS_Fish (calculated as (min AICc 2PLN/3PLN–min AICc 1PLN/logser) across all sections). Additionally, some datasets exhibited the expected pattern of progressing from multimodality to either 1PLN or logseries as sampled area decreased (MBBA and LBMP birds and IGFS fish datasets; Figure 2 and Supplementary Figure 1). The datasets that were better fit by 1PLN at the total extent showed some variability in the best fit models as area decreased. For these, 1PLN was still frequently selected as best model, but both logseries and multimodal models were selected for smaller scales (ECNASAP and NSIBT fish, SCRT benthos and RLS invertebrate datasets; Figure 2 and Supplementary Figure 1).

Deviations between the empirical SADs and each model’s predictions support the results above. For the datasets with consistent support for multimodality across the scale gradient, logseries consistently and severely overestimated the number of singletons and rare species (i.e., octaves 1–2) across the scale gradient, while 1PLN often underestimated them. In addition, both logseries and 1PLN either over- or underestimated the number of species with intermediate to high abundances (Supplementary Figure 2). On average, for these assemblages, deviations were smaller for 2 or 3PLN at every scale (FIA, BBS, OBBA, and RLS_Fish; Supplementary Figure 2). For the remaining multimodal SADs at the total extent, logseries again overestimated the number of rare species, while the PLN mixtures exhibited large deviations between the observed number of species and the models’ predictions across the distribution and across the scale gradient (Supplementary Figure 2). For the datasets better fit by 1PLN at the total extent, for RLS invertebrates, deviations are much smaller on average for 2PLN at every scale, while both logseries and 1PLN underestimated the number of rare species. For the remaining SADs, there was no clear pattern, but logseries was systematically unable to accurately predict the rarest and intermediate abundance classes (Supplementary Figure 2).



DISCUSSION

Our systematic assessment of empirical SADs shape across a wide scale gradient and taxa showed consistent variation in SAD shape. Furthermore, our results support previous findings of higher prevalence of multimodal SADs for larger areas or more taxonomically diverse communities (Antão et al., 2017), while the logseries never provided an adequate fit for larger and more diverse communities. In addition, we revealed a clear effect of area and taxonomic diversity in determining SAD shape, and a non-directional pattern for total abundance (for the aggregate communities’ results). Our findings clearly depart from two important macroecological theories predictions for the SAD. We discuss the implications of our results in turn below.


Variability in SAD Shape Across Spatial Scales

We compared the performance of different models to describe the SAD across a wide scale gradient to assess how the relative abundance patterns depend on spatial scale and also on taxonomic diversity (measured as species and family richness). For the communities selected as multimodal at the total extent, multimodality was consistently and strongly selected across the scale gradient, even for intense sampling effects of area and diversity. This indicates that multimodality is a robust feature of SADs and is indeed reflecting the structure of the underlying communities, rather than being a sampling (c.f. Barabás et al., 2013) or scaling artifact. The sections created across the scale gradient for these spatially large and taxonomically diverse datasets (FIA tree inventory, BBS and OBBA bird, and RLS fish surveys) still represent very large spatial extents. Additionally, due to the way the scale gradient was implemented, the spatial relationship between the sections is maintained. This further suggests that multimodality reflects the structure of the communities at these smaller scales, despite the marked decrease in number of species and total abundance as area sampled decreased. While using only AICc to select the best-fit model could potentially lead to the prevalence of multimodality being overestimated (Antão et al., 2017), there was consistent and strong support for 2PLN or 3PLN mixtures for these communities. Hence, we are confident the detection of multimodality in our analysis is robust. For these communities, SAD shape was overall conserved across a wide range of areas sampled, highlighting that dramatic shifts in key aspects of community structure are required for the overall SAD shape to change (e.g., Supp and Ernest, 2014). We further note that while we evaluated SAD scaling patterns using a single initial point to establish the scale gradient, in a related analysis we obtained consistent beta diversity scaling patterns across ten random initial points (Antão et al., 2019); we are thus confident the initial random point is unlikely to drive our results.

Clear shifts in SAD shape can provide information about relevant ecological and spatial factors affecting community structure at different scales. For the lognormal SADs at the total extent, but for which multimodality was frequently selected for smaller sections, this might be due to haphazard spatial decomposition of the community when splitting the total extent, and/or because of sampling effects. This can occur for instance if the communities become dominated by both rare and very abundant species, thus yielding multiple modes across the SAD (Gray et al., 2005; Green and Plotkin, 2007; see also Šizling et al., 2009b). When the common species are very abundant, 2PLN or 3PLN models are better able to accommodate both the rare and the most abundant species in the distribution, hence being selected despite the increase in number of parameters. Species spatial aggregation patterns can lead to one or a few species becoming extremely (proportionally) abundant for smaller areas. Simultaneously there is also a higher proportion of rare species in smaller samples, and hence a multimodal model provides a better fit than 1PLN. In contrast, logseries systematically failed to simultaneously accommodate rare and very abundant species.

Differences in species aggregation rates have been suggested to be related to the existence of multiple modes in both theoretical and empirical SADs (Green and Plotkin, 2007; Alonso et al., 2008; Dornelas and Connolly, 2008). Our findings suggest that multimodality occurring at smaller scales might be due to the spatial aggregation of individuals and species, where “hitting or missing” areas where a species is abundant can lead to the appearance of different modes. Hence, a multimodal model provides a better description for the SAD by accommodating both the rarest and the more abundant species, which neither the logseries nor a single PLN are able to do. Conspecific aggregation is one of the fundamental features of ecological communities (McGill, 2010). Our results suggest that species spatial aggregation is likely an important driver across scales [from local (see e.g., Šizling et al., 2009b) to truly continental scales] and taxa, which is consistent with a related analysis focusing on the scaling patterns of beta diversity (Antão et al., 2019). Finally, we also found transitions from logseries to lognormal as scale increased (Preston, 1948; Magurran, 2004). This finding is consistent with studies showing that the rate at which these transitions occur depend on species traits linked to the spatial distribution of individuals (Borda-de-Água et al., 2017; Dantas de Miranda et al., 2019). Overall, we have extended the range of scales usually evaluated in this type of analyses, both highlighting the importance of multimodal SADs, and showing clear patterns of SAD shape variability emerging across scales.



Comparison With Macroecological Theories

Our results clearly contrast with two key macroecological theories. The logseries was never selected as best fit for larger scales (i.e., larger areas, higher diversity or higher number of individuals) and was unable to accurately predict the abundances of both rare and common species. This clearly deviates from neutral models predictions of the logseries as the expected SAD for larger scales, including models with realistic speciation modes, that can produce more flexible metacommunity SADs and reduce the predicted number of singletons (Rosindell et al., 2010, 2011), but are still unable to provide adequate fit for large scale SADs (Fukaya et al., 2020) or accommodate multimodal SADs. Consistent with our results, a study of global rarity patterns in plants also found logseries distributions to inadequately fit global aggregate SAD, being outperformed by lognormal distributions (Enquist et al., 2019); interestingly multimodality was not evaluated. In addition, our findings also show a marked contrast with several studies reporting the success of METE models in characterizing general SAD shape (Harte et al., 2008; White et al., 2012; Xiao et al., 2015). For instance, the logseries was shown to provide a better fit to several empirical SADs with a wide range of “anchor scales” (White et al., 2012). This study included two communities analyzed here, namely the FIA tree and BBS bird datasets, for which multimodality was strongly selected along the scale gradient (although we did not analyze the smallest sample grain level). Yet, in agreement with our results, White et al. (2012) also reported that the logseries tended to overestimate richness for the lowest abundance classes, and the authors suggested that other METE formulations or neutral models could be used as alternatives, since they predict fewer singletons. While we have not directly analyzed either METE or neutral models, our results clearly illustrate that the logseries is not able to simultaneously deal with the rare and the abundant species tails. Hence, given that the logseries has been systematically outperformed, particularly for larger scales [here and in Antão et al. (2017) and Enquist et al. (2019)], it is unlikely that the logseries is an adequate descriptor of SADs across spatial scales. The same inability has been shown for the lognormal distribution, explicitly linked to species turnover and spatial aggregation patterns between the smaller scale SADs being pooled together in the theorethical famework proposed by Šizling et al. (2009a, b). A critical development is then to accommodate the variability in SAD shape with spatial scale, and crucially to include multimodality, given its high prevalence across all scales.

Our results do not invalidate the logseries or the lognormal as “realistic functional forms” for the SAD, as both were selected as best model for several communities (here, as well as in Antão et al., 2017). What our results clearly show is that the logseries is neither adequate as the single SAD distribution, as METE suggests, nor is it more likely to describe SADs at larger scales, contrary to NTB predictions (Hubbell, 2001; Pueyo et al., 2007; Rosindell et al., 2010). A model extending the neutral theory by incorporating size variation and growth dynamics [the size-structured neutral theory model (SSNT)] still assumes a logseries SAD (O’Dwyer et al., 2009). Comparisons of different model formulations for both METE and SSNT showed a better performance for the latter (O’Dwyer et al., 2009; Xiao et al., 2016), with the authors arguing that METE’s constraints are not fully capturing relevant biological processes influencing community structure. Furthermore, because derivations for other macroecological patterns depend on a logseries SAD (Harte et al., 2008), testing other SAD distributions to ensure those derivations are robust is warranted. For instance, Šizling et al. (2011) showed that incorporating spatial turnover at different scales affected local species area relationships derived from METE. Moreover, neither neutral nor METE models account for multiple modes in SADs, not to their higher prevalence at larger scales and for more diverse communities. Our results also suggest that the combination of S and N is not sufficient to determine SAD shape across spatial scales (White et al., 2012; Locey and White, 2013; Xiao et al., 2015), specifically as the total abundance across the scale gradient did not exhibit any systematic effect on SAD shape (for the aggregated results). Nonetheless, both area and species richness showed a strong influence on SAD shape, although the two variables are also strongly correlated (Rosenzweig, 1995). One of the advantages of using the METE approach is being able to interpret deviations from the expected distributions solely constrained by richness and abundance as evidence that other ecological features must be important in structuring communities (Harte et al., 2008; White et al., 2012; Xiao et al., 2016). Here, we show this must be the case for several large-scale empirical communties, and suggest that spatial aggregation patterns and ecological heterogeneity as potential such factors.

One potential explanation for the departure of the findings presented here from the two macroecological frameworks considered could be the scale gradient examined. This gradient spanned several orders of magnitude, and included very large areas, even for the smallest levels analyzed. Hence, it is possible that discrepancies between our results and those theoretical predictions might be at least partially attributable to differences in the spatial scales investigated (as noted above for the FIA and BBS datasets). The same is true for the spatial theory developed by Šizling et al. (2009a, b), which mainly focused on upscaling SADs for larger plots, but which remain much smaller than the smallest level in our analysis. In addition, and while we analyzed extensively and consistently sampled datasets with hundreds to several thousands of samples, it is particularly hard to obtain thorough abundance records at such large extents. Thus, sampling effects could also potentially influence our results, particularly at the largest scales, where sampling effects known to affect SAD shape may be more severe. Nonetheless, our results strongly support the suggestion that both NTB and METE might be more adequate for smaller scales (smaller areas and/or fewer individuals) (McGill, 2010), while the traditional SAD distributions are unable to accommodate SAD shape variability with scale, as we have clearly shown with consistent empirical patterns across taxa, and for both marine and terrestrial habitats.




CONCLUSION

Spatial scale and taxonomic diversity emerged as major drivers of variability in SAD shape. The systematic assessment of SADs at different spatial scales and for different taxa allows us to make stronger inferences about the commonness and rarity of species across scales. Our findings clearly show that neither NTB nor METE formulations are able to accommodate the variability in SADs shape across spatial scales. The interplay of SAD shape at different scales can highlight important mechanisms acting on ecological communities, namely both inter- and intraspecific spatial patterns that lead to different SAD shape as spatial scale changes. Furthermore, a critical development for macroecological theories is to predict or accommodate multimodal SADs, and crucially to incorporate the effect of spatial scale and ecological heterogeneity in determining SAD shape.
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Species abundance distributions (SADs) are increasingly used to investigate how species community structure changes in response to environmental variations. SAD models depict the relative abundance of species recorded in a community and express fundamental aspects of the community structure, namely patterns of commonness and rarity. However, the influence of differences in environmental conditions on SAD characteristics is still poorly understood. In this study we used SAD models of carabid beetles (Coleoptera: Carabidae) in three grassland ecosystems (desert, typical, and meadow steppes) in China. These ecosystems are characterized by different aridity conditions, thus offering an opportunity to investigate how SADs are influenced by differences in environmental conditions (mainly aridity and vegetation cover, and hence productivity). We used various SAD models, including the meta-community zero sum multinomial (mZSM), the lognormal (PLN) and Fisher’s logseries (LS), and uni- and multimodal gambin models. Analyses were done at the level of steppe type (coarse scale) and for different sectors within the same steppe (fine scale). We found that the mZSM model provided, in general, the best fit at both analysis scales. Model parameters were influenced by the scale of analysis. Moreover, the LS was the best fit in desert steppe SAD. If abundances are rarefied to the smallest sample, results are similar to those without rarefaction, but differences in models estimates become more evident. Gambin unimodal provided the best fit with the lowest α-value observed in desert steppe and higher values in typical and meadow steppes, with results which were strongly affected by the scale of analysis and the use of rarefaction. Our results indicate that all investigated communities are adequately modeled by two similar distributions, the mZSM and the LS, at both scales of analyses. This indicates (1) that all communities are characterized by a relatively small number of species, most of which are rare, and (2) that the meta-communities at the large scale maintain the basic SAD shape of the local communities. The gambin multimodal models produced exaggerated α-values, which indicates that they overfit simple communities. Overall, Fisher’s α, mZSM θ, and gambin α-values were substantially lower in the desert steppe and higher in the typical and meadow steppes, which implies a decreasing influence of environmental harshness (aridity) from the desert steppe to the typical and meadow steppes.

Keywords: species abundance models, gambin models, Carabidae, ground beetles, Asia, arid environments, grasslands


INTRODUCTION

Biodiversity loss is the most common consequence of the increasing environmental degradation due to anthropogenic changes (Barnosky et al., 2011; Redford et al., 2015; Kehoe et al., 2017). The current biodiversity crisis is not limited to the increasing rates of species extinctions, but involves all levels of biodiversity (Western, 1992; Borges et al., 2019). Local extinctions or even changes in species’ relative abundance lead to alterations in community structure and hence in ecosystem functioning (McCann, 2000; Balvanera et al., 2006). Thus, studies that model variations in community structure in response to changes in environmental characteristics may provide important information to predict how biodiversity will be affected by alterations in the balance of rare versus dominant species (Tsafack et al., 2019a; Ibanez et al., 2020).

Although the study of species abundance distributions (SADs) has a long tradition in ecology (Raunkiaer, 1909; Preston, 1948), the recent development of new statistical tools have led to an increasing interest in the use of SAD models to investigate patterns of species commonness and rarity in biotic communities (Matthews and Whittaker, 2014a, 2015; Fattorini et al., 2016; Picanço et al., 2017; Haddad et al., 2019; Matthews et al., 2019; Pennino et al., 2019). Also, SAD models may be used in conservation studies to predict species extinction risk (Kitzes and Harte, 2015) and ecosystem health (related to disturbance) (Dornelas et al., 2009) and, hence, to inform management actions (Kim et al., 2013; Miliči̇ć et al., 2017).

Several models have been proposed to describe the SADs (see Matthews and Whittaker, 2014a, b, 2015; Baldridge et al., 2016; Fattorini et al., 2018). One of the most commonly used models is the so-called log-normal (McGill, 2003). This model has been derived as a null form of the distribution resulting from the central limit theorem (May, 1975), and it is classified among the purely statistical models (McGill et al., 2007), but can be the limit of population dynamics (Engen and Lande, 1996), or niche partitioning (Bulmer, 1974; Sugihara, 1980). The lognormal, however, is problematic because it is a continuous distribution, thus allowing fractional abundances, and does not have an associated sampling theory. To address these problems, it has been proposed to use a Poisson sampling of individuals from a standard lognormal distribution (Matthews and Whittaker, 2014a). Thus, the resulting Poisson lognormal distribution describes the abundances of species in a Poisson sample of a community that follows a lognormal SAD. A SAD model frequently used in opposition to the lognormal is the Fisher log-series, which was initially derived as a purely statistical distribution (Fisher et al., 1943) and subsequently interpreted in relation with ecological processes (Hubbell, 2001; Volkov et al., 2003; Pueyo et al., 2007; Harte et al., 2008). The lognormal distribution is generally considered to best describe SADs of undisturbed and species rich communities, whereas SADs of disturbed communities tend to follow the Fisher logseries (May, 1975; Matthews and Whittaker, 2015; Ulrich et al., 2016). For example, Haddad et al. (2019) found that the log-series best fitted spider abundance distributions in riparian woodlands and grasslands which represent disturbed environments in the study area, while the Poisson log-normal best fitted spider abundance distribution in the hillside, the less disturbed environment.

Another popular SAD model is the metacommunity zero-sum multinomial (mZSM) distribution, which describes the SAD of a sample taken from a neutral metacommunity under random drift (Alonso and McKane, 2004). The mZSM follows one of the three assumptions of the neutral theory, that is, the zero-sum assumption [the two others are the neutrality assumption and the point mutation assumption: see Hubbell (2001) and Etienne et al. (2007)]. The zero-sum assumption states that the resources in the environment limit the individual abundance of the community species to a constant total number, because of zero-sum stochastic processes of birth, death and immigration. Therefore, resources are fully saturated at all times and a community following the mZSM model may be considered like a stable community. The neutral theory predicts that species abundance distribution in a local community is the mZSM distribution rather than the log-normal distribution. Compared to the log-normal distribution, the mZSM distribution has a long tail at the end of rare species, and its length depends on the community size and migration from the metacommunity (Zhou and Zhang, 2008).

As the log-series distribution is a limiting case of the mZSM, and the θ parameter of the mZSM tends to Fisher’s α as the number of individuals in the sample increases, the two models typically provide similar fits to SADs (Prado et al., 2018).

A recently proposed model that is gaining increasing popularity in the last years is the so-called gambin model (Ugland et al., 2007; Matthews and Whittaker, 2014a; Ibanez et al., 2020). The gambin model has been proposed as a very flexible model able to fit a wide ranges of distributions (Ugland et al., 2007; Matthews et al., 2014). The gambin model is a combination of a gamma distribution and a binomial sampling method. The gambin model is considered to date as the most parsimonious general model (Ugland et al., 2007; Matthews et al., 2019) as it has one parameter α which describes the shape of the species abundance curve. The gambin model may be uni- or multimodal. Multimodal gambin models have multiple α-values (i.e., one α per mode) (Matthews et al., 2019), and their interpretation is more complex. Gambin has been shown to provide good fits to a wide variety of empirical datasets, with low α-values indicating logseries-distributions (and hence communities where most species are rare) and higher values indicating more lognormal-distributions (and hence communities where most species are dominant) (Matthews and Whittaker, 2014a; Matthews et al., 2019). It has been also suggested that gambin α could be considered as a diversity index based on species equitability within the community (Ugland et al., 2007; Fattorini et al., 2016).

Use of these models to fit SADs of communities experiencing different environmental conditions may help understanding how habitat changes influence community structure (Fattorini et al., 2016; Picanço et al., 2017; Haddad et al., 2019; Matthews et al., 2019; Pennino et al., 2019). In the present study, we used the carabid beetles (Coleoptera Carabidae) of Chinese grassland ecosystems to investigate how SAD shapes are influenced by differences in environmental conditions, mainly aridity and vegetation cover, and hence productivity.

In China, there is a great variety of steppes, which are classified into four major types on the basis of the main differences in their vegetation, fauna, resource uses and management processes: desert, typical, meadow and alpine (Sun, 2005; Kang et al., 2007). Chinese steppes are undergoing degradation due to climate change and land-use intensification (mainly overgrazing with the increasing of livestock) (Lü et al., 2011; Werger and van Staalduinen, 2012; Tsafack et al., 2019a). These anthropic impacts are changing highly productive grasslands, such as the so-called meadow steppes, into arid areas with sparse vegetation, such as the so-called desert steppe. To slow down the degradation, several measures for grassland diagnosis have been suggested and among them are the unveiling of indicator species (Akiyama and Kawamura, 2007). However, there are no studies that use SAD models to investigate how species abundances vary among different types of steppes. Here, we used SAD models to depict the commonness and rarity of carabid species of three steppes characterized by different climatic conditions: the desert steppe (which is the most arid ecosystem), the typical steppe (which has intermediate conditions) and the meadow steppe (which is the less arid ecosystem). These different climatic regimes are associated with different forms of vegetation and hence productivity. The desert steppe, because of the highest aridity and lowest vegetation cover, is the less productive ecosystem, and it has been already shown that aridity and these parameters influence total carabid abundances (Tsafack et al., 2020).

Carabids are a prominent component of the ground dwelling fauna worldwide (Dajoz, 2002) and one of the most frequently used insect groups as model organisms in ecological and conservation studies (Koivula, 2011; Kotze et al., 2011; Roume et al., 2011; Cardarelli and Bogliani, 2014; Duan et al., 2016; Labruyere et al., 2016; Gobbi et al., 2017; Jouveau et al., 2019). Despite the recognized importance of carabids as indicators of environmental conditions, variations of carabid SADs in response to environmental changes remain poorly explored. However, a study on carabids of coniferous boreal forests revealed that SADs vary according to the forest maturity: mature forests are characterized by a distinct pattern with almost no intermediate species between the scarce ones and the very few abundant ones; interestingly, this “gap” is filled in recently cut forests, but emerges again when trees reach the age of 20–30 years, possibly because mature forests are less favorable to carabids (Niemelä, 1993). A study on the changes occurred in carabid community structure of Alpine environments between the years 1980 and 2009, showed that SADs changed from the lognormal model (or other models expressing good equitability) to the geometric series (a SAD model characteristic of simple and highly dominated communities), thus suggesting a regression toward the first stages of the ecological succession, probably because of habitat changes mainly due to global warming (Pizzolotto et al., 2014).

In this study, we predict that the carabid SAD in the desert steppe, which is the ecosystem with the most challenging environmental conditions, should deviate from log-normal model and should be closer to the log-series. By contrast, in the meadow steppe, which represents the less arid grassland, carabid SAD should deviate from log-series models, while SAD in the typical steppe might converge to either that of the desert steppe or that of the meadow steppe.

After assessing which distribution best captures the SAD of each community, we also applied the gambin model, to explore its feasibility in capturing these SADs and the use of the indicator α-value to compare steppes.

Because the landscape within steppes may be not homogeneous, we conducted the analyses also by subdividing steppes into more homogeneous sectors each occupied by a different form of vegetation. Community delimitation is always problematic; thus, it is difficult to say whether the communities at the steppe level are true local communities, or if they are an aggregation of different local communities associated with the various sectors. This may have profound impacts on SAD shapes at a broad scale. If different local communities are merged into a single pooled community, the SAD may show a large number of species with few individuals, which, in fact, belong to different local communities: the resulting SAD might therefore follow, for example, a log-series, whereas the SADs of the different local communities might be better approximated by log-normal distributions (Borda-de-Água et al., 2012). With coarse (steppe level) and fine (sector level) analyses, we used SAD modeling to see how the scale of analysis influences the associated SADs.

The very different values of total abundance recorded in the various steppes or steppe sectors pose the problem of comparing SADs parameters obtained with samples of different size (Stier et al., 2016; Borges et al., 2020). To explore this problem, we applied two different procedures of rarefaction, using as alternative references the desert steppe (which was the less sampled ecosystem) and the smallest sample in each steppe separately (Table 1).


TABLE 1. Schematic description of the various forms of analyses developed in this article.
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MATERIALS AND METHODS


Study Sites and Data Collection

Our study was carried out in a mountain area in the Ningxia Hui Autonomous region (northern China). Three types of steppes (desert, typical, and meadow steppes) are present in this region. The desert steppe is characterized by a semi-arid continental monsoonal climate typical of desert environments, shows a low and discontinuous vegetation cover, and is the most arid of the three types of steppe considered in this study. The typical steppe is characterized by a continental monsoon climate. This steppe represents an intermediate state between the desert steppe and the meadow steppe. The meadow steppe is characterized by a dense ground level vegetation and by a semi-humid climate. To reflect within-ecosystem variability of the typical and meadow steppes, on the basis on vegetation characteristics, we identified three habitat types within the typical steppe (ts1, ts2, and ts3), and two habitat types within the meadow steppe (called ms1 and ms2). The ts1 and ts2 sectors were located at the top of the mountain, in natural patches of grass vegetation and in fire belts, respectively; the sector ts3 was selected at the bottom of the mountain occupied by crop fields and natural vegetation. The ms1 and ms2 sectors were located at the south-west side and at the bottom of the mountain peak, respectively. Data were gathered from 90 sampling sites distributed as follows: 15 sites in the desert steppe, 45 sites in the typical steppe (15 sites in each sector) and 30 sites in the meadow steppe (again 15 sites in each sector). Sites were selected haphazardly (i.e., without any regular spatial arrangement) and separated by at least 150 m to avoid, or at least reduce, possible autocorrelation.

At each sampling site, five pitfall traps (separated by at least five meters from each other) were installed. Pitfall traps consisted of 7.15-cm diameter plastic cups, sunk in the ground with the cup-lip level with the soil surface, and filled with 60 ml of a mixture of tap water and vinegar (8%), sugar (4%) and 70% alcohol (4%). Sampling was done from May to September 2017. During the sampling period, pitfall traps were placed in the sites once a month in mid-month, and left in the field for ca. 72 h prior to collection. Traps were composed of two buckets, with the smaller inserted into the larger. At each sampling session, the smallest were extracted to collect the trapped beetles and then placed again in the largest, which were left dug into the soil. This ensured that trap position remained exactly the same over the sampling period and disturbance reduced to minimum. Specimens were identified by trained people lead by the expert taxonomist Professor Liang Hongbin. Further details about study area have been published in a companion paper (Tsafack et al., 2019b). Original data are provided in Tsafack (2018) (see section “Data Availability Statement”).



Data Analysis


Comparing Models of Species Abundance Distributions

We modeled carabid species abundance distributions (SADs) with the most commonly used fitting models to identify which distribution best approximated each community. Specifically, we modeled each community using the lognormal (LN), the Poisson-lognormal (PLN; zero-truncated version), the Fisher log-series (LS), and the metacommunity Zero-Sum Multinomial (mZSM) distributions with the function “fitsad” in the library “sads” (Prado et al., 2018) of the software R version 3.5.

Following current best practices in the study of species abundance distributions (Connolly et al., 2014; Matthews and Whittaker, 2014a), we used chi-square tests to assess deviations of the observed distributions from the expected ones, and likelihood-based model selection to compare competitive models (Burnham and Anderson, 2002). For this, we used Akaike’s information criterion corrected for the small sample size (AICc) (Baldridge et al., 2016) and selected the model with the lowest AICc value as the best one, but alternative models with ΔAIC values ≤ 2 were also considered as receiving equal support (Burnham and Anderson, 2002).

We performed the analyses at two spatial scales. A first set of analyses was performed at the steppe type scale (coarse scale analyses). In this case, data from different sectors of the same type of steppe were merged, to highlight between-steppe differences. In a second set of analyses (fine scale analyses), we considered each sector separately, to better highlight possible differences between different sectors of the same type of steppe (within-steppe differences). Aim of these sets of analyses was to assess if different steppes, and sectors within them, followed different types of SADs, and hence to infer the possible underlaying mechanisms.



Fitting Species Abundance Distributions With the Gambin Model

In addition to the aforementioned methods, we fitted our data also using the gambin model with the following two aims: (1) to identify possible multimodal patterns (which cannot be modeled with the aforementioned types of distributions: LN, PLN, LS, and mZSM) and (2) to have a parameter (gambin α) that can be compared across models. Using the model selection procedure described above to identify which type of distribution best describes a certain SAD, we tested whether the various communities followed the same type of distribution, or if different communities followed different models, possibly as a result of different processes. Of course, communities that follow different models cannot be compared in terms of model parameters. With the use of the gambin model, all communities are fitted with the same model (the gambin), which is sufficiently flexible to approximate various shapes. In this case, the objective is not that of finding which type of distribution is best followed by a given community, but to use the same distribution (the gambin) to fit all communities and to see how, given this distribution, its parameter α changes between communities. Thus, the gambin model is not a competitive model to be contrasted with the LN, PLN, LS, and mZSM distributions. Rather, the simultaneous use of the gambin model and the aforementioned distribution models allows a deeper understanding of the studied SADs through the identification of the best fitting distribution (which may vary from a model to another) and the use of the same model (the gambin) whose parameter α can be compared. We used unimodal, bimodal and trimodal gambin models to fit the species abundance distribution of carabid beetles in each type of steppe and in each sector of three steppes separately. To fit gambin models, we used the function “fit_abundances” in the “gambin” library (Matthews et al., 2014) of the software R version 3.5.



Rarefaction

Given that SAD model parameters are sensitive to variations in sample size (Maurer and McGill, 2011) and that we were interested in comparing model parameters across communities that are best fitted by the same models, we used a rarefaction procedure where, for each sample, we subsampled 338 individuals (which corresponded to the number of individuals collected in the desert steppe, the least abundant sample) and fitted the models to this subsample for a coarse-scale (between-steppe) approach.

Using the number of individuals collected in the desert steppe as a reference is appropriate for comparing the three types of steppes with sectors aggregated, because the typical and the meadow steppes have more sectors, and hence were subject to a higher sampling effort (more pitfall traps), than the desert one. However, how conducting rarefaction for a fine-scale (within steppe) approach is less obvious. Using desert sample as a reference has the advantage of allowing comparisons among sectors belonging to different steppes; but to compare different sectors of the same steppe, it might be more appropriate selecting the sector with the lowest total abundance as the reference sample for that given steppe. This might be ecologically sounder, because it uses as a reference the smallest sample of the ecosystem under study, not that of a different ecosystem. For this reason, we conducted analyses using both approaches, i.e., using as a reference sample both the desert steppe sample for all samples, and the smallest sample within each steppe for the various steppes separately.

Rarefaction, however, poses also another problem. If, one hand, rarefaction can be important to obtain comparable model parameters, on the other hand it may change considerably the shape of the distribution. Thus, use of rarefaction in a model selection procedure can be questionable. The aim of our model selection procedure was that of finding the model that best described each community; but, if data are rarefied, the consequent reduction in the number of species due to the exclusion of the rarest ones (because their rarefied abundance becomes zero), might artificially transform a certain original SAD, characteristic of a species rich-community, into a spurious one, characteristic of a species-poor community. When the objective is not that of testing how the parameters of a certain model change across communities, but is that of contrasting models with possibly completely different parameters to find which model best performs in each case, rarefaction might be not only unnecessary, but also inappropriate. Thus, to explore the effect of rarefaction on the model selection procedures, we conducted the analyses by using both original and rarefied data, and compared the results. A summary of all forms of analyses conducted in this study is given in Table 1.





RESULTS


Overall Abundances

Overall, we collected 6,873 individuals belonging to 25 carabid species: 19 species were collected in the meadow steppe, of which 12 in the first sector (ms1) and 19 in the second sector (ms2); 18 species in the typical steppe, of which 16 in the first sector (ts1), 15 in the second sector (ts2), and 12 in the third sector (ts3); and, finally, 12 species in the sole sector of the desert steppe.

Globally, the most abundant species was Carabus vladimirskyi, accounting for about 25% of all collected carabids. However, dominant species varied according to the steppe type. In the desert steppe, the most abundant species was Carabus glyptoterus, which accounted for about 75% of the carabid individuals sampled in this steppe type. In the typical steppe, the most dominant species were Carabus glyptoterus (29%) and Carabus vladimirskyi (27%). Namely, Carabus vladimirskyi was the most dominant species in the typical steppe sector ts1, where it accounted for 40% of sampled individuals, followed by Poecilus gebleri (24%). Similarly, in the typical steppe sector ts2, Carabus vladimirskyi accounted for 33% of all sampled individuals, and Poecilus gebleri for 31%, respectively. In the typical steppe sector ts3, the most dominant species was Carabus glyptoterus (53%), followed by Poecilus gebleri (22%). Carabus vladimirskyi was the dominant species in the meadow steppe (35%). This species accounted for 42% of total sampled individuals in the meadow steppe sector ms1.



Best Fitting Distributions


Steppe-Level Analysis

The comparative analyses of SADs for the different types of steppes highlighted some differences between ground beetle communities (Figures 1–3). For the desert steppe (Figure 1), the best model for the carabid SAD was, in terms of AICc value, the LS distribution, although also the mZSM and the PLN gave similarly supported models. Both the typical and the meadow steppe communities were best modeled by the mZSM and the LS distributions. Fisher’s α increased in the order: typical steppe < desert steppe < meadow steppe, whereas mZSM θ increased in the order: desert steppe < typical steppe < meadow steppe (Table 2).
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FIGURE 1. Species abundance distribution (SAD) of carabid beetles in a Chinese desert steppe. SAD was modeled using the lognormal (LN), the Poisson-lognormal (PLN; zero-truncated version), the Fisher log-series (LS), and the metacommunity Zero-Sum Multinomial (mZSM) distributions (A) and unimodal, bimodal and trimodal gambin models (B). LN, PLN, LS, and mZSM distributions were fitted to the raw abundance data (i.e., not binned). The data were binned for graphical comparison with gambin models, which require binning.
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FIGURE 2. Species abundance distribution (SADs) of carabid beetles in a Chinese typical steppe. SADs were modeled using the lognormal (LN), the Poisson-lognormal (PLN; zero-truncated version), the Fisher log-series (LS), and the metacommunity Zero-Sum Multinomial (mZSM) distributions. Analyses were done for the whole steppe (A) and three different sectors separately [(B): ts1 sector, (C): ts2 sector, (D): ts3 sector]. Distributions were fitted to the raw abundance data (i.e., not binned). The data were binned for graphical comparison with gambin models, which require binning.
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FIGURE 3. Species abundance distribution (SADs) of carabid beetles in a Chinese meadow steppe. SADs were modeled using the lognormal (LN), the Poisson-lognormal (PLN; zero-truncated version), the Fisher log-series (LS), and the metacommunity Zero-Sum Multinomial (mZSM) distributions. Analyses were done for the whole steppe (A) and two different sectors separately [(B) ms1 sector, (C) ms2 sector]. Distributions were fitted to the raw abundance data (i.e., not binned). The data were binned for graphical comparison with gambin models, which require binning.



TABLE 2. Model selection results for the species abundance distributions of carabid beetles in various types of Chinese steppes.
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When samples were rarefied to the number of individuals collected in the desert steppe, both the typical and the meadow steppe communities were best modeled by the mZSM and the LS distributions, and both mZSM θ and Fisher’s α increased in the order: desert steppe < typical steppe < meadow steppe, with differences slightly more marked compared to non-rarefied samples (Table 2). Using the smallest within-steppe sample as a reference for rarefaction, results remained virtually identical (Supplementary Table 1).



Sector-Level Analysis

The three sectors of the typical steppe were best modeled by the mZSM and the LS distributions (Figure 2), showing similar values of mZSM θ and Fisher’s α. The third sector was best modeled by the PLN distribution regarding the AICc value, but carabid distribution was significantly different from the PLN distribution (Table 3). Both sectors of the meadow steppe were best modeled by the mZSM and the LS distributions (Figure 3); the second was in fact best modeled only by PLN distribution, but the distribution deviates significantly from this model. In addition, the two meadow sectors had very different values of θ and Fisher’s α (Table 3).


TABLE 3. Model selection results for the species abundance distributions of carabid beetles in various types of Chinese steppes.
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When samples were rarefied to the numbers of individuals collected in the desert steppe, all sectors were best modeled by the mZSM and the LS distributions, with ts3 showing lower estimates of θ and Fisher’s α than ts1 and ts2. All other models received equal support (Table 3). Both sectors of the meadow steppe were best modeled by the mZSM and the LS distributions. Values of θ and Fisher’s α were virtually identical to those obtained without rarefaction (Table 3). Using the smallest within-steppe sample as a reference for rarefaction, results remained virtually identical (Supplementary Table 2).




Gambin Models


Steppe-Level Analysis

The gambin unimodal model provided the best fit for the three types of steppe (Figures 1, 4, 5) regarding the AICc values. However, we found that the observed values deviated significantly from the expected values calculated with the gambin unimodal model. As regards α-values for the unimodal models, the typical and meadow steppes had similar values, much higher than that recorded in the desert steppe. The α-values were consistent between the three modes in desert steppe. In contrast, the α-value for the second mode of bimodal gambin in typical and meadow steppes appeared particularly high (Table 4).
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FIGURE 4. Species abundance distributions (SADs) of carabid beetles in a Chinese typical steppe fitted with unimodal, bimodal and trimodal gambin models. Analyses were done for the whole steppe (A) and three different sectors separately [(B) ts1 sector, (C) ts2 sector, (D) ts3 sector].
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FIGURE 5. Species abundance distributions (SADs) of carabid beetles in a Chinese meadow steppe fitted with unimodal, bimodal and trimodal gambin models. Analyses were done for the whole steppe (A) and two different sectors separately [(B) ms1 sector, (C) ms2 sector].



TABLE 4. Values of gambin α and model’s corrected Akaike Information Criterion (AICc) for species abundance distributions of carabid beetles in various types of Chinese steppes.
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Using rarefaction with the desert steppe as reference, the Gambin uni- and bimodal models provided similar fits for both the typical and the meadow steppes, but the α-values for the bimodal models appeared extremely high. As regards α-values for the unimodal models, the typical steppe had a higher value than the meadow steppe (Table 4). Using the smallest within-steppe sample as a reference for rarefaction, results remained virtually identical, although α-values for the unimodal model decreased (Supplementary Table 3).



Sector-Level Analysis

For the typical steppe sectors (Figure 4), the bimodal and trimodal gambin models provided equally supported best fits for the first sector (ts1), but the α-values for the second mode of the bimodal model and for the second and third modes of the trimodal model were extremely high (Table 5). For another sector (ts2), the gambin unimodal model provided the best fit regarding the AICc value, but this model showed a significant deviation from observed data. The α-values for the first mode of the bimodal model and for the second and third modes of the trimodal model were extremely high (Table 5). Finally, in the third sector (ts3) the gambin unimodal model provided the best fit (Table 5).


TABLE 5. Values of gambin α and model’s corrected Akaike Information Criterion (AICc) for species abundance distributions of carabid beetles in various types of Chinese steppes.
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When the two sectors of the meadow steppe were considered separately, gambin unimodal models provided similar best fit for both sectors. However, p-values were significant in both sectors for the unimodal model. In addition, the α-values of the second modes of the bimodal model of both sectors appeared particularly high. The trimodal gambin model seems to be preferable for both sectors, but α-values for the first and third modes in ms1 and for the third mode in ms2 were extremely high. Thus, at the sector level, the gambin models did not provide an acceptable fit of the data (Table 5 and Figure 5).

Using the desert steppe as a reference for rarefaction, the unimodal gambin model provided the best fit for the three sectors of the typical steppe, with similar α-values. Regarding the AICc values, the bimodal model was the best model for the three sectors; however, this bimodal model provided extremely high values in ts2 and relatively high values in ts1 and ts3 (Table 5). When the two sectors of the meadow steppe were considered separately, gambin unimodal models provided the best fit for sectors ms1 and ms2 (Table 5). Using the smallest within-steppe sample as a reference for rarefaction, for the typical steppe sectors, the unimodal gambin models provided the best fit for the two sectors ts1 and ts2 (Supplementary Table 4).





DISCUSSION

We constructed SADs for carabid beetles of three types of Central Asian steppes at different scales, i.e., for different habitats within each steppe type and for each steppe type as a whole. We found that the basic results (i.e., SAD shape) of the analyses conducted at the smaller scale (sectors within steppe types) mirrored those obtained at the larger (steppe type) scale. This finding suggests that the various sectors within the same steppe type are relatively homogeneous, at least for the SADs of carabid communities. Thus, the hypothetical communities that can be delimited on a sector basis actually overlap each to other and the resulting single pooled community arising at the steppe type level maintains the basic SAD shape of the constituting local communities. This is very interesting since in general SAD shapes tend to change with the addition of sub-communities, i.e., with increasing sampling effort (Borda-de-Água et al., 2012).

In all cases, SADs were best modeled by the Fisher log-series (LS) and the metacommunity Zero-Sum Multinomial (mZSM) distributions. This contrasts with our expectation that the best fitting models were different among steppes. In particular, the fact that the LS distribution fitted well also the meadow steppe community was an unexpected result. The LS distribution is known to fit a wide range of communities, particularly those that have a high frequency of rare species and that are not particularly species rich (Kempton and Taylor, 1974; May, 1975; Magurran and Henderson, 2003; Magurran, 2004; McGill et al., 2007), which is exactly the case of carabids inhabiting arid and semiarid environments. The LS has been criticized as it might result for inadequate sampling (Borda-de-Água et al., 2012; Chen and Shen, 2017). With increasing sampling, the number of collected species also increases, as well as the abundance of species that seem rare at low sampling intensity (Magurran and Henderson, 2003; Green and Plotkin, 2007). As sample size increases, and Preston’s “veil line” (Preston, 1948) is pulled back to reveal the mode of the distribution, the log-series turns into log-normal (LN) distribution (Ulrich et al., 2010). However, and at very large sampling efforts (scales) the LS can be recovered again due to the addition of many specialist species or spatially rare species (Borda-de-Água et al., 2012). We can exclude that our data are affected by these sampling problems, not only because of the intensity of our sampling, but also because carabid communities of Asian arid and semiarid environments are always characterized by a low number of species and a high dominance (see, for example, Li et al., 2016; Liu et al., 2016; Khurelpurev and Pfeiffer, 2017). The good fit provided by the LS distribution also for the carabid community of the meadow steppe indicates that even this ecosystem, which is the less arid of the three investigated here, still hosts a relatively simple and highly dominated community.

The mZSM distribution is strictly related to the LS (the log-series distribution is a limiting case of the mZSM) and so it is not surprising that they provided similar fits. The α parameter of Fisher’s LS is a measure of diversity, and reflects the number of singleton species in the community (Kempton and Taylor, 1974; Magurran and Henderson, 2003). The θ parameter of the mZSM tends to Fisher’s α as the number of individuals in the sample increases, and this is clearly reflected in our study, with differences between α- and θ-values being very small in the meadow and typical steppes, compared with the desert steppe, from which much fewer individuals were collected.

In our study, Fisher’s α increased in the order: typical steppe < desert steppe < meadow steppe, whereas θ increased in the order: desert steppe < typical steppe < meadow steppe. These contrasting results can be a consequence of unequal sampling efforts. As both the overall shape of an empirical SAD (and hence its best fitting model), as well its parameter value(s), are influenced by the overall number of collected individuals (which, in turn, may depend on the sampling effort), it has been proposed of using rarefaction techniques to compare SADs of communities with different total abundances (Stier et al., 2016; Chen and Shen, 2017; Borges et al., 2020). At first glance, this sounds perfectly logical, but one should consider whether different sample sizes are the result of different sampling efforts or reflect true differences in community structure. While in the first case rarefaction is correct, in the second one it can turn a true SAD into a spurious one by unjustifiably wiping out the species with the lowest abundances from a community where they are present. In our case, rarefaction applied to the steppe level appeared justified, because of the different sampling effort (sampling effort in the typical and meadow steppes was two and three times that of the desert steppe). With the use of rarefaction, both Fisher’s α-values and θ-values increased in the order: desert steppe < typical steppe < meadow steppe, which indicates an increasing diversity from the most to the least arid type of steppe, which can be in turn related to the increasing vegetation cover, as it seems that communities of ground-dwelling arthropod predators and detritivores are mainly determined by vegetation cover and aboveground plant biomass (Pan et al., 2018; Niu et al., 2020). These results are also consistent with our findings in a previous study (Tsafack et al., 2020), where the desert steppe showed lower Brillouin and Shannon-Wiener diversity indices, while typical and meadow steppes showed equally higher species diversity values; the species richness indices Chao and Margalef showed the same results, increasing in the order: desert steppe < typical steppe < meadow steppe. In a simulation study, Beck and Schwanghart (2010) found that Fisher’s α distribution values lose their stability when approaching full completeness sampling, so they recommend to prefer Shannon index or biased-controlled indices to assess biodiversity in full sampled communities. The present study confirms that Fisher’s α can be as reliable as Shannon-Wiener index to measure diversity in quite completely sampled sites (as it seems the case in this study) when distributions are correctly rarefied. Regarding the similar increasing values of α- and θ-values, this equivalence have been also described by Hubbell et al. (2008) and Matthews and Whittaker (2014b). In addition, He and Hu (2005) found an analytical relationship between the parameter θ and Simpson’s diversity index.

At the sector level, without rarefaction, results were less clear. Fisher’s α-values for the typical steppe sectors were similar to that of the desert steppe sector (slightly higher in one case, and slightly lower in two cases), whereas those for the meadow steppe sectors were substantially lower in one case and higher in the other. θ-values for the typical steppe sectors were higher than that of the desert steppe sectors in all three cases, whereas in the meadow steppe one sector had a θ larger than the typical steppe sectors, but the other was lower. Thus, for θ-values, the pattern desert steppe < typical steppe < meadow steppe was confirmed, with the exception of one meadow sector.

These results indicate that, although the basic SAD shape is not influenced by the scale, parameter values are, and α-values were more influenced than θ-values. We also found that, if data are subject to rarefaction, the overall change was a decrease in α- and θ-values. This indicates that the exclusion of the rarest species following rarefaction reduces diversity. As at the sector level sampling effort was homogeneous (same number of traps and same number of days of sampling), rarefaction altered diversity estimates unduly.

The use of gambin model allowed the possibility of investigating how its parameter α (which should not be confused with Fisher’s α) varies across carabid communities. Although gambin multimodal models provided an apparently good fit in some cases, their α-values appeared exaggeratedly high, which suggests that the multimodal models actually overfitted the data. The multimodal pattern may indicate that communities are composed by different guilds (Marquet et al., 2004) or groups of species with different dispersal abilities (Borda-de-Água et al., 2017).

At the steppe type level (large scale), the desert steppe was characterized by a gambin α-value much lower than those of the typical and meadow steppes, whereas the typical steppe had a value slightly higher than the meadow steppe. When data were rarefied, the difference between the typical and the meadow steppes became more evident, and gambin α-values followed the same pattern of θ-values for non-rarefied data. At sector level, results were complex and variable. The typical and meadow sectors had gambin α-values always higher than the desert steppe. However, two sectors of the typical steppe had gambin α-values larger than the meadow steppe sectors, but one was lower. Using a rarefaction based on desert steppe sample size, one sector of the meadow steppe had a gambin α-value distinctly higher than those of the typical steppe sectors, and the other lower. Finally, using rarefactions based on within steppe smallest samples, one sector of the meadow steppe had the highest gambin α-value, and the other a value which felt within the range of the typical steppe sectors. Thus, the gambin α parameter resulted efficient in indicating a strong difference between the most challenging environment (desert steppe) on one hand and the other two steppes on the other hand, but did not provide a clear distinction between the typical and the meadow steppe. On this regard, Fisher’s α and mZSM θ values provided a clearer response. However, Fisher’s α, mZSM θ, and gambin α values are all substantially lower in the desert steppe and higher in the typical and meadow steppes, which implies a decreasing gradient of environmental harshness from the desert steppe to the typical and the meadow steppes. Possibly Carabus glyptoterus, which accounted for about 75% of the carabid individuals sampled in desert steppe, is a generalist species able to cope with severe climatic conditions, but the ecology and biology of this species is still poorly known.



CONCLUSION

In line with previous studies on SADs, the present study contributes to highlight the multiple uses of these models. We compared the SADs of carabid communities of three types of steppes with different aridity conditions (desert, typical and meadow steppes) in China to identify how SADs change between these ecosystems. Contrary to our expectation, all species distributions, including that of the meadow steppe, were best fitted by the LS and the mZSM distributions. However, parameters values (α and θ) were different between the three environments.

Using rarefied data to account for the unequal sampling effort, we found that both Fisher’s α- and mZSM θ-values increased in the order: desert steppe < typical steppe < meadow steppe, which indicates an increasing diversity from the most to least arid type of steppe. Regarding gambin models, contrary to our expectations, they were not always efficient in modeling all distributions, although the α-value of the unimodal model clearly indicates a lower diversity of the desert steppe compared to the typical and meadow steppes. In some cases, gambin multimodal models provided good fit, which indicates that communities are composed by different guilds, but we found exaggeratedly high gambin α-values. In conclusion we found that (1) rarefaction emphasized the differences observed between parameters (Fisher’s α, mZSM θ, and gambin α) and (2) SAD shapes were not influenced by the scale, but parameter values are, and Fisher’s α- and gambin α-values were more influenced than θ-values.
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In high-transmission endemic regions, local populations of Plasmodium falciparum exhibit vast diversity of the var genes encoding its major surface antigen, with each parasite comprising multiple copies from this diverse gene pool. This strategy to evade the immune system through large combinatorial antigenic diversity is common to other hyperdiverse pathogens. It underlies a series of fundamental epidemiological characteristics, including large reservoirs of transmission from high prevalence of asymptomatics and long-lasting infections. Previous theory has shown that negative frequency-dependent selection (NFDS) mediated by the acquisition of specific immunity by hosts structures the diversity of var gene repertoires, or strains, in a pattern of limiting similarity that is both non-random and non-neutral. A combination of stochastic agent-based models and network analyses has enabled the development and testing of theory in these complex adaptive systems, where assembly of local parasite diversity occurs under frequency-dependent selection and large pools of variation. We show here the application of these approaches to theory comparing the response of the malaria transmission system to intervention when strain diversity is assembled under (competition-based) selection vs. a form of neutrality, where immunity depends only on the number but not the genetic identity of previous infections. The transmission system is considerably more persistent under NFDS, exhibiting a lower extinction probability despite comparable prevalence during intervention. We explain this pattern on the basis of the structure of strain diversity, in particular the more pronounced fraction of highly dissimilar parasites. For simulations that survive intervention, prevalence under specific immunity is lower than under neutrality, because the recovery of diversity is considerably slower than that of prevalence and decreased var gene diversity reduces parasite transmission. A Principal Component Analysis of network features describing parasite similarity reveals that despite lower overall diversity, NFDS is quickly restored after intervention constraining strain structure and maintaining patterns of limiting similarity important to parasite persistence. Given the described enhanced persistence under perturbation, intervention efforts will likely require longer times than the usual practice to eliminate P. falciparum populations. We discuss implications of our findings and potential analogies for ecological communities with non-neutral assembly processes involving frequency-dependence.

Keywords: strain diversity, stabilizing competition, stochastic assembly, persistence, malaria and antigenic diversity, negative frequency-dependent selection, agent-based model, var genes


1. INTRODUCTION

Under negative frequency dependent selection (NFDS), the relative fitness of a species or a genotype decreases as its abundance and therefore its frequency increases. In the realm of population genetics, NFDS is a form of balancing selection promoting the coexistence of genotypes or of genes, with MHC being a prominent example (Aguilar et al., 2004; Key et al., 2014). In community ecology, NFDS causes species to limit themselves more than others, which stabilizes competition and maintains biodiversity by promoting species coexistence (HilleRisLambers et al., 2012). In some realms, such as microbial ecology, the boundary between these levels of organization is blurred, yet here too, NFDS has been shown to maintain microbial diversity (Cordero and Polz, 2014; Healey et al., 2016). Although the evolutionary time scales at which NFDS operates can be different for different organisms and levels of organization, the mechanisms underlying it can be common. In community ecology, competition for resources and selection for traits that give an edge in resource acquisition can shape the biodiversity of plants and animals (Browne and Karubian, 2016). For example, interaction with specific herbivores leads to negative density-dependent mortality and coexistence of congenerics Inga spp in forest ecosystems (Forrister et al., 2019). In infectious diseases, competition for hosts and selection for traits that allow pathogens to evade human immune systems shape the antigenic diversity of pathogens (Gupta and Day, 1994; Grenfell et al., 2004).

Beyond diversity per se, NFDS underlies the structure of such diversity in both pathogen populations (Koelle et al., 2006; Volz et al., 2013) and species communities (Scheffer and van Nes, 2006; D'Andrea et al., 2019). There is an unappreciated analogy between the structure of niches in trait space emerging from NFDS in these two lines of research (Pascual, 2020). One infectious disease system in which such strain structure has been investigated is that of the malaria parasite Plasmodium falciparum. Strain coexistence in local populations of the malaria parasite results from an on-going assembly process involving the dynamic interplay between ecology (population dynamics of strains, competition for hosts) and evolution (genetic changes via mutation and recombination) (He et al., 2018). The trait of interest concerns here the variation in the major antigen of the blood stage of infection PfEMP1. This protein is exported by the parasite to the surface of the infected blood cells where it becomes the target of the adaptive immune system (Bull et al., 1998). Variations of the protein, or variable surface antigens (VSAs), are encoded by a multigene family known as var with about fifty to sixty gene copies per parasite, whose expression is sequential and influences the duration of infection. From this perspective, an individual parasite corresponds to a unique combination of var genes—a “repertoire” —encoding for a particular set of VSAs. In high-transmission endemic regions, such as those of sub-Saharan Africa, local diversity of var gene types is in the order of tens of thousands. This extremely large genetic pool underlies the vast combinatorial diversity of the repertoires themselves. Both these high levels of diversity result from high recombination rates, which act at the two different levels of organization, mixing repertoires and generating new var genes, respectively (Larremore et al., 2013; Zilversmit et al., 2013).

Previous theory and data have shown that frequency-dependent competition for hosts is at play in determining the coexistence of a large number of repertoires, whose population structure is both non-random and non-neutral despite the vast gene pool (Barry et al., 2011; Day et al., 2017; He et al., 2018; Pilosof et al., 2019). Hosts can be viewed as resource patches whose availability depends on their individual history of “consumption” from previous exposure. This is because exposure to a specific VSA leads to the acquisition of specific immunity by individual hosts, which then precludes expression of the corresponding gene and thus shortens infection, reducing the fitness of the parasites that carry this gene. Adaptive immunity therefore implements selection, providing an advantage to strains carrying rare novel var genes, and a disadvantage to those composed of common ones. In the language of community ecology, the system experiences stabilizing competition (sensu Chesson, 2000) from trait variation that underlies niche differences. In that of population genetics, such competition is a mechanism of NFDS, which acts as a form of balancing selection and promotes strain (i.e., var repertoire) coexistence (He et al., 2018; Pilosof et al., 2019).

We have previously used the malaria system to address the challenge of discerning rules of assembly from complex population patterns, focusing on the large strain variation of P. falciparum populations in endemic regions of high transmission. We applied for this purpose a combination of stochastic agent-based models and network analyses of the genetic similarity between repertoires they generate (Artzy-Randrup et al., 2012; He et al., 2018; Pilosof et al., 2019). These studies have shown that networks assembled under NFDS differ in their topology from those assembled in the absence of selection, under neutral processes. Hence, in the malaria system the importance of individual and specific interactions can be detected in features of the macroscopic similarity structure of (strain) diversity. We note that networks, rather than phylogenetic trees, were applied because of the predominant role of recombination in the evolutionary change of the system.

In community ecology, the structure of diversity has been a major theoretical question, because of its hypothesized influence on system “stability” to perturbations (Hutchinson, 1959; Allesina and Tang, 2015). In infectious disease dynamics, a parallel yet little studied line of research regards the response of structured pathogen populations to interventions. Here, we illustrate the combination of stochastic ABMs and network analysis for this purpose, in P. falciparum populations under interventions that decrease transmission intensity. We ask whether the malaria system assembled under NFDS is more or less “stable” than a neutral counterpart. We apply press perturbations (Ives and Carpenter, 2007) in a stochastic computational model to represent interventions that target the mosquito vector with indoor residual spraying (IRS), which involves the application of an insecticide to internal walls and ceilings of homes (WHO, 2015). IRS effectively reduces transmission rate and therefore, the growth rate of the parasite population as a whole. We examine two components of stability: (i) persistence—the ability of the parasite's population to withstand an intervention and (ii) recovery: the transient rebound of repertoire abundance or parasite prevalence, and of genetic diversity post-intervention. We consider in particular how quickly repertoire structure is restored. We end by drawing plausible analogies and implications for other ecological systems (Azarian et al., 2019; Forrister et al., 2019).



2. MATERIALS AND METHODS


2.1. Agent-Based Model (ABM) and Model Setup

Malaria transmission and intervention are modeled using an agent-based, discrete-event, continuous-time stochastic system described in detail in He et al. (2018) and Pilosof et al. (2019). Here, we briefly describe the agent-based model (ABM), with an emphasis on the specific implementation of the regional intervention scheme that constitutes the press perturbation.

We model a local parasite population of size N, as well as a global var gene pool of size Gp that acts as a proxy for regional parasite diversity (Supplementary Table 1). Parasite genomes can migrate from the regional pool to the local population. Each simulation starts with 20 migrant infections to initiate local transmission (Figure 1A). Because each parasite genome is a repertoire of 60 var genes, migrant genomes are assembled from random sampling of 60 var genes from the global pool. Each var gene is itself a linear combination of two epitopes—the part of a molecule that acts as an antigen and is recognized by the immune system (Rask et al., 2010; He et al., 2018) (l in Supplementary Table 1).
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FIGURE 1. Schematic of the IRS experiment design. (A) Initial transmission events and migrant genomes in a local population (blue circle) are sourced from a global pool of genes (red square). Mutation of new genes and the death of existing genes in the global pool occur at the same rate as in the local population (see Methods). The value of the migration rate is inferred from an empirical dataset for a high transmission region in Ghana (see Methods). Individual infections are tracked locally. We also track events of transmission, mutation of genes, recombination within and between genomes, and acquisition and loss of specific immune memory in hosts. (B) Each simulation follows three stages (after a burn-in period): a pre-IRS period during which the transmission in the local population reaches a stable state; an IRS period of 2, 5, or 10 years reducing transmission, and a post-IRS period when transmission rates go back to pre-IRS levels. (C) Three levels of transmission intensity (biting rates) are explored in the experiments (pre-/post-IRS, low: 44 bites per host per year; medium: 110 bites/h/y; high: 221 bites/h/y). (D) The two regimes (with and without NFDS) are ensured to be comparable by specifying the average duration of infection as a function of the number of previous infections in G with a curve fitted to the points generated under S. The expression for the duration of infection under S is given here, and its explanation can be found in the methods (2.2).


We consider seasonal endemic transmission dynamics in which mosquitoes are not represented as agents in the model, but via biting events. Local transmission events are sampled at the total rate of host population size Nh times the biting rate b, in which a donor and a recipient host are selected randomly. We implemented seasonality as a fluctuation of mosquito bites, which results from density dependence at the egg and larva stages as a function of rainfall typical of Northern Ghana (availability of breeding sites, White et al., 2011). The specific algorithm to obtain the seasonality of the biting rate was described in detail in Pilosof et al. (2019).

The main modification to the model for this work is how the global pool interacts with local transmission. First, instead of remaining static, the global gene pool in this implementation updates its gene composition at the same mutation rate as that of the local population. Specifically, new genes are generated at a rate equal to the product of local parasite population size and the per-allele mutation rate. Once a new gene is generated, the old gene that it mutates from is removed from the global gene pool. Genomes migrate from the global pool to the local population (Figure 1A). The number of migrant genomes increases in wet seasons and decreases in dry seasons (see details in section Estimation of Migration Rate). Interventions are assumed to be applied at the regional level so that prevalence of the disease is the same across the region, including the local population (Figures 1B,C). Therefore, the proportion of infectious bites from migration is kept the same as that of local transmission.



2.2. Parasite Fitness and Duration of Infection

Our main objective was to compare responses of the parasite population to perturbation in the presence and absence of frequency-dependent competition. Specifically, we aimed to compare an “immune selection scenario,” in which immune memory to particular epitopes elicits specific competition between parasite genomes for hosts, to a “neutral scenario” of “generalized immunity” and therefore non-specific competition. In both these scenarios, duration of infection is the relevant trait manifesting the effect of competition for hosts. Parasite fitness is affected by immunity in our model through the duration of infection because shorter duration reduces the probability that a repertoire will be transmitted under a constant transmission rate. In the model with specific immunity, duration of infection depends on the immune history of given var epitopes in the host. Hosts gain and lose immunity toward specific epitopes. During infection, expression of the genes composing the given repertoire is sequential and infection ends when the whole repertoire is depleted. The host is considered infectious with the active strain and the expression length d of each gene is controlled by host immunity. When a gene is actively expressed, host immunity “checks” infection history to determine whether any of its epitopes have been seen before. Thus, expression length d shortens as the number of unseen epitopes out of l increases. After the gene is deactivated, the host adds the deactivated gene alleles to its immunity memory. A new gene from the repertoire then becomes immediately active until the end of the repertoire is reached. Therefore, the total duration of infection in a given host with a particular repertoire of g genes is given by
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This is the process that confers an advantage to rare new genes and the parasites that carry them, and a disadvantage to common ones—that is, the frequency-dependent selection. The more similar the epitope composition of two repertoires, the stronger their competition for hosts.

In contrast, the model of generalized immunity retains protection conferred by previous infection but does not consider specific memory toward var genes. This is a common implicit assumption of most malaria transmission models, including other ABMs and extensions of the well-known compartmental population models of the SIR type (for Susceptible-Infected-Recovered classes), where infection “consumes” susceptible hosts but as a general and shared resource. In our implementation of generalized immunity, the duration of infection depends on the number of previous infections but not on their specific genetic composition. For a meaningful comparison to the immune selection scenario, we parameterized the function of infection duration with number of previous infections, to match the curve generated by the corresponding immune selection scenario (see He et al., 2018) (Figure 1D).

We refer hereafter to the scenario of immunity-driven frequency-dependent selection as “S” and to that of generalized immunity as “G.” Comparisons between these two scenarios are always made for the same parameter combinations.



2.3. Course of a Simulation and Indoor Residual Spraying (IRS) Intervention

Each simulation follows three stages (Figure 1B): (i) a pre-IRS period (0–80 years) during which the local parasite community is assembled and the transmission system reaches a stationary state before the perturbation; (ii) an IRS period of 2, 5, or 10 years during which transmission is decreased; and (iii) a post-IRS period when transmission rates return to pre-IRS levels and the system is allowed to recover (Figure 1C). During the IRS interventions, the effectiveness of insecticides in killing adult female mosquitoes is set to be 100% (Wanjala et al., 2015) and the percentage of sprayed household is set to be 90% (Kigozi et al., 2012; West et al., 2014; WHO, 2015; Coleman et al., 2017). Details on the model can be found in White et al. (2011), and our implementation (in Mathematica) at the GitHub repository https://github.com/pascualgroup/Pf_temporal_networks.



2.4. Within-Host Dynamics

The infection and immune history of each host are tracked individually. Upon each biting event, if the donor harbors parasites in the asexual blood stage, then each repertoire has a given probability, c, to be transmitted to the mosquito. Maximum transmissibility is set to c = 0.5, because not all bites from mosquitoes result in successful transmission from the human host. If the host harbors n infections concurrently, each parasite strain experiences a reduced transmissibility equal to c/n. Hosts can harbor up to 10 concurrent infections. Because parasites must go through the sexual reproduction stage within mosquitoes, during meiotic recombination, var repertoires picked up by the mosquito at a bite event may recombine with another genome to produce oocysts that mature into sporozoites. Since each oocyst is generated from recombination between two parental genomes, if a mosquito picks up n genomes, each genome has a probability 1/n of recombining with itself, producing the same offspring genome, and a probability 1−1/n of recombining with a different genome, producing recombinants. To generate a recombinant, two sets of genes are pooled from the original genomes, and a random set is sampled. Since var genes are distributed across most of the chromosomes, there is a substantial shuffling of genes during meiotic recombination. Although it is possible that some genes are linked and do not recombine, we do not know the exact physical locations of these genes. It is therefore a simplification in our model to take a random sample from two pooled genomes. This sexual recombination process creates variation at the genome level. The total number of var repertoires passed onto the receiving host is kept the same as that obtained from biting the infectious donor host.

Once in the blood, each infection progresses with the sequential expression of the var genes in random order. During an infection, novelty at the gene level can be generated via mutation or recombination between var genes within the same genome. Part of the life cycle of Plasmodium falciparum occurs in the liver; we therefore implement a 14 day delay to mimic the transition from the liver stage to the blood stage, where the parasite becomes infectious and expression of the var genes is initiated.

Hosts gain and lose immunity toward specific epitopes (li), which we implement with a counter to track the boosting of immunity (the number of times a host has been exposed to a given variant) and the loss of immunity. After expression of a given var gene, the host gains full protection toward the epitopes in the gene that was previously expressed. However, the immunity loss rate for a specific epitope depends on the number of times the host has been exposed to it. For example, if the host was infected by a parasite that contained two var genes, each of which contained an allele encoding epitope x, the counter for this epitope will increase by two. The counter decreases by one at the immunity loss rate of 1/1,000 per day (Collins et al., 1968). When the counter value becomes 0, the host loses protection against the given epitope.



2.5. Estimation of Migration Rate

We use empirical data of var genes, hyper-diverse markers that provide a higher resolution for recent migration events, to infer the rate of gene exchange between populations and to obtain a reasonable estimate for migration rates that allows us to implement an open transmission system. We used Jost's D measure of population divergence (Equation 12 in Jost, 2008) to consider highly diverse genetic markers, and to compare var gene composition within and between two field sites for which molecular sequences were previously obtained: Soe and Vea/Gowrie in the Bongo District of Ghana at the end of the wet (high transmission) season (Tiedje et al., 2017; He et al., 2018). Using Equation (22) in Jost (2008), we estimated m, the migrant proportion (percentage of migrant bites relative to local transmission events), by dividing D by the mutation/recombination rates of the var genes per generation (5.3e-6, Claessens et al., 2014). Thus, the migration rate per day is the product of m*b.



2.6. Event Scheduling in the Stochastic Model

The simulation is an ABM implemented with a modified Gillespie algorithm called next-reaction method (Gillespie, 1976), which is a computationally-efficient way to model stochastic dynamics. The algorithm takes a set of events (e.g., infection, biting) and assigns for each event the time of its next occurrence by sampling an exponential distribution with a mean of 1 over its rate, to implement a Poisson process. The next event is then chosen to be the one with the closest event time.

In our simulation, global events include local transmission from biting events, new transmission from migrant var repertoires, and birth and death of hosts. In the numerical implementation of the simulation, all possible future events are stored in a single event queue along with their putative times. When an event occurs, it may trigger the addition or removal of future events on the queue, leading to a re-ordering of events, or changes of their rates, and to a recalculation of their putative time. The next-reaction method optimizes the Gillespie first-reaction method (Gillespie, 1976) and allows for faster simulation times, as it targets changes of rate events to a given subset (specified by the structure of the queue).



2.7. Experimental Design

We explored how initial gene pool size, transmission rate and the duration of an IRS intervention influence the system's persistence to, and recovery from, intervention under G and S. Specifically, we set: (i) initial gene pool sizes (Gp) of 1,200, 1,800, 2,400, 3,600, 4,800, 7,200, 9,600, 14,400, and 19,200; (ii) three levels of transmission intensity (biting rates; b): 44, 100, and 221 bites per host per year, corresponding to “low,” “medium,” and “high” transmission (Figure 1C); and (iii) IRS lasting for 2, 5, or 10 years. This design has 81 sets of parameter combinations and we ran 50 replications for each combination. We calculated the probability of extinction, effectively measuring persistence, as the proportion of the 50 replications in which the parasite populations crashed before lifting the IRS.



2.8. Sampling and Gene Similarity Networks

During each simulation, summary statistics including prevalence, multiplicity of infection (MOI; number of genomes within a host), and genetic and allelic diversity, were calculated every 30 days. In addition, 100 infected hosts were randomly sampled to analyze parasite diversity patterns. To evaluate similarity of parasites in the population, pairwise type sharing (PTS) was calculated between all repertoire pairs (regardless of the host in which they are encountered) as PTSij = 2nij/(ni + nj), where ni and nj are the number of unique alleles (corresponding to epitopes) within each repertoire i and j and nij is the total number of alleles shared between repertoires i and j (Barry et al., 2007). In addition, similarity networks based on the var composition were built to investigate changes of parasite genetic population structure through interventions. We calculated genetic similarity of repertoire i to repertoire j as Sij = (Ni ∩ Nj)/Ni, where Ni and Nj are the number of alleles unique for repertoires i and j, respectively (the genetic similarity of repertoire j to repertoire i was calculated as Sji = (Ni ∩ Nj)/Nj). Unlike PTS, network edges encode a directional measure that represents the asymmetric competition between repertoires, resulting from different numbers of unique alleles (He et al., 2018).



2.9. Calculation of Network Properties and Principal Component Analysis

We calculated 36 network properties to compare the changes in network structure between the immune selection and neutral scenarios. These properties include metrics of transitivity, degree distributions, component sizes, diameters, reciprocity, and proportion of 3-node graph motifs (see Supplementary Table 1 in He et al., 2018 for a complete list of properties and definitions). In the network analyses we retained only edges with values within the 95% percentile to focus on the strongest interactions of current competition between strains (He et al., 2018; Pilosof et al., 2019). To minimize the influence of sample size differences across time due to changes in mean MOI, network properties were calculated by resampling 100 repertoires randomly from the original network. Principal component analysis (PCA) was performed on normalized and centered network properties across time and selection regimes per parameter combination, to inspect overall trends in network structure.




3. RESULTS


3.1. Populations Under Immune Selection Are More Persistent

The interventions implemented in the model reduce the transmission rates by about 90% during IRS. Not surprisingly and especially for the long-lasting interventions, the stochastic simulations are prone to extinction. We found a lower extinction probability under specific immunity (S) than under generalized immunity (G) for the same parameters (Figure 2A, Supplementary Figure 1A). As expected, longer interventions lead to higher extinction rates, especially under low transmission rates. A higher initial pool size of genetic diversity ensures a lower extinction probability. Pool sizes larger than 10,000 var genes, which represent high transmission endemic regimes in sub-Saharan Africa, experience significantly less extinction, even after 10 years of sustained intervention. Interestingly, the difference in extinction probability between S and G does not reflect a trivial effect of overall population size of the parasite: the mean prevalence is comparable during IRS for S and G, only slightly higher for the former, indicating that other factors are responsible for the higher persistence under NFDS (Figure 2B, Supplementary Figure 1B).


[image: Figure 2]
FIGURE 2. Extinction probability (A) and mean prevalence during IRS (B) as a function of initial gene pool size and lengths of IRS (columns). Shown here are the results from high transmission intensities. See Supplementary Figure 1 for results from low and medium transmission intensities. In (A), each point is the proportion of simulation runs for the given parameter combination (out of 50 runs) that crashed before the IRS was lifted. In (B), each point represents the mean value (bars represent standard deviation) of prevalence for those simulation runs that survived the IRS for the given parameter combination. Blue and red colors depict generalized immunity (G, the neutral model) and specific immunity (S, NFDS), respectively. It is clear that despite comparable prevalence, the parasite population is more persistent in the immune selection scenario.




3.2. Persistence Is Enhanced by Repertoire Dissimilarity Under NFDS

To investigate the origin of the difference in persistence as measured by the probability of extinction, we consider the epidemiological parameter that confers the fitness difference to the parasite, namely the duration of infection in the human host. As is typical in epidemiology, the reproductive number of the parasite is proportional to the product of the transmission rate and the duration of infection. In our model, immunity modifies only duration of infection as genes encoding for antigenic variants which have been seen before are not expressed. We note that we set the mean duration of infection with the number of previous exposures under G to exactly match that under S before IRS for a specific parameter combination (Figure 1D). Therefore, the mean values of duration of infection under G and S are similar before the IRS by construction, with the values increasing significantly during IRS (Supplementary Figure 2). When the longest infections are considered by comparing the top 5% of the distribution of infection duration, we observe higher values under S during IRS obtained in less than a year (Figure 3A, Supplementary Figure 3). Longer lifetimes of infection at the tail of the distribution provide a buffer against extinction by conferring a higher probability of survival to parasites during the low transmission period imposed by the intervention.
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FIGURE 3. Comparisons of duration of infection and mean PTS over time under high transmission between the two regimes with and without NFDS. Boxplots summarize the distribution among replication runs of the 95th percentile of duration of infection (A), and the distribution of the 5th percentile of PTS between var repertoires (B). We therefore focus on the longest periods of infection duration and correspondingly, the most dissimilar parasites. Shaded areas indicate the intervention (IRS) period. Negative years correspond to times prior to IRS.


To further understand the extinction patterns, we therefore need to explain the longer durations of infection at the tail of their distribution under NFDS. We turn to the structure of similarity between parasites as reflected by the distribution of pairwise type sharing (PTS) between var repertoires (Figures 3B, 4, Supplementary Figure 4). Figure 4 shows the PTS distributions before, during, and after the IRS intervention for the two scenarios. The shapes between the two scenarios differ substantially at low PTS, reflecting clear patterns of high dissimilarity in S. In particular, NFDS generates a monotonically decreasing distribution with the highest frequencies found at the lowest overlap. In contrast, under G the distribution exhibits a mode, with the highest frequency for some intermediate overlap. Due to decreased diversity during IRS, the proportion of repertoire pairs sharing more epitopes increases for both scenarios, and the whole distribution moves toward higher overlap (i.e., higher PTS) (Figure 4). However, the change is less pronounced under S, especially for the maintenance of dissimilar repertoires (Figure 3B). When the intervention is lifted, the distribution of G shifts significantly toward increased similarity, while the bimodal shape of the PTS distribution in S is maintained, including a considerable fraction of highly dissimilar strains. Since diversity under G does not influence transmission by construction, the change in PTS reflects solely parasite population fluctuations and bottleneck effects during and after IRS. In contrast, the maintenance of low PTS values that are comparable to pre-IRS levels under S is indicative of variant-specific immune selection at work: even under reduced diversity, repertoires are maintained as different from each other as possible, resulting in some longer infections than for a randomly assigned gene composition. A larger fraction of the parasite population with highly dissimilar repertoires generates higher heterogeneity in duration of infection, including longer duration, increasing the persistence during intervention under S.
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FIGURE 4. Distribution of pairwise PTS for var repertoires before (orange), during (purple), and after (green) intervention under S and G. PTS values are binned into 40 equally-sized bins (of 0.05). Each box shows the variation of PTS values across different runs. Summarized here are runs from a gene pool size of 9,600, high transmission and a 5-year intervention. The PTS distributions differ between G and S. After intervention, the PTS distribution in G drifts away from its initial state, whereas that in S tends to go back to its pre-IRS state.




3.3. Prevalence Recovers to a Lower Level Than Pre-intervention Under NFDS Because of Diversity Loss

We focus next on the recovery from intervention in terms of both antigenic diversity and prevalence. As expected, both antigenic diversity and prevalence decrease with intervention, and longer IRS leads to a higher reduction in antigenic diversity than the shorter 2-year IRS. Post-intervention, diversity settles on a new equilibrium, that is lower than the pre-intervention one (Figure 5). Although new genes should be strongly preferred under S (but not G), their generation from mutation, ectopic recombination, and immigration, is likely too slow to rebuild locally to pre-intervention levels given the parameters we use. Moreover, the intervention was implemented to also affect the var gene diversity of the regional pool, hindering regeneration of diversity via migration. We touch upon this point further in the Discussion.
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FIGURE 5. Dynamics of genetic diversity and prevalence during and after IRS. (A) Mean Shannon diversity (solid line) and standard deviation (error bars) of var gene types are tracked over time. Shaded areas show the extent of the variation across runs. (B) Mean changes in prevalence (solid line) and its variation (error bars) over time. After IRS, prevalence returns back to pre-IRS stage under generalized immunity (G), whereas it gravitates to a lower level under specific immunity (S). Parameters: gene pool size equals 9,600 and transmission rate is high. Only runs that persisted after IRS are included.


All simulations that persist the intervention show a comparable initial rebound of prevalence in the months that immediately follow the control period. The rebound for G is to the same prevalence than that before intervention, as the transmission rate has been restored and the duration of infection only depends on the exposure rate. In contrast, under S, after an initial overshoot—which is a result of a large human population that is not immune to the parasite due to limited infections during IRS—mean prevalence attains lower values (Supplementary Figure 5, Figure 5B), because the decreased var gene diversity induces a shorter duration of infection. The rebound of diversity under S is therefore a result of immune selection and not a larger parasite population size post-IRS. The recovery of prevalence post-intervention can only be achieved to a lower level than pre-intervention, given that the var gene diversity itself cannot be completely rebuilt.



3.4. The Structure of Genetic Diversity Is Restored After Intervention Under NFDS

Until now we have mainly addressed the connection between antigenic diversity and perturbation in relation to similarity (PTS), as one feature of the structure of diversity. We consider next the structure of similarity between var repertoires more broadly by applying an analysis of network features (sensu He et al., 2018). In these networks, the nodes are repertoires and the directional links quantify the degree of overlap in var gene identity between them. The degree of overlap between two repertoires is a measure of the strength of competition between them for human hosts (i.e., intensity of competition positively correlates with similarity). Therefore, we only retain the links above a given cutoff because it is for these most similar repertoires that we expect the selection against recombinants to be the strongest, and the evidence of frequency-dependent selection to be most apparent (see He et al., 2018). We know from our previous work that we can use ensembles of network features to differentiate between populations of parasites assembled under S and G. Here, we compare the overall similarity structure between these regimes before, during and after intervention, to ask whether and how quickly the effect of NFDS is restored after intervention, as we expect it to be relaxed under the decreased transmission of intervention.

The similarity structure for an ensemble of simulations can be visualized in the 2-D space defined by the two major axes of variation of PCA (Methods). Figure 6 and Supplementary Figure 6 show that the networks assembled under S and G do indeed differ and occupy different regions in that space before intervention. Their structure changes and becomes similar for the intervention period as selection/competition is relaxed. Nevertheless, under S the structure is quickly restored after intervention, whereas under G this is not the case, with networks drifting further away from each other and from their initial structure.
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FIGURE 6. Principal component analysis of 37 network properties of var repertoire similarity networks. PCA over time shows how the structure of diversity changes in the 2D space of the PCs for S and G under high transmission. The colors of the networks represent their relative time within the specific time period (i.e., before, during and after IRS) in the simulation. Ellipses show the location of network properties for pre-IRS layers. Parameters: gene pool size equals 9,600 and IRS lasts for 5 years.


The network features contributing the most to the classification of the similarity structure are shown in Supplementary Figure 7. These include in particular the 3-node motifs and reciprocity that characterize local structures and divergence between communities within networks that characterize global structures. The properties distinguish the more tree-like local structure of neutrality from that of limiting similarity and more symmetric or balanced diversity of selection (He et al., 2018). The action of frequency-dependent selection on similarity structure is what eventually maintains and restores the distributions of overlap described earlier (Figure 4), which explains the longer duration of infection and therefore the higher probability of persistence during intervention.




4. DISCUSSION

Understanding the relationship between structure and persistence in diverse communities is a long-lasting and on-going effort. This relationship likely depends on the processes that generate diversity and assemble its structure. High-transmission endemic malaria constitutes a relevant host-pathogen system to investigate this relationship in the context of negative frequency-dependent interactions, which stabilize coexistence and structure diversity via patterns of limiting similarity in antigenic space. Here, we show that NFDS is important not only for coexistence and structuring P. falciparum populations, but for the response of these populations to perturbations.

In the malaria system, limiting similarity emerges from the dominant force behind the large antigenic diversity—namely NFDS from competition of parasites for hosts, mediated by adaptive specific immunity. We specifically asked about the connection between the population structure of pathogen genetic diversity and stability to press perturbations that reduce the abundance of the parasite. We have shown that repertoire populations assembled under selection exerted by host immunity are more persistent to intervention than those assembled under a neutral model with a generalized form of immunity. We have linked this persistence to the larger fraction of highly dissimilar repertoires that provides the parasite with a way to infect non-immune hosts. Interestingly, the network analyses of parasite similarity reveal that the effect of NFDS is quickly restored after the intervention is lifted, which indicates that the process acting to maintain patterns of limiting similarity acts strongly on the parasite population. This quick rebound provides a different angle on the stability of the system.

Although the strength of NFDS is quickly restored to maintain low similarity between strains, the var gene diversity in our simulations slowly rebounds but does not recover to pre-intervention levels. In part, this is the consequence of a regional intervention where the processes generating new genes are not fast enough to rebuild the original local and regional diversity. The time scale at which new genes can be generated and the selective advantage they represent will be critical parameters determining the speed of diversity recovery, but also whether it can practically rebuild to the original pre-intervention levels. This aspect of the system's recovery will be investigated in future work, in light of the recently introduced concept of a threshold for the accumulation of antigenic diversity, we named the innovation number Rdiv, whose critical value is one (He and Pascual, 2021). Here, we have considered parameter ranges representative of those in nature, although the values of ectopic recombination rates have been measured only in vitro (Claessens et al., 2014).

Our theoretical results suggest that competition for hosts can hamper malaria interventions, by operating to maintain the most dissimilar repertoires (Chen et al., 2011; Ruybal-Pesántez et al., 2017). This is in line with the challenge of malaria elimination that characterizes high transmission regions with var gene diversity levels comparable to those considered here, even after intense eradication campaigns. For example, Coleman et al. (2017) showed that after lifting a 7-year long IRS effort, transmission intensity (i.e., entomological inoculation rate, EIR) increased from 30 to 90 infectious bites per person per month in only 2 years, despite a consistent reduction in both EIR and sporozoite rates compared to a nearby control site during the intervention. Thus, transmission persists and prevalence rebounds.

Our model considers a local population embedded within a regional pool that provides a source of genetic variation. This approach is a first step toward developing a more comprehensive theory because in nature malaria is transmitted within and between local human populations, effectively creating a metapopulation of parasites. Therefore, processes that operate on metapopulations, such as dispersal and source-sink dynamics, may influence both the assembly of parasite populations and their stability in addition to local selection. For our purpose, this metapopulation context is particularly relevant in creating a vast pool of genetic variation as documented for endemic regions over larger spatial scales (Day et al., 2017; Tonkin-Hill, 2020) than those of local transmission, and longer temporal scales than those of the intervention we implement here. Addressing metapopulation dynamics explicitly for this highly diverse system would be however computationally extensive. Our approach relies on the initial compromise of a global pool typical of many assembly models in ecology.

While NFDS is a form of balancing selection, we note the difference in the organizational level when referring to genes (such as MHC) or genotypes (combinations of genes). While NFDS can operate at both levels (Takahata, 1990), in this study we have focused on the genotype level. We conjecture that coexistence under NFDS should apply to other ecological systems where frequency-dependent interactions and resulting selection play an important role in the coexistence of a large number of entities, and possibly concurrently in the establishment of a large pool of underlying genetic/trait diversity (Pascual, 2020). For example, negative density-dependent mortality of offspring in rainforests arises from interactions with natural enemies and mutualists (Janzen, 1970; Mangan et al., 2010; LaManna et al., 2017; Schroeder et al., 2020), and traits associated with such mortality concern phytochemistry (Forrister et al., 2019). In microbial systems, where diversity is typically large, NFDS generates populations composed of multiple coexisting strains and mediates population structure as well as response to vaccination (Corander et al., 2017). Moreover, similarly to malaria, interactions of microbes with their viral predators mediated via the CRISPR adaptive immune system, result in a modular network structure. This structure occurs because viruses with segments of DNA/RNA recognized by the bacterial CRISPR system that are rare, have an advantage over those with segments that are frequent (Pilosof et al., 2020). We speculate that in these and other cases, the resulting community structure should increase stability by reducing overlap between species/genotypes in trait space, allowing for an overall better ability to respond to perturbations. This conjecture is supported by empirical evidence in other pathogen systems for the importance of frequency-dependent interactions in structuring diversity (Corander et al., 2017; Harrow et al., 2021), and by recent results showing predictive effects on strain structure following vaccination (Azarian et al., 2019; McNally et al., 2019). One way to advance relevant theory aiming to explore this hypothesis is via the combination of ABMs and network analyses of the resulting diversity structure. Such theory can guide similar network analyses of complex data sets to address the role of non-neutral processes and associated patterns of similarity based on relevant traits.
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Spatial patterns in ecology contain useful information about underlying mechanisms and processes. Although there are many summary statistics used to quantify these spatial patterns, there are far fewer models that directly link explicit ecological mechanisms to observed patterns easily derived from available data. We present a model of intraspecific spatial aggregation that quantitatively relates static spatial patterning to negative density dependence. Individuals are placed according to the colonization rule consistent with the Maximum Entropy Theory of Ecology (METE), and die with probability proportional to their abundance raised to a power α, a parameter indicating the degree of density dependence. This model can therefore be interpreted as a hybridization of MaxEnt and mechanism. Our model shows quantitatively and generally that increasing density dependence randomizes spatial patterning. α = 1 recovers the strongly aggregated METE distribution that is consistent with many ecosystems empirically, and as α → 2 our prediction approaches the binomial distribution consistent with random placement. For 1 < α < 2, our model predicts more aggregation than random placement but less than METE. We additionally relate our mechanistic parameter α to the statistical aggregation parameter k in the negative binomial distribution, giving it an ecological interpretation in the context of density dependence. We use our model to analyze two contrasting datasets, a 50 ha tropical forest and a 64 m2 serpentine grassland plot. For each dataset, we infer α for individual species as well as a community α parameter. We find that α is generally larger in the tightly packed forest than the sparse grassland, and the degree of density dependence increases at smaller scales. These results are consistent with current understanding in both ecosystems, and we infer this underlying density dependence using only empirical spatial patterns. Our model can easily be applied to other datasets where spatially explicit data are available.

Keywords: aggregation, community assembly, density dependence, macroecology, METE, scale, spatial ecology, theoretical ecology


1. INTRODUCTION

Spatial patterns in ecology have been studied extensively (e.g., Wiegand and Moloney, 2013; Diggle, 2014), and contain useful information about what processes shape ecosystems (Law et al., 2009; Brown et al., 2011; Münkemüller et al., 2020). Quantitative understanding of these patterns can therefore be used to infer the importance of various mechanisms, and illuminate underlying processes (Levin, 1992; Rosenzweig, 1995; Brown et al., 2016). Additionally, models of spatial patterns allow us to better model and predict ecosystem response to natural and anthropogenic disturbances (Thomas et al., 2004; Newman et al., 2020), are critical in understanding the well studied species-area relationship (Arrhenius, 1921; Plotkin et al., 2000; Drakare et al., 2006; Harte and Kitzes, 2015), and have applications in reserve designs and conservation (Kitzes and Shirley, 2016).

A common approach to quantifying these patterns is the use of various summary statistics (Wiegand et al., 2013), which have been shown to be able to distinguish different ecological mechanisms (Brown et al., 2016). Here we take a slightly different approach and directly model the impact of an important mechanism in population dynamics: intraspecific negative density dependence. We focus on the effects of this ecological mechanism on spatial patterning.

More specifically, we consider the effects of intraspecific negative density dependence on the spatially explicit species-level abundance distribution. This distribution, Π(n|A, A0, n0), is defined as the probability that if a species has n0 individuals in a plot of area A0, then it has n individuals in a randomly selected subplot of area A. In this analysis, we will focus on this distribution in bisected plots where A = A0/2. Studying bisections is well-motivated theoretically as it often leads to simpler expressions which can be easily compared across models. Here it keeps our model analytically tractable and facilitates comparison to empirical data. We note limitations to this approach in the section 4.

One prediction of the function Π(n|n0) comes from the Maximum Entropy Theory of Ecology (METE), which successfully and simultaneously predicts many macroecological patterns (Harte, 2011; Harte and Newman, 2014) across a wide range of spatial scales, taxa, and habitats (White et al., 2012; Xiao et al., 2015). METE predicts very strong spatial aggregation, which is consistent with many observed ecosystems, and obtains the functional form of Π(n) by maximizing entropy while constraining the mean number of individuals in a subplot. However, the same functional form can be obtained using a colonization rule, which is the approach we will use in our model.

Colonization rules assign spatial locations to new individuals based on the location of existing individuals. Chapter 4.1.2 in Harte (2011) shows that using the Laplace rule of succession as a colonization rule results in the same geometric distribution for Π(n) that METE predicts. Because METE agrees well with empirical data in many cases, we will use this colonization rule in our model. Occasionally, however, we see that the empirical degree of aggregation is less than the METE prediction (Conlisk et al., 2012; McGlinn et al., 2015). To study this, Conlisk et al. (2007) added an extra parameter to the relevant colonization rule that allows Π(n) to vary, but it has no mechanistic interpretation and is used only as a free fit parameter.

We derive a new model that uses the colonization rule consistent with METE and adds a density dependent death rule. This means our model can be viewed as a density dependent extension of METE, and in that sense hybridizes MaxEnt and mechanism. Our model introduces a parameter α which quantifies the degree of intraspecific negative density dependence. This parameter can be fit to empirical spatial data to predict the strength of underlying density dependence. However, as with all models inferring process from pattern, there are many underlying mechanisms that lead to similar spatial patterns (Vellend, 2016; Leibold and Chase, 2018), and we cannot definitively attribute any pattern to a single process.

More generally, our model predicts a more random spatial arrangement with stronger negative density dependence and more spatial aggregation with weaker density dependence. While empirically there is an apparent qualitative relationship between species density and aggregation (Condit et al., 2000; Bagchi et al., 2011; Comita et al., 2014), our aim here is to establish a general quantitative statement relating density dependence and spatial aggregation.



2. MATERIALS AND METHODS

In this section, we review the Maximum Entropy Theory of Ecology (METE) and its prediction for the species-level abundance distribution, Π(n). We then contrast this prediction of strong aggregation to the well-known random placement model (Coleman, 1981), which predicts no spatial aggregation. Given that most species are aggregated (He and Gaston, 2000; Kitzes, 2019), but not all are as aggregated as predicted by METE (Conlisk et al., 2012), the aggregation of most species should fall somewhere between these two predictions for Π(n).

We then introduce a density dependent death rule to combine with the colonization rule consistent with METE, and derive the resulting Π(n) distribution. This derivation assumes a steady state between deaths and new individuals in a single species, but our results should hold if this assumption is relaxed (see section 4).

Finally, we discuss the techniques used to compare our predicted distribution to data, and describe the datasets used in our analysis.

Relevant code for the resulting Π(n) distribution and data analysis is available at https://github.com/micbru/density_dependence_public.


2.1. The Maximum Entropy Theory of Ecology (METE)

In METE, the Π(n) function is given by maximizing the information entropy of the Π(n) distribution given the following constraint (Harte et al., 2008; Harte, 2011, Chapter 7.4):

[image: image]

This leads to the following distribution

[image: image]

where ZΠ is a normalization factor, and λΠ is the Lagrange multiplier determined by the constraint condition.

In the case of a bisection, A = A0/2 and the Π function simplifies to

[image: image]

which is independent of n. This means that given n0 individuals, any arrangement of them on the two sides of a bisected plot or quadrat is just as likely as any other. In other words, this is equivalent to equal probability for each unique spatial arrangement of unlabeled individuals (Haegeman et al., 2010).

Ecologically this prediction translates to very strong spatial aggregation, as individuals are equally as likely to all be on one side of the bisection as to be evenly divided on each half. This is in agreement with many datasets (Harte et al., 2008; Harte, 2011, Chapter 8.3) but fails in others, where the theory over-predicts aggregation (Conlisk et al., 2007; McGlinn et al., 2015). This empirical agreement is why we choose the METE distribution as our starting point.

The prediction from METE is equivalent to the distribution obtained from using the Laplace rule of succession as a colonization rule (Harte, 2011, Chapter 4.1.2). This rule states that in a colonization process, the probability of placing an individual on one side of the bisected area is roughly proportional to the fraction of individuals already there. This “rich get richer” effect results in strong spatial aggregation. The probability for placing an individual on the left half of a bisected plot with nL individuals on the left and nR individuals on the right is

[image: image]

To make our notation consistent with that above, let the number on the left be n and the total number to be n0. The probabilities of a new individual arriving on the left or on the right are then:

[image: image]

If we place n0 individuals using this rule, the resulting probability distribution is given by Equation (3).



2.2. Random Placement

Another model for spatial ecology, perhaps the simplest, is the random placement model (Coleman, 1981). Instead of the placement rules in Equation (4), each individual is placed randomly. In a bisected plot this means each individual has a 50 percent chance of being placed on either side, pL = pR = 0.5. Placing n0 individuals this way gives the binomial distribution

[image: image]

which, if n0 is large, means we are very likely to have roughly half the individuals on each side. This is equivalent to having no spatial aggregation; there is no preference for any new individual to stay close to any previous individual as each placement is a random coin flip.



2.3. Deriving the Π(n) Distribution With a Density Dependent Death Rule

We now introduce an intraspecific density dependent death rule in addition to the METE colonization rule in Equation (4). To allow for general density dependence, we set the death rate proportional to nα. The parameter α determines the strength of the density dependence, and can be inferred from the data. Density dependence may result from resource limitation, or some other mechanism (e.g., the Janzen-Connell effect, Janzen, 1970; Connell, 1971).

In the case of a bisected plot, each death must be on the left or right. Thus, given that we have one death in a species, the probabilities that the death is on the left, pD, L, or on the right, pD, R, are

[image: image]

Now that we have the colonization and death rules (Equations 4 and 6), we can derive the general Πα(n|n0) for bisections. We will assume the population size of the species is constant and step the model forward over time, where at each step in the model we will have one death followed by the placement of one new individual within a species. Each placement can be interpreted ecologically as a birth or as the immigration of an individual from the same species. We can then solve for the resulting steady state distribution where we reach an equilibrium in the spatial pattern.

There are several approaches for deriving the steady state solution for such a system. Here, we equate the rates leaving and entering any individual state Πα(n|n0). We take the probability that we start with n individuals on the left, one on the right dies and then one is placed on the left resulting in n + 1 individuals on the left, and equate that to the probability that we have n + 1 individuals on the left, one on the left dies and then one is placed on the right resulting in n individuals on the left. We could have equivalently done the same thing with n and n − 1. Equating these rates using the probabilities in Equations (4) and (6) leads to a recursion relation. Solving it gives a general stationary solution for Πα with a given n0 and α:

[image: image]

where C(n0, α) is the overall normalization that does not have a closed analytic form. In the case that n0(α − 1) is large, an approximate form for the normalization is

[image: image]

See Supplementary Material 1 for the details of this derivation.

If α = 2, we can solve for the normalization explicitly to get

[image: image]

and if α = 1, we recover the METE prediction [image: image].



2.4. Comparing to Data

Inferring the degree of intraspecific density dependence in empirical data requires obtaining a value of α consistent with the data. Bisection predictions can be compared to data by rank ordering the fraction of individuals present in one half of the plot for each species (e.g., Harte, 2011). This method, however, ignores species abundance and does not account for the likelihood of individual data points. This can lead to incorrect conclusions about which model is preferred (see Supplementary Material 2).

We instead find the maximum likelihood α given the data, where we minimize the sum of the negative logs of the probabilities given data points ni and n0, i, where i labels each quadrat for a given species. Inferring α using this method gives us the values that are the most consistent with the data, even if they may not look like they agree with the rank ordered fractions (Supplementary Figure 1 and Supplementary Table 1).

The statistical error in estimating α this way goes as [image: image] where p is the sample size (see Supplementary Material 3). We can also get some idea of error from the maximum likelihood estimate itself by considering the width of the likelihood distribution, however for Figures 3, 4, we do not include these error bars as they are smaller than the data points.

For determining α for individual species, we will require multiple bisections and the sample size p will be roughly the number of cell pairings, p ≈ 2b−1, where b is the number of bisections. There will be fewer data points in practice as some cell pairings will be empty.

We can also define a community α, assuming each species follows the same death rule with identical α. In this case, we will have a larger sample size. For a single bisection, we will have a sample size p equal to the number of species, p = S0. For multiple bisections where we consider the species on aggregate, the sample size will be roughly equal to the number of species multiplied by the number of cells, [image: image]. Again, the equality is not exact as not all cell pairings beyond the first bisection will have all of the species present at the single bisection level.

In both the case of the species-level and community-level α, we will bisect single plots more than once (into quadrants, then into 8 cells, etc.) when comparing the model to data. In our analysis, we begin by bisecting the plot in half in one direction, then bisecting each of the resulting plots in the opposite direction. We alternate this bisection pattern until we have 2b cells. We can then combine adjacent cells (either left/right or up/down) as if they were single plots with abundance n0, i, where i will index the plots and range from 1 to 2b−1. We then choose the abundance on one half to be ni. This method gives us 2b−1 points.

Additionally, in this analysis we will only consider species that could have at least one individual per bisection ([image: image]). The smallest scale we consider in our datasets is b = 8, so when we bisect the plot more than once we will only consider species with more than 128 individuals. This restriction ensures that we do not have too many plots with only a few individuals present. If n0 is very small, Πα(n) is not particularly sensitive to α and it becomes very difficult to reliably infer α from the data. For n0 ≤ 2, Πα(n) does not depend on α.



2.5. Data Used

We will compare our results to two contrasting datasets. First, we will use data from a sparse Californian serpentine grassland site (Green et al., 2003, 2019) at the McLaughlin University of California Natural Reserve censused in 1998. This is a 64 m2 plot divided into 256 cells with 24 species and 37 182 individuals. There are 10 species with abundance greater than 128 individuals that constitute 36 783 individuals.

Second, we will use data from Barro Colorado Island (BCI) in Panama (Condit, 1998; Hubbell et al., 1999, 2005; Condit et al., 2019), a 50 ha plot in a moist tropical forest. We will work with the 2005 census and consider plants with a diameter at breast height (dbh) greater than 10 cm. This dataset has 229 species and 20,852 individuals, and 40 species with abundance greater than 128 individuals that constitute 15,960 individuals.




3. RESULTS


3.1. Comparison to METE and Random Placement

Figure 1 compares the bisection predictions for Π(n) from METE, random placement, and our density dependent model for various α, at n0 = 10 and 50. In general, our model predicts that increasing negative density dependence (larger α) leads to more random spatial patterning, and less density dependence (smaller α) leads to stronger aggregation.


[image: Figure 1]
FIGURE 1. Comparison of the bisection probability distributions Π(n) from METE, random placement (RP), and our density dependent model with varying α at (A) n0 = 10 and (B) n0 = 50. At α = 1, our model corresponds exactly to METE. At larger n0, α → 2 approaches the random placement distribution. Our model varies continuously between METE and random placement for 1 < α < 2.


We can relate our distribution directly to both the METE and random placement distributions for different values of α. α = 1 corresponds exactly to the METE solution, which makes sense given that the placement and death rules are both linear in n. As α → 2, our distribution approaches the random placement prediction if n0 is large enough (Supplementary Material 4 shows this result analytically). For 1 < α < 2, we vary continuously between METE and random placement. We can make the distribution even more spatially aggregated than METE with α < 1 and even less than random placement (overdispersed) with α > 2.

We can also relate this distribution to the commonly used conditional negative binomial distribution (Bliss and Fisher, 1953; He and Gaston, 2000, 2003; Green and Plotkin, 2007) in the limit of large n0, assuming that matching the peak of the distributions is a good approximation for the entire distribution. In that limit, the aggregation parameter k is approximately related to the density dependent parameter α by

[image: image]

Note that this approximation holds for 1 ≤ α ≤ 2, which should be the ecologically relevant range for most species as most species will be more aggregated than random placement, and less aggregated than METE. This also allows the aggregation parameter k to be interpreted mechanistically as the degree of density dependence, in that higher k corresponds to higher α and greater density dependence. See Supplementary Material 5 for the derivation.



3.2. Individual Species

Since the Π function is defined on the species level, we can consider each species separately and find the maximum likelihood α for each. To do this we have to go beyond the first bisection to get multiple data points for the same species at smaller scales.

For the serpentine data, we exclude Eriogonum nudum from the following figures as an outlier (see section 4). This leaves 9 species with abundance greater than 128 individuals.

Figure 2 shows the distribution of α values among the species at each scale, for both the serpentine and BCI data. The median α increases at smaller scales for both datasets, and is higher overall at the BCI dataset, even though the absolute scale is much larger. The spread in α is quite large, but this variation is expected considering the small number of data points, especially for rarer species. Most species have an α between 1 and 2, which is somewhere between the aggregation predicted by METE and random placement.


[image: Figure 2]
FIGURE 2. Boxplots for α among the species at different scales at both sites, where panel (A) shows 10 species from the Serpentine dataset, and panel (B) shows 40 species from the BCI dataset. In both cases at smaller scales α is larger, and we see a relatively large spread in α across species at the same scale. The boxplots show boxes from quartile 1 (Q1) to quartile 3 (Q3) with a line at the median. The whiskers extend to 1.5 × (Q3-Q1). The remaining points are plotted as individual circles.




3.3. Community α

We can instead treat α as a community parameter, using each species as a single data point to recover a community α. Figure 3 shows the direct comparison between our model prediction and the serpentine and BCI datasets at the single bisection level. Each data point is the observed fraction of individuals in one half of the plot vs. the species abundance. The curves in this figure show the 95% contour intervals for the Π(n|n0) distributions predicted by METE, random placement, and our density dependent model with the maximum likelihood α value. We can see that with increasing n0, the random placement model narrows quickly to having most of its probability weight around 0.5, whereas the METE contours are very wide.


[image: Figure 3]
FIGURE 3. Ninety-five percent contour intervals for the predicted bisection probability distributions Π(n|n0) from METE, random placement, and our density dependent model with maximum likelihood community α, and bisection data for each species in (A) the serpentine dataset, and (B) the BCI dataset. The data is plotted for each species, where the y-axis is the fraction in one half plot and the x-axis is the total species abundance in that plot. The contours are calculated at each n0. For our density dependent model with a community α, α = 1.0003 maximizes the log-likelihood for the serpentine dataset, and α = 1.12 maximizes log-likelihood for BCI dataset.


At the single bisection level, the maximum likelihood result for the serpentine dataset is nearly indistinguishable from α = 1, so the confidence interval curves on the plot for METE and the density dependent model overlap for most n0. For the BCI data, the maximum likelihood value is α = 1.12, slightly larger than 1. In this case, where 1 < α < 2, we see the width of the predicted distribution is between METE and random placement. The likelihoods for each of the models are shown in Table 1.


Table 1. Log-likelihood values for the three different models, with α as a community parameter.

[image: Table 1]



3.4. Scale Dependence in Community α

Going beyond the first bisection allows us to see how α varies depending on the scale of our plot. Figure 4 shows how α scales with fractional area for both the serpentine and BCI plots. Density dependence increases at smaller scales in both datasets. The trend in community α across scales is similar to the median α in the single species analysis, though the median α is in general slightly larger than the community α. Note that here we restrict our analysis to species with n0 > 128 for all scales so that we are including the same species across scales.


[image: Figure 4]
FIGURE 4. Community α scaling with area for species with abundance n0 > 128. The density dependence again increases at smaller scales and the trend is similar to the single species analysis. The serpentine dataset has 36,783 individuals and the BCI dataset has 15,960 individuals.





4. DISCUSSION

Our model establishes a quantitative relationship between the spatially explicit distribution Π(n) and the parameter α, which measures the strength of negative density dependence. This can be seen in Figure 1, where the Πα(n) distribution flattens with smaller α, indicating greater aggregation, and broadens as α increases. Importantly, the parameter α has a direct interpretation as quantifying the strength of negative density dependence. Further, our relationship in Equation (10) allows us to interpret the parameter k in the negative binomial distribution in the same intuitive way.


4.1. Comparing Species and Community α

In our analysis, we consider α both as a separate parameter for each species (as in Figure 2), and as a community parameter where each species has the same α (as in Figures 3, 4). The community α is harder to interpret ecologically, but we include it to allow for comparisons with models with community level aggregation parameters (e.g., Volkov et al., 2005; Conlisk et al., 2007). To analyze and compare the accuracy of the species-level α and the community α, we considered the Akaike Information Criterion (AIC) in both cases across scales (Table 2). This was calculated for single species as the negative log-likelihood summed over each species with the number of parameters equal to the number of species, whereas for the community α there was only a single α parameter. For both serpentine and BCI at all scales considered, we find that the AIC is lower with species-level α compared to a single community α, despite the inclusion of 9 more parameters in the case of the serpentine data and 228 more parameters in the case of the BCI data. We therefore conclude that a separate α for each species describes the data better than a single community α.


Table 2. Comparison of the Akaike Information Criterion (AIC) for α defined at the individual species level and at the community level in both the serpentine and BCI data and across scales.

[image: Table 2]



4.2. Comparing Serpentine and BCI

We use our model to directly compare our results between our two contrasting datasets, serpentine and BCI. Because the serpentine site was very sparse, whereas the BCI forest is tightly packed, we expect higher α values and greater density dependence at BCI than at the serpentine site. This is consistent with our inferred values of α at both the individual species level and at the community level.

Another difference between the serpentine and BCI sites is how well other macroecological distributions agree with METE. METE well describes other patterns at the serpentine site, and does less well at explaining the BCI data. Given that α = 1 corresponds to the METE prediction for Π(n), we might expect that ecosystems well-described by other METE predictions will have α ≈ 1, as these systems will generally be consistent with METE. This is consistent with our analysis here as the median and community αs for the serpentine data are approximately 1 at the largest scale, whereas at BCI the median and community αs are larger than 1.

Because METE predictions seem to hold for relatively static and undisturbed ecosystems (Newman et al., 2020), this suggests interpreting an increase in density dependence away from METE (α>1) as a kind of ecological disturbance. A biological example of strong density dependent mortality as a result of disturbance could be the self-thinning of trees in forest recovery from wildfire, such as bishop pines in coastal California (Harvey et al., 2014). This interpretation is in line with the recently proposed DynaMETE theory (Harte et al., 2021), which models specific mechanistic disturbances away from METE to predict macroecological patterns.



4.3. Scaling

Our scaling results in both Figures 2, 4 make ecological sense. We expect that at smaller scales, the density dependence would be larger as individuals compete more for resources at that scale. At large scales, we expect α to be close to 1 as the individuals do not compete over large distances. This means that the spatial distributions look more aggregated on large scales than on small scales as the individuals within species broadly group together, but repel each other at small scales. We see this trend at the individual level in Figure 2 as the medians increase at smaller scales, and for the community α in Figure 4.

Our repeated bisection analysis also indicates at which scale density dependence becomes important. This will appear as a shoulder in the data where α moves away from ≈1. We could do this for individual species by tracing α and looking for a shoulder in Figure 2, but here we will look at the community results in order to compare to Conlisk et al. (2007) and Volkov et al. (2005). Looking at Figure 4, we find that the shoulder in absolute scale corresponds to <0.5 m2 for the serpentine plot and <1.6 ha for the BCI dataset. This again makes sense given that the serpentine grassland is much more sparse than the BCI forest.

We first compare to Conlisk et al. (2007), who introduce a fit parameter ϕ that modifies the colonization rule Equation (4) and allows the Π distribution to vary continuously between random placement and METE. They compare their estimated community ϕ parameter to both the serpentine and BCI data in their Figure 6. For the serpentine data, they find that at scales larger than around 0.5 m2 (the 8th bisection), ϕ approaches 0.5, which corresponds to the METE prediction. At scales around 0.5 m2 or smaller, ϕ ≈ 0.25, where ϕ = 0 corresponds to random placement. This is consistent with our scaling results in Figure 4. For BCI, they find that at all but the largest scales ϕ ≈ 0.25. Our result that α is larger at BCI than at the serpentine site across scales, which corresponds to less spatial aggregation, is not consistent with their findings. We believe this is due to a difference in how the data are analyzed.

In Conlisk et al. (2007), the species abundance n0 is measured at the scale of the full plot, and the bisection prediction is recursively iterated to smaller scales (see their Theorem 2). Here, we treat each bisection at smaller scales separately. For example, after dividing the plot into 128 quadrants (8 bisections), we look at the species abundance in each individual quadrat without considering n0 at the scale of the entire plot. In principle, we could conduct our analysis in the same way and anchor at the largest scale, though this would be difficult analytically, and our approach makes use of the empirical data available at each scale rather than only at the largest scale. Further, the method in Conlisk et al. (2007) depends implicitly on the chosen size of the overall study plot. This is not true in our analysis as a bisection studied at any scale does not depend on information at any other scale. In practice, this means that in our analysis there is no difference between studying species in a 1 m2 subplot embedded in a 100 m2 plot vs. studying the same 1 m2 plot independently. This difference in how n0 is treated across scales could lead to different predictions for α (or ϕ).

We can further compare our results to Conlisk et al. (2007) by relating our α to ϕ, using their relationship between ϕ and k and our Equation (10). This relationship depends on n0, which may affect comparisons between these parameters across scales. Finally, an additional difference between our analyses is our different cutoff of n0>128, and for BCI, dbh >100 mm, however this does not explain all of the difference between our results. Supplementary Material 6 derives an approximate relationship between α and ϕ, Supplementary Figure 4 uses that relationship to transform our Figure 4 to a relationship in ϕ, and Supplementary Figure 5 shows how our result changes if we remove our abundance threshold. A takeaway from this comparison is that these scaling results depend at least in part on the choice of model and the data analysis methods.

Volkov et al. (2005) showed that intraspecfic and symmetric density dependence can explain different shapes for the species-abundance distribution. Their added parameter c is interpreted as a measure of the strength of symmetric density dependence, where c = 0 corresponds to no density dependence. This parameter is therefore similar to our community α in that all species have the same degree of negative density dependence. They then show at what density these effects become important in their Figure 3. For BCI, they find c = 1.80, and the density dependent effects are visible for species with n>27. To convert this to area, we need to look at scales of the total area divided by the abundance where density dependent effects become visible. Thus, this corresponds to density dependence entering at scales smaller than a fractional area of 1/27 = 1/24.75, which is close to the same scale where we see α increase away from 1 in Figure 4.

Across these results, we interpret increasing α at small scale as an increase in density dependence. However, at smaller spatial scales where there are fewer individuals it becomes more difficult to distinguish between different patterns of aggregation. In particular, when n0A/A0 << 1, it is difficult to determine if the empirical pattern is due to noise or a specific clustering process (Harte, 2011, p. 63). This sampling effect should be small here, as even at the smallest scale the median n0A/A0 is greater than 1 for both datasets (Supplementary Material 7).



4.4. Trends for Individual Species at BCI

At the individual species level at BCI, we find overall that most species at all scales are more aggregated than random (α < 2 in Figure 2). This is consistent with results from Condit et al. (2000). We also find that species tend to be more aggregated at large scales than at small scales (median α>1 at small scales and α ≈ 1 at large scales in Figure 2), which makes sense as we expect some species to only be present in certain areas of the plot.

More broadly, we might expect to find trends in inferred density dependence with species abundance or size. More abundant species may be competing more for the same resources, or larger species may compete over larger distances. For example, Condit et al. (2000) find that both rarer species and smaller individuals tend to be more aggregated, however at a much smaller scale (within a 10 m radius). We looked for trends in abundance, mean dbh, and total energy for each species at BCI with n0 > 128 across all scales considered (as in Figure 2).

In terms of abundance (Supplementary Figure 7 and Supplementary Table 2), we do not find any species with high α and high abundance (no highly density dependent high abundance species), and we find that the variance in α decreases with abundance. We also find that at all scales except the two smallest, α decreases slightly with increasing log of abundance. Thus, we find that at larger scales, more abundant species are slightly more aggregated than less abundant species.

We find no evidence of a trend with species' mean dbh (Supplementary Figure 8 and Supplementary Table 3), though it is possible this trend is obscured by variance in individual size within a species, or that the range of mean dbh we considered (about 100 − 500 mm) is too small to see its effect. Finally, we looked for an overall energy effect. Considering that the most abundant species tend to be smaller, it may be that density dependence depends on the total metabolic rate of a species. Plotting this relationship (Supplementary Figure 9 and Supplementary Table 4) again does not reveal a significant scaling relationship at all scales except one (log2(A/A0) = −6).

A plausible mechanism for the observed density dependence at BCI is the Janzen-Connell effect (Janzen, 1970; Connell, 1971), whereby areas near parent trees are inhospitable for offspring, resulting in density dependence. Various studies (Harms et al., 2000; Carson et al., 2008; Comita et al., 2014) have observed this effect at BCI, which is consistent with our result that α>1 for most species at smaller scales there.

See Supplementary Material 8 for more information on these trends.



4.5. Notable Species

For individual species at the BCI dataset, Gustavia superba stood out with an average α of 1.001 across scales. This species is largely limited to 2 hectares of young secondary forest along the edge of the plot, (J. Wright, personal communication, 2019) making it look especially aggregated and resulting in a maximum likelihood α close to 1.

In the serpentine dataset, we excluded Eriogonum nudum as an outlier for part of our analysis. The maximum likelihood α was > 6 at the smallest scale and the maximum itself was very shallow. This species has a large canopy compared to the other grassland plants, and tends to be found far from other individuals. It makes sense that it would be overdispersed with α > 2.



4.6. Implications for the Species-Area Relationship

In METE, the spatial distribution is used together with the species-abundance distribution to predict the species-area relationship (Harte, 2011, Chapter 7.5), and to upscale predictions of biodiversity (Harte and Kitzes, 2015). These predictions should hold in ecosystems like the serpentine grassland analyzed here, as the observed species aggregation agrees with the METE prediction. However, different levels of aggregation will impact the species-area relationship. The impact of aggregation is discussed in Wilber et al. (2015). They find that increasing randomization decreases the predicted slope of the species-area relationship at the same scale, and therefore upscaling METE will overpredict species richness. In addition, they analyze the effect of variation in aggregation among species, which slightly decreases the slope at small scales and increases the slope at larger scales. This results in a species-area relationship that more closely resembles a power law. They also consider the effect of decreasing aggregation across scale, which results in a species-area relationship that no longer displays scale collapse. We observe both of these effects here.



4.7. Limitations and Assumptions

As with all models inferring process from pattern, we can never be sure the pattern we observe can be completely attributed to the process we model. There are many different underlying processes that can lead to aggregation, including environmental filtering and dispersal limitation (Vellend, 2016; Leibold and Chase, 2018), and it is not possible for any one model to include every effect. Our empirical results here are consistent with our interpretation of α as a parameter that relates to the strength of intraspecific negative density dependence, however there are certainly other important mechanisms in these datasets. Regardless of our ability to infer process from pattern, our theoretical result that increasing density dependence increases spatial randomization holds.

Our model is also limited in that it only considers bisections, and it would be useful to extend it to be more general. There are many spatial arrangements that can not be accurately captured by dividing plots into bisection, and in general a single functional summary statistic does not completely describe the observed spatial pattern (Wiegand et al., 2013). For example, if we divide our plot into an m by m grid, and have one individual per cell, we would see exactly 0.5 as the fraction for each bisection. This result would be consistent with random placement with a large number of individuals, which does not well describe this exceptionally uniform arrangement. There could also be different degrees of spatial aggregation within a cell that we will not accurately capture with a bisection. Despite these limitations, bisections are useful for understanding commonly observed macroscopic spatial patterns.

A conceptually simple extension to our model is to divide plots into quadrisections rather than bisections. The colonization and death rules then have three unknowns rather than one (the number of individuals in each quadrant, where the fourth is determined by constraining the sum to be n0). This makes it hard to solve analytically, however we can simulate the birth-death process until it reaches steady state. We find no significant difference in our simulation compared to our prediction from two bisections, and find that a community α = 1.12 is still consistent with the BCI data.

Because we consider the steady state solution in our model, we are assuming that the density dependence time scale is longer than the time scale of individual births or deaths. That is, α must not change too rapidly in time. This assumption is justified for many systems roughly in steady state with their environment and not undergoing rapid change (Newman et al., 2020).

Solving for the steady state solution also assumes that births and deaths are in balance. We assume here that there is a single death followed by a placement, however simulating two deaths followed by two placements gives a probability distribution consistent with our analytic prediction. We expect our result to hold with other numbers of deaths and placements. Assuming that births and deaths are in balance also implicitly assumes some amount of negative density dependence, and here α provides a quantitative measure of the degree of density dependence.

Another assumption in our model is the choice of colonization rule itself, though if we had chosen a different colonization rule many of our conclusions would remain the same. We use the colonization rule consistent with METE because of its good empirical agreement (Harte, 2011, Chapter 8.3). This allows us to interpret the α = 1 case as consistent with METE. This is useful as METE can be thought of as a null theory that holds in ecosystems that are undisturbed and relatively static (White et al., 2012; Xiao et al., 2015; Harte et al., 2017; Newman et al., 2020), and α ≠ 1 can be thought of as a density dependent correction, away from the MaxEnt distribution. In this sense, this model hybridizes MaxEnt and mechanism.

Instead, as an example, we could have chosen the colonization rule resulting in the random placement distribution. For a bisection this rule is just pL = pR = 0.5. In this case, α = 1 would recover the binomial distribution, which we know does not well describe most spatial data (Condit et al., 2000; He and Gaston, 2000), and so we cannot interpret α ≠ 1 as a density dependent correction. As another example, if we had chosen the more general colonization rule in (Conlisk et al., 2007) we would have two parameters to tune, making it difficulty to differentiate between colonization and death. In ecosystems where we suspect a different colonization rule may be in play, we could modify our theory appropriately. In any of these cases, our general results would remain largely unchanged.



4.8. Future Work

One advantage of the bisection approach is that it can make predictions about inter-quadrat correlations. McGlinn et al. (2015) examined these correlations and compared empirical distance-decay relationships with the spatial predictions of METE (α = 1 in this model). They found that the predicted distance-decay was much stronger than observed. We would expect the predicted distance-decay relationship to be weaker with α>1 in our model. Conlisk et al. (2007) note that ϕ>0 in their model produces more realistic looking distance-decay than random placement. Together, this means that with 1 < α < 2 our model should predict a more realistic shape for the distance-decay relationship compared to random placement, but with less steep of a slope than predicted by METE. However, Conlisk et al. (2007) also note that the analysis of these inter-quadrat correlations makes use of distance between cell pairs rather than physical distance, which limits the analysis [though note Ostling et al. (2004) provides a set of user rules to reduce this effect]. This issue is also present in our model. Future comparisons to empirical distance-decay relationships could provide another method of estimating α and testing this framework.

Another advantage of our approach is that it only requires static spatial data. However, analyzing a single dataset over time could provide an interesting test of our interpretation of α as a measure of density dependence. This would be particularly appropriate with data where strong density dependent mortality is known to occur, for example a self-thinning forest recovering from wildfire (Harvey et al., 2014; Newman et al., 2020).

Finally, while our analysis here compares two contrasting datasets, future work could analyze more ecosystems to look for effects of habitat type, species richness, or average density.




5. CONCLUSION

Our model robustly predicts that increased intraspecific negative density dependence leads to more random spatial patterning, and establishes a quantitative relationship between the degree of density dependence described by the parameter α and spatial patterning described by the metric Π(n). We predict that this result is general across ecosystems and taxonomic groups. We find that at all but the smallest scales, the serpentine grassland site is consistent with the absence of a density dependent correction and has the strong spatial aggregation predicted by METE. This is true for both the median individual species and at the community level. At the tropical forest site, our results indicate that negative density dependence is important: the median species α and the community α are both greater than 1 at even the largest scales. Both ecosystems show scaling of α consistent with its interpretation as the strength of negative density dependence. Median species α and community α are larger at smaller scales, and increase away from 1 at scales consistent with other analyses. Overall, our analysis of α is consistent with the interpretation of density dependence at both sites. Because this model uses only static spatial patterning, it can be applied in any ecosystem with spatially explicit data.
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Some lineages radiate spectacularly when colonizing a region, but others do not. Large radiations are often attributed to species’ adaptation into niches, or to other drivers, such as biogeography including dispersal ability and spatial structure of the landscape. Here we aim to disentangle the factors determining radiation size, by modeling simplified scenarios without the complexity of explicit niches. We build a spatially structured neutral model free from niches and incorporating a form of protracted speciation that accounts for gene flow between populations. We find that a wide range of radiation sizes are possible in this model depending on the combination of geographic isolation and species’ dispersal ability. At extremely low rates of dispersal between patches, each patch maintains its own endemic species. Intermediate dispersal rates foster larger radiations as they allow occasional movement between patches whilst sufficiently restricting gene flow to support further speciation in allopatry. As dispersal rates increase further, a critical point is reached at which demographically identical lineages may vary greatly in radiation size due to rare and stochastic dispersal events. At the critical point in dispersal frequency, some lineages remain a single species for a comparatively long time, whilst others with identical characteristics produce the largest radiations of all via a new mechanism for rapid radiation that we term a ‘radiation cascade’. Given a single species covering many patches connected with gene flow, a radiation cascade is triggered when stochastic dispersal is unusually low for a period, leading to an initial speciation event. This speciation means there are fewer individuals per species and thus further reduced gene flow between conspecifics. Reduced gene flow in turn makes it easier for further speciation to occur. During a radiation cascade, dispersal of individuals between patches continues at the same rate as before, but due to the increasing diversity it primarily introduces novel species that will later speciate, rather than adding to gene flow of existing species. Once a radiation cascade begins, it continues rapidly until it is arrested by a new equilibrium between speciation and extinction. We speculate that such radiation cascades may occur more generally and are not only present in neutral models. This process may help to explain rapid radiation, and the extreme radiation sizes of certain lineages with dispersing ancestors. Whilst niches no doubt play a role in community assembly, our findings lead us to question whether diversification and adaptation into niches is sometimes an effect of speciation and rapid radiation, rather than its cause.

Keywords: neutral theory, radiation, adaptive radiation, rapid burst, island biogeography, niche, dispersal limitation, gene flow


INTRODUCTION

Radiations are an evolutionary phenomenon in which one species proliferates into many (Erwin, 1992; Stroud and Losos, 2016). Radiations are often studied on island and archipelago settings as their spatial structure provides prominent opportunities for allopatric speciation, with celebrated examples including Darwin’s finches of the Galapagos (Grant and Grant, 2011, 2014), anolis lizards of the Caribbean (Losos, 2011), lobeliads and silverswords of Hawaii (Robichaux et al., 1990; Givnish et al., 2009) and others (Lovette et al., 2002; Kocher, 2004). Since Darwin’s early work, the mechanism behind radiation has captured the interest of a wide range of ecologists and evolutionary biologists. Most studies have focused on adaptive radiations (Harvey and Rambaut, 2000; Yoder et al., 2010; Wellborn and Langerhans, 2015), in which the radiation was accompanied by diversification of phenotypes enabling the species to fill different niches (Schluter, 2000). Geographic radiations, in which spatially structured landscapes are the main driver of species proliferation, have been relatively overlooked (Ibanez et al., 2018). A combination of adaptation and geography may explain the overall pattern of species proliferation in most cases (Rundell and Price, 2009; Simões et al., 2016).

Adaptive radiation is explained by ecological opportunity (Simpson, 1953; Losos, 2010; Losos et al., 2010), but some phenomena cannot be explained in this way. For example, in the Galapagos, Darwin’s finches proliferated into fourteen species (Lamichhaney et al., 2015; Grant, 2017), while mockingbirds only four species (Arbogast et al., 2006) and most other bird lineages remained as single taxa. For the Hawaiian flora, a few lineages have large species richness, while many colonist lineages did not radiate at all (Figure 1). What explains such disparity in radiation size? If ecological opportunity is the important factor, what prevented such opportunities from being filled more evenly by the various immigrating lineages? The answer might be partly to do with the order or timing of immigration (Fukami, 2015; De Meester et al., 2016) and/or the influences of geography and stochasticity on dispersal. Indeed, propagule size, dispersal mechanism and breeding system can interact with geography and the extent of natural barriers between islands and habitat patches to influence radiation size in plants (Price and Wagner, 2018).


[image: image]

FIGURE 1. Radiation sizes of Hawaiian angiosperm lineages, separated by dispersal vector. The data are from Price and Wagner (2018). Lineages dispersed by air never reached radiation sizes beyond the 4–7 category. Those dispersing over water were able to reach radiation sizes in the 16–32 category. All the lineages with the greatest radiation sizes of 32 or more were dispersed by birds.


Recent research has revealed that, in many cases, geographic and ecological factors both influence radiation size (Bennett and O’Grady, 2013; Yu et al., 2014; Simões et al., 2016; Schenk and Steppan, 2018). Some have proposed that a diverse radiated lineage might undergo both adaptive and geographic radiation (Simões et al., 2016). However, such hypotheses are hard to test. We suggest that stochasticity and geography should not simply be a ‘backup’ explanation invoked only if an adaptive story cannot be found, as they are likely to work alongside adaptation in a much greater proportion of cases. One approach to disentangle the role of adaptation is by modeling radiation in the absence of niches or adaptation, to explore the effects of stochasticity, dispersal and geography on radiation size. Neutral theory (Hubbell, 2001) provides a natural direction for building such a model because it does not include specific niches and instead emphasizes biogeographic factors such as dispersal and landscape spatial structure (Rosindell et al., 2011).

We investigated the quantitative influence of biogeographic drivers on radiation size with a mechanistic model based on neutral theory (Hubbell, 2001). Our model integrates both spatial structure and a protracted speciation process that explicitly accounts for gene flow between multiple habitat patches (Rosindell et al., 2010; Rosindell and Phillimore, 2011; Gascuel et al., 2016). We found that biogeography alone can drive a very large variation in radiation size. We also find a potential new mechanism for rapid radiation: a ‘radiation cascade’ in which initial speciation of a widespread species reduces gene flow between conspecifics and as a result leads to yet more speciation in a reinforcing cycle.



MATERIALS AND METHODS

We built a neutral model with spatial structure to explicitly simulate the proliferation of one or more radiating lineages within a network of connected habitat patches, which could represent islands. We conducted experiments simulating different sets of parameters to identify the relationship between radiation size and biogeographic factors.


Model Description

Our neutral model is based on birth-death cycles, where the total number of individuals is constant (zero-sum). Unlike the classic neutral model of Hubbell (2001), which contains one local community and a single metacommunity, our model uses a spatially structured community network containing multiple patches linked together (Economo and Keitt, 2008; Gascuel et al., 2016) as well as a remote metacommunity (Hubbell, 2001). The community network can receive external immigrants from the metacommunity. Within the network, local patches represent local communities that may be connected to a greater or lesser extent. There are internal dispersal events between local patches. An isolated archipelago of islands is one example of a system that can naturally be represented in this way. The assumption of neutral theory, and our model, is that an individual’s chances of birth, death and movement are independent of its species identity. This neutrality assumption aids understanding of the ecological processes other than niches and selection, with the constraint that species are from a single trophic level and guild (Hubbell, 2001).

In our simulation, one individual dies at each time step, leaving a gap that is filled by the new-born offspring of either a local parent, or an immigrant from another local patch or an external immigrant from the metacommunity (Figure 2). The network of dispersal opportunities between every pair of local patches is represented by a probability-matrix P. In this matrix, Pi,j gives the probability for the gap in patch i to be filled by an individual from patch j. Pi,i gives the probability of a deceased individual in patch i being replaced by the offspring of a local individual. In practice we simulated a simplified scenario in which all local patches were of the same size J, in terms of total number of individuals, and, where present, any links between patches were of the same strength given by m. As a result Pi,j, where i≠j, is either 0 or m and Pi,i is set so that [image: image]. Here, N is the total number of local patches in the system and M is the probability of dispersal from the external metacommunity. To simplify the simulation further and improve tractability, species abundances within the metacommunity resource pool were not modeled explicitly; any individual arriving from the metacommunity was considered a different species, which would be reasonable for a large, diverse, and distant metacommunity.
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FIGURE 2. Schematic representation of the network structure used in our study. In this example, we show three initial species (red, blue, and green) in the community network of two patches (A and B). There are 50 individuals in total. The time step shown represents a birth-death cycle: that is 2/50 = 0.04 of a generation. The minimum duration of speciation (τ) is set at 100 generations meaning that in the absence of gene flow speciation will complete in 100 generations. The gene flow effect (G) is 5 in this example meaning that every individual gene flow event causes a 5-generation delay to the conclusion of the speciation process. The numbers at the bottom of each panel are the speciation ‘clocks’ for each species showing how many generations without gene flow are required to completely sever that species into two. Only when a species has conspecific populations in different patches is a speciation ‘clock’ required. Any ‘clock’ is initialized with τ generations (here 100), and will then count down over time but increase by G whenever a dispersal event of a conspecific occurs (gene flow).




Speciation Process

We modeled speciation as a protracted process (Rosindell et al., 2010) that takes time to complete. Each possible new species has a countdown ‘clock’ (measured in generations) until its speciation process has completed. Given that generations are overlapping in our model, we defined one generation as the amount of time required for half of the individuals in the community to have died and been replaced with offspring of other individuals (Rosindell et al., 2010). Following the protracted speciation model with gene flow of Rosindell and Phillimore (2011), any new colonization of a local patch will start the countdown to a potential speciation event that would result in the newly colonized local patch becoming a new species (Figure 2). The shortest possible duration of speciation is given by a parameter (τ), the number of generations taken for allopatric speciation in the absence of any gene flow between local patches. Any immigration event of conspecific individuals between different local patches increases the amount of time until speciation will complete for that species by a predefined parameter G giving the gene flow effect. This increases the amount of time until the populations within the local patches concerned can be considered as two different species (Figure 2). Here, we expand the two-community (island mainland) model of Rosindell and Phillimore (2011) to allow arbitrary networks of local patches. In cases where there are more than two patches, every possible pair of patches has its own independent speciation clock for each species, keeping track of gene flow events between those two patches. Individuals in a local patch (or collection of local patches) speciate in allopatry from their former conspecifics in other local patches when they can be split into two groups so that the speciation clock for every local patch in one group has counted down to zero (or less) in terms of connection to every local patch in the other group (Figure 3). If the speciation clock for two local patches has counted down to zero but they are still linked through other local patches with speciation clocks that have not yet counted down to zero, speciation does not yet complete and gene flow between disconnected links may resume if new dispersal events take place. We simulated our model forwards in time rather than using a backward in time coalescence approach (Rosindell et al., 2008; Thompson et al., 2020). This is because a model with multiple habitat patches and protracted speciation with gene flow can only be approximated with coalescence (Rosindell and Phillimore, 2011; Gascuel et al., 2016).
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FIGURE 3. A schematic diagram showing how allopatric speciation (cladogenesis) happens in a community network of patches. Assume there are 3 patches (A, B, and C) fully connected to each other. In this example, the red species has spread to all 3 patches, so gene flow occurs between all these patches and links them as a gene flow network. The gene flow strength is shown by the width of the red line. The ‘clock’ for speciation is initially equal to τ = 100. When the conspecific link between red species population in patch A and C has been eroded by lack of gene flow, these populations remain conspecific because they are connected via patch B: red individuals in patch A and B are conspecific and the same is true for red individuals in patch C and B - so patch A and C must also remain conspecific. Irreversible speciation finally occurs when the conspecific link between patch C and B is cut, and the conspecific link between patch A and C remains unconnected so that the red population in patch C can now speciate from its relatives in patches A and B to from a new yellow species by allopatric speciation. In the scenario where gene flow resumes, the conspecific link between patch A and C has been revived, so the red species in all three local patches is back to being a complete gene flow network.




Analytical and Scaling Results

We expect that a critical point in the system will be reached when m, the rate of dispersal between any pair of local patches, passes [image: image]. Here, mcrit represents the dispersal rate where, in a community with only one species on all islands, gene flow events add to the speciation clock at precisely the same rate that time erodes it. G is the gene flow effect and J represents the population size of each local patch. Gene flow between a pair of patches can come from dispersal in either direction, so there is a pool of 2 × J individuals who could disperse with probability mcrit per reproduction event. However, given the way a generation is defined above, only half of those of 2 × J individuals will reproduce per generation. The total effect of gene flow per generation will therefore be given by mcrit×G×J and setting this to one gives our solution for mcrit. We will compare the critical point mcrit against our simulated results for radiation size across a wide range of values for dispersal rate m.

We also wish to test the idea that increasing the number of links in a network of local patches has a similar effect on radiation size as increasing the strength (amount of immigration) of each link. To do this we plot of graph against the compound parameter (immigration rate × number of links) for a range of different spatial network structures to observe if the structure itself has any effect beyond its raw number of links.



Experimental Design

We designed a series of experiments to investigate different biogeographic drivers of radiation patterns in a network of local patches. We investigated three main spatial structures for the network of dispersal between local patches: ‘line’ structure, ‘fully-connected’ structure, and ‘random’ structure. The ‘Line’ structure represents a chain of local patches connected only to their direct neighbors. The ‘Fully-connected’ structure represents a network where every local patch is connected to every other local patch with equal strength. The ‘Random’ structure is a network of local patches with random connections between them starting with a line structure (the minimum number of links to connect the network) and choosing a given number of additional links to add at random, up to a maximum corresponding to a fully connected network. See Table 1 for a complete list of all model parameters.


TABLE 1. A list of all parameters used in our simulations and their meaning.

[image: Table 1]To identify the relationship between habitat size and radiation, we varied the number of local patches as well as the number of individuals in each local patch. We tested a wide range of internal dispersal rates and rates of dispersal from the metacommunity. Our simulations were conducted in groups, each with a distinct purpose (Table 2). After test simulations, the first groups (1–3) used a single immigration event from the metacommunity, a simplification to focus on the effects of dispersal between patches, network structure and gene flow effect. This is equivalent to assuming M→0 where M represents the rate of immigration from the metacommunity and not to be confused with m representing the rate of immigration between connected local community patches. Simulation group 1 investigated how radiation size varied with changes of all simulation parameters except for M. Simulation group 2 then focused on parameters values where the radiation cascade was observed and replicated simulations of those one hundred times with different random seeds in order to obtain a more complete picture of the radiation cascades. Simulation group 3 varied the number of links within the network as well as the internal dispersal strength to capture their co-effect on radiation size. Finally, group 4 simulations incorporated external immigration from the metacommunity (M > 0) to observe the radiation patterns resulting from multiple immigration events.


TABLE 2. Parameters used for all groups of simulations.

[image: Table 2]To ensure simulation groups 1–3 reached equilibrium, we discarded the first half of all simulated data as a burn in. To show this was sufficient we also produced a second set of results that retained only the last quarter of the simulation. The simulations in group 4, where M > 0 detected equilibrium as the time when the island was populated entirely with lineages that immigrated onto the island during the simulation. Thus, at equilibrium, the individuals that formed the initial state on the island had all died out leaving no descendants and no meaningful way to influence the outcome (Rosindell and Harmon, 2013).



RESULTS

In the test simulations, the radiation size produced by our model fluctuated over time and included a mixture of both single patch endemics and multi-patch species (Figure 4). It is normal in this model to observe extinction of entire lineages and recovery of nearly extinct lineages to radiate again (Figure 4). For the simulations in groups 1–3 with only one immigrating lineage, high immigration between local patches resulted in only one species across all simulations. In contrast, if immigration between local patches was extremely low each local patch would hold its own locally endemic species, so radiation size equals the number of local patches. The largest radiation size occurred when between-patch dispersal was intermediate (Figures 5, 6). These results were broadly robust to the length of burn in period (see Supplementary Material). The only exception was at the critical point where a limited number of additional lineages underwent radiation cascades after the longer burn in (see Supplementary Material).
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FIGURE 4. Examples of lineage radiation size through time for 4 well-radiated lineages from two simulations. From each simulation, we chose one lineage that still exists at the end of the simulation and one lineage that has gone extinct. The lineages in panels (A,C) are from one simulation, the lineages in panels (B,D) from another simulation. Data in panels (A,B) were collected every 1000 generations, while the interval in panels (C,D) was 500 generations. The external immigration rate in panels (A,C) is 10– 4, and in panels (B,D) is 10– 4.5. The features of the community simulated were: 4 local patches, each with 1000 individuals; fully-connected spatial structure; internal dispersal rate is 10– 3.5; gene flow effect (G) is 0.1. The red portion of the stacked bar represents the species that are only endemic to a single local patch; the portion represents endemic species that have spread onto multiple patches. This figure illustrates that, for our model, fluctuations in radiation size are normal, as is extinction of entire lineages and recovery of nearly extinct lineages to radiate again.



[image: image]

FIGURE 5. Radiation size distributions across repeat simulations for a single immigrating lineage under different rates of internal dispersal (m). The numbers given above each panel indicate the internal dispersal rate (m). The habitat network simulated was a line structure with 4 patches, each having 1000 individuals. Gene flow effect (G) was 0.1.
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FIGURE 6. Mean radiation size of the single lineage in the community network, shown as a function of internal dispersal rate (m) on log 10 scale. The three columns of panels correspond to three different sizes of community network: 4 patches each with 1000 individuals (A,D), 8 patches each with 500 individuals (B,E), and 8 patches each with 1000 individuals (C,F). The gene flow effect (G) was set to 5 and 0.1 shown as two rows of panels. Blue lines represent results from a line-structured network of local patches, and red lines represent results from a fully-connected structure. The vertical black lines give the predicted value of the critical point mcrit for each panel based on the formula [image: image] that was described in the Material and Methods section.


At a critical point where the immigration between local patches was high, but not yet high enough to homogenize the patches and result in a single species, the radiation size was either 1 or very high (e.g., over 40, Figure 5). At this critical point in immigration between patches, lineages could radiate dramatically at any time, but after this would be stable in a species rich configuration (Figure 7). The critical point was comparable to the one predicted from our proposed formula of [image: image] (Figure 6).


[image: image]

FIGURE 7. Example time series of radiation size (panels B–G) showing radiation cascades occurring in some simulation runs, but not in others with the same parameters. Two extreme scenarios are possible: the radiation can be very large or non-existent. After a radiation cascade has occurred, it cannot easily be reversed. The cumulative probability for a lineage to undergo a radiation cascade increases but shows that in some cases the cascade may not occur for a long time (panel A). Blue lines represent results from a line-structured network of local patches and red lines represent results from a fully connected structure of local patches. The figure was produced with gene flow effect (G) equal to 0.1 and community network containing 4 patches each with 1000 individuals, within the network, the internal dispersal rate (m) was 0.01.


We found that fragmentation and community size had positive effects on radiation size. A network with eight patches showed approximately twice the radiation size of a network with four patches. The Radiation size also increased in response to larger local patches without changing the number of patches. When gene flow effect was high (5), the fully-connected network showed a larger radiation than the line-structured one. When the gene flow effect was low (0.1) and immigration rate between local patches was high, the line-structured network had the larger radiations (Figure 6). We found that when gene flow effect was low (0.1) and internal immigration rate was also relatively low (how low depends on the number of links), the radiation size was not regulated by internal dispersal independently but rather by the combined effect of internal dispersal rate multiplied by number of dispersal links between local patches (Figure 8). These results were robust to the length of burn in period (see Supplementary Material).


[image: image]

FIGURE 8. Mean radiation size of a single lineage in a community network as a function of internal immigration rate (m) on log 10 scale. Results show a broad range of connection networks with different numbers of links in different colors. Panel (A) shows the raw data. Panel (B) shows a scaling collapse based on the same data; here, the horizontal axis shows immigration rate multiplied by number of links in the network. The leftmost part of the graph for relatively low immigration rates thus has a radiation size predicted by immigration rate × number of links rather than depending independently on those two parameters. The figure was produced with gene flow effect (G) equal to 0.1 and community network containing 8 patches each with 1000 individuals.


For the simulations with a metacommunity, the radiation size for multiple immigrants varied from no radiation to a radiation of size 24 with our parameters. There was a relatively narrow range between lower quartile and upper quartile, but a much larger range of extremes was possible, especially at lower rates of external immigration (Figure 9).
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FIGURE 9. The range of radiation sizes for all lineages in a community network as a function of the external immigration rate (M) on log 10 scale. The five lines correspond to: minimum, lower quartile, median, upper quartile, and maximum, of the distribution of radiation sizes. The range between upper quartile and lower quartile is shaded in red. The gene flow effect (G) was 0.1. Internal dispersal rate (m) was 10– 3.5 and the community network was simulated with 4 patches, each having 1000 individuals.




DISCUSSION

In our model, dispersal within the community of patches was a key determinant of radiation size. Internal dispersal could impede radiation by maintaining gene flow or promote radiation by providing opportunities for small populations to jump across barriers and later go on to speciate. An intermediate rate of internal dispersal therefore led to the largest radiations, consistent with the earlier findings from a simpler neutral model (Rosindell and Phillimore, 2011) as well as the intermediate dispersal model (Claramunt et al., 2012; Agnarsson et al., 2014), which predicts that taxa with intermediate dispersal ability diversify more readily. Our analyses extended these previous results with a fully mechanistic model that explicitly allows for multiple islands or patches in the community. We found that under these conditions the largest radiations occur at intermediate levels of dispersal. We also found, however, that the largest radiations arise due to conditions at singular critical points, at which lineages may radiate dramatically, or remain as one species for a relatively long period of time. The radiation size of a single lineage naturally fluctuates over time and may either go extinct or recover from a nearly extinct state to radiate again (Figure 4). These fluctuations appear reminiscent of the taxon cycle (Ricklefs and Bermingham, 2002), though they are driven by different mechanisms.

In larger and more complex communities the connectivity between any two local communities becomes a complex property determined by multiple factors, including both direct dispersal between the communities and indirect dispersal between them using other communities as stepping-stones. The largest radiations occurred when internal dispersal rates were at a critical point. In systems at this critical point, a period of slightly fewer than normal stochastic dispersal events to a patch can result in a very large radiation, but otherwise the same system may simply remain stable for a long while with no radiation at all. When radiation does occur in such cases, it is very rapid and forms a feedback loop that we call a ‘radiation cascade’. The mechanism behind a radiation cascade is that once the first allopatric speciation has occurred, population sizes of the resulting daughter species are smaller. Gene flow between conspecific populations on different patches is the product of number of individuals and per individual dispersal rate. Consequently, whilst dispersal rate has not changed, the reduction in number of individuals leads to less gene flow for each species. A decrease in gene flow in turn promotes further speciation and a positive feedback cycle is formed (Figure 10). The feedback is finally broken when species decline to abundances low enough to promote extinction and thus speciation is balanced by extinction with a new dynamic equilibrium (MacArthur and Wilson, 1967; Hubbell, 2001).


[image: image]

FIGURE 10. A cartoon explaining the radiation cascade mechanism. In this example the community consists of two local habitat patches each with 25 individuals. Colored circles represent individual organisms with color representing species. The arrow(s) between the two local habitat patches indicate the strength and direction of dispersal (and thus gene flow) for each species individually. The gene flow arrows are colored to match the color of the species to which they refer. Shaded boxes and lightly shaded arrows between them indicate the stages of a radiation cascade, with the focal feedback loop that leads to the cascade being shown in a light blue.


We propose that radiation cascades might explain the paradox of how speciation can be sustained at a rapid rate in early bursts of speciation (Martin and Richards, 2019). Radiation cascades may only happen when inter patch dispersal is close to a critical point and also depend on stochastic outcomes; this might explain why ‘early bursts’ are relatively rare in nature (Harmon et al., 2010).

Our work suggests that radiation cascades may be added to the list of many previously proposed mechanisms for rapid radiation, including diversity begets diversity, sexual signal complexity, the transporter hypothesis, ecological opportunity, fitness landscape connectivity, and plasticity first (Martin and Richards, 2019). These previously described mechanisms may not fully describe radiation processes in nature. According to the diversity begets diversity hypothesis, speciation opportunities arise directly from the number of species themselves, such that the speciation process becomes positive feedback cycle. However, this mechanism would not explain how initial diversity originated in the first place, or why diversification would ultimately cease rather than expanding indefinitely at ever increasing rates. The sexual signal complexity mechanism, in which sexual signaling promotes speciation, may also explain the ease of rapid radiation, but not the extent to which a lineage will ultimately radiate before speciation slows. The remaining mechanisms provide different ways in which a lineage may be prone to future radiation due to its genes (transporter hypothesis), accessible niches (ecological opportunity and fitness landscape connectivity) or phenotypes (plasticity first). While none of these factors were added in our model, we propose that the radiation cascade mechanism is another likely candidate for the mechanism behind some rapid bursts of radiation that is independent of species numbers or biological features invoked by the previously-proposed mechanisms. What is perhaps unique to the radiation cascade mechanism is that in some cases, with the right dispersal and gene flow effect parameters, a single species and a large radiation form quasi-stable states. In this case intermediate radiation sizes are inherently unstable and thus very quickly result in further rapid speciation, or occasionally in extinction and return to the single species state.

The role of the connectivity among communities in enabling radiations is clarified by a scaling collapse (Figure 8) identified in our study, that is a relationship between model parameters and results that simplifies the model and increases our understanding of the system in particular cases. Specifically, a local community network with more links can be equivalent to one with stronger links, provided that the overall connectivity between local communities is still relatively weak. The intuitive rationale for this invariance to the precise network structure is that when dispersal is rare, every dispersal event results in a new species if it survives (ongoing gene flow is negligible). Consequently, the total number of dispersal events is all that matters for model dynamics as this gives the potential number of new species later on. The total number of dispersal events is given by the product of number of connections and rate of movement along each connection; this can be increased by having more connections, or by strengthening existing connections.

Our models show that more isolated community networks with fewer external immigrants will naturally have larger radiation sizes. The reason is likely that external immigrants compete neutrally with pre-existing lineages and thus restrict the extent to which the pre-existing lineages can increase their range and abundance. This in turn reduces the amount of diversification taking place in pre-existing lineages. Colonizers that do arrive on more isolated communities, with fewer immigrating competitors, have more resources to proliferate and can therefore attain larger radiation sizes.

We have framed our work in terms of local community networks and a metacommunity. Yet, the concepts would also apply an archipelago of isolated islands and a very distant mainland source pool. These processes would also occur for patches where speciation occurs in allopatry at a sub-island scale. For example, many islands are volcanic, providing isolated topographical patches throughout, e.g., at different altitudes or cut off by topographic complexity. Indeed, Losos and Parent (2009) proposed that larger areas hold larger habitat diversity leading to more radiation. Our model would be consistent with this view if the larger habitats and increased habitat diversity manifest as a more complex network of local communities. However, our model also shows that habitat diversity in itself is not a prerequisite for large radiation sizes, which could also be attributed to dispersal and isolation across a single habitat type as has been observed in diversification of micro-snail species complexes (Hendriks et al., 2019).

The radiation cascades we report here are shown only under idealized simulated conditions. It could be that in the real world, natural amounts of gene flow between pairs of patches are so variable that not many connections are at a critical point at the same time, preventing such an extreme cascade from occurring. It could be that natural variation over time of factors that affect gene flow will more likely drive the radiation forward once it has started. In real world island systems, the dispersal ability of immigrating lineages may be reduced through evolutionary processes to avoid loss of dispersers (or propagules) into the ocean (Gillespie and Baldwin, 2010). Whilst this was not explicit in our model, an evolutionary reduction in dispersal could provide another way in which a radiation cascade could suddenly be triggered: as a deterministic outcome of evolutionary change reducing dispersal rate, rather than as a rarely seen paucity of stochastic dispersal events over a sufficiently long period of time. Despite the caveats that apply to our precise model formulation, we suggest that the primary mechanisms we describe as driving radiation cascades may apply in many real systems. The fundamental conditions for a radiation cascade are simply that (i) reduced gene flow promotes speciation and (ii) speciation reduces abundance and thus reduces gene flow between conspecific populations within each new species. Together these conditions create a feedback mechanism and explain part of the reason why radiations in geographically isolated structures (such as archipelagos) are so rapid for some species and non-existent for other species.

It seems logical, as we observe radiations with myriad functional forms adapted to different niches, to assume that the niches and adaptive processes were the only, or at least the primary driving force behind the radiation. However, our results suggest the possibility that, in some cases, the intertwined factors of stochastic dispersal events and spatial structure are the primary drivers for speciation and radiation. The resulting species that survive of course become adapted to their local niches, but as an effect of their isolation and speciation, rather than the cause of their isolation and speciation. In a radiation of Saxifragales, a major clade of temperate angiosperms, the rates of niche and phenotype evolution indeed lagged behind speciation (diversification in macroevolutionary terms) (Folk et al., 2019).

There is further support for the idea of niche adaptation as an effect rather than a cause in the case of generalist species. Suppose that a founding lineage displaying rapid radiation into niches had a high dispersal ability, and/or arrived in conditions enabling easy dispersal between the different habitat types. Gene flow may thereby continue between the different habitats, preventing radiation into locally endemic species in different niches, and instead creating the conditions for a single more generalist and widespread species to evolve that can tolerate a wide range of environmental conditions. This idea is consistent with recent observations among oceanic island plants that lineages undergoing spectacular radiations yield species that are rare and with narrow niches: “evolutionary winners are ecological losers” (Fernández-Palacios et al., 2021). Thus, we propose that radiation—or lack thereof—may arise more from dispersal limitation or genetic factors rather than the existence of the niches themselves.

Of course, in practice both perspectives will likely have elements of truth, with niches being both a cause and an effect of speciation and radiation to some extent. Ecologically distinct environments will hasten the speciation process, but with the process still requiring some degree of dispersal limitation and thus still being also subject to stochastic factors that determine radiations – including, possibly, radiation cascades.

There is much of scope for further work in this field. For example, one could experiment with different implementations of the speciation clock, which may be sensitive to population size or restrict the maximum time the speciation clock can reach, even given unlimited gene flow. More complex network structures, including structures with unequal connections between pairs of patches, would enable a more realistic view closer to real networks of local community patches (or islands). This is important as it might soften the sharp binary edge of a radiation cascade either occurring or not occurring. A more detailed study of radiation size, as a time series under different conditions, may shed further light on the new radiation cascade mechanism and when it arises. There is potential to add explicit niches, selection and adaptation into the model. It has been pointed out before that species commonness and rarity (that is, species abundance, measured in terms of numbers of individuals) could provide additional insight into community processes on islands (Rosindell and Phillimore, 2011). Indeed, neutral models of the kind we study here have often been both criticized (Enquist et al., 2002) and praised based on their predictions of commonness and rarity (Hubbell, 2001). In the context of determining radiation size, the combination of phylogenetic information and species abundances could prove to be a powerful approach to diagnosing the true underlying processes (Overcast et al., 2020).

Our study provided a mechanistic model to help understand the effects of biogeography and stochasticity on radiation size in the idealized scenario where there are no effects of adaptation. Our main finding suggests possible new drivers of radiation size in connected groups of isolated communities, including radiation cascades. This leads us to tentatively suggest that niche differentiation can be an effect rather than a cause of rapid radiations. We hope that our work will promote development of further mechanistic models of radiations and further thinking about the possible causes for rapid radiation, toward resolving why some lineages radiate so spectacularly when others do not.
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Different models of community dynamics, such as the MacArthur–Wilson theory of island biogeography and Hubbell’s neutral theory, have given us useful insights into the workings of ecological communities. Here, we develop the niche-hypervolume concept of the community into a powerful model of community dynamics. We describe the community’s size through the volume of the hypercube and the dynamics of the populations in it through the fluctuations of the axes of the niche hypercube on different timescales. While the community’s size remains constant, the relative volumes of the niches within it change continuously, thus allowing the populations of different species to rise and fall in a zero-sum fashion. This dynamic hypercube model reproduces several key patterns in communities: lognormal species abundance distributions, 1/f-noise population abundance, multiscale patterns of extinction debt and logarithmic species-time curves. It also provides a powerful framework to explore significant ideas in ecology, such as the drift of ecological communities into evolutionary time.
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INTRODUCTION

Empirical studies of ecological communities often call for a greater emphasis on time and on longer time intervals (Ripa and Lundberg, 2000; Hastings, 2004; Magurran, 2007). This call is urgent as we live in an age of major changes in biodiversity across the Earth via landscape transformation or migration (Dornelas et al., 2014). Additionally, in the last 50 years, there has been a reassessment of the dominant paradigm of community organization. The “balance of nature” paradigm has receded somewhat (Cuddington, 2001; Ergazaki and Ampatzidis, 2012; Simberloff, 2014) and we now have a more dynamic conception of persistence in natural ecosystems (Pimm, 1991). Variability exists on all timescales both within the ecological community itself (Pimm and Redfearn, 1988; Halley, 1996) and in the environment to which it responds (Wunsch, 2003; Franzke et al., 2020). Thus, we expect ecological equilibria to be more dynamic, more provisional and more diffuse (Halley and Inchausti, 2004). The simplifications of assuming an equilibrium will remain useful and compelling, such as for flux calculations and for the species-area relationship. That said, the greater attention to time calls for model development to help insights specifically into dynamic effects in communities.

The basis of most modeling in community ecology is the Lotka–Volterra model. This pair of equations with four interaction terms can describe relationships of competition, predation, herbivory and mutualism. While the Lotka–Volterra system is phenomenological, it can also be related to more mechanistic resource models (Schoener, 1973). A natural development for dynamic community modeling is to generalize this system to S species described by a set of first-order non-linear coupled differential equations. This generalized Lotka–Volterra system has had enormous impact on community ecology, including classical treatments such as that of May (May, 1973) and continues to be the subject of novel approaches (Forte and Vrscay, 1996; Bertuzzo et al., 2011; Fisher and Mehta, 2014; Kessler and Shnerb, 2015). The growth in computing power has circumvented many of the obvious technical difficulties of solving a system of this size. A more persistent challenge is how to populate the S2 interaction terms with plausible parameter values. Assigning interaction strengths in an ecological community of hundreds of species remains a formidable problem and drives the development of various other community models, though these could arguably be seen as special cases of the generalized Lotka–Volterra system (Kessler and Shnerb, 2015).

One of the most widely applied community theories is that of island biogeography (MacArthur and Wilson, 1967). It ignores interactions entirely, so extinction and colonization processes drive the system’s biodiversity. The simplicity of this theory (MacArthur and Wilson, 1967) allowed many developments using metapopulation-type communities (Tilman, 1994; Matter et al., 2002). Another development for biodiversity ecology was Hubbell’s unified neutral theory of biodiversity (NTB). Hubbell’s model made the remarkable assumption of following Kimura’s model of genetic neutral evolution (Kimura, 1955), considering species to be ecologically indistinguishable from one another and then assuming that all stochasticity is demographic (Hubbell, 2001). This model violated obvious ecological realities. Nonetheless, it explained a wide variety of ecological patterns and processes such as near-lognormal species abundance distributions (McGill, 2003), Fisher’s α-parameter (Chave, 2004), and spatial clumping (Chave and Leigh, 2002). The application of neutral theory to extinction debt (Halley and Iwasa, 2011) that specifically used its dynamics was probably its first potential use in conservation. The NTB has since stimulated much theoretical work in community ecology — including this special issue. Nevertheless, limitations in the NTB (Clark and Mclachlan, 2003; Ricklefs, 2006; Leigh, 2007) show that it cannot be a useful tool for all phenomena. Its most obvious violation of ecological reality is it ignores niches. Various attempts have been made to merge these. Proposals combining niche and neutral models explore community dynamics (Adler et al., 2007; Zillio and Condit, 2007; Chisholm and Pacala, 2010). Since stochasticity is crucial to the operation of the NTB, the need to involve environmental stochasticity has been noted as particularly important (Kalyuzhny et al., 2015; Engen et al., 2017). Species-area relations have also been a problem. The neutral model found it difficult to reproduce observed spatial patterns such as the Arrhenius species-area relationship (Leigh, 2007; Halley et al., 2014).

Hutchinson’s niche-hypervolume concept (Hutchinson, 1957) has been an attractive and popular approach because of its intuitive simplicity and because it is readily visualized (e.g., Figures 1, 2 below). Interest in Hutchinson’s model is resurging recently (Barros et al., 2016; Díaz et al., 2016; Blonder, 2018). This growing popularity links to research contexts such as niche envelope models (Thomas et al., 2004; Soberón, 2010; Barros et al., 2016) and functional ecology (Lamanna et al., 2014; Díaz et al., 2016; Pigot et al., 2016). It drives considerable methodological research, mainly in the description and parameterisation of the hypervolumes (Blonder et al., 2018; Carvalho and Cardoso, 2021). There has also been progress in relating the niche to ideas of coexistence. Concepts of stable coexistence have evolved from strict associations with stable equilibria in the Lotka–Volterra system to concepts of invasibility (Chesson and Warner, 1981; Chesson, 2000). Theoretical developments have refined the relation between limiting similarity and competitive exclusion (Leibold, 1995; Chase and Leibold, 2003; Meszéna et al., 2006; Barabás et al., 2018).


[image: image]

FIGURE 1. (A) Environmental configurations and niche widths in a two-axis hypercube. In this picture, the current configuration (position of partitions) favors species-2, which likes a cool but moist environment, since this has the largest area. In our graphic notation, note that the position of the environmental configuration, does not mean exactly temperature relative to the axis, but means that degree to which the environment favors hot or cold adapted species. (B) While the full niche hypercube cannot be depicted for more than 3 dimensions, the structure of the community can be depicted by “unfolding” the higher-dimensional hypercube into lower dimensions. Here, a six-dimensional community with 64 species is represented by 8 by 2 × 2 × 2 sub-cubes stacked to form a single “super-cube” of size 4 × 4 × 4. In turn this may be nested within another cube of size 8 × 8 × 8, and so on. This requires, that changes in the faster processes are mirrored in all super-cubes.
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FIGURE 2. (A) Dynamics of the environmental variation in time for six steps (position of partitions, as in Figure 1A). Note that the partition for axis k assumes a new state at random every 2k units of time, in this case one and two time steps, respectively. (B) Six time-steps of model dynamics for the four species. (C) Six panels showing the changes in niche-size (Vs) for consecutive time steps. Colors denote occupation by the corresponding population (Xs). Note the extinction of X2 (species 2) at time t = 1 due to population falling below viability (‘†’), followed by two steps at zero and then at time t = 4, recolonization (‘∗’).


In this paper, we develop a dynamic model, using Hutchinson’s hypervolume concept in a hypercube configuration. Much of the research on niche-related issues, as in community ecology generally, focuses on non-dynamic issues, seeking to explain patterns in space or in community organization. For example, in McGill’s (2010) survey of unified biodiversity models (McGill, 2010), only two of the six models feature dynamic descriptions of biodiversity. In seeking a model that is dynamic, we mean a model that can predict the time evolution of communities explicitly, something that has also been noted by others generally (Hastings, 2004; Magurran, 2007; Engen et al., 2017) and in hypervolume theory in particular (Holt, 2009). Many of the emerging problems in community ecology, such as extinction debt and colonization credit or the response of communities to climate change are dynamic in nature. They require the model to predict the state of the community at some specified time into the future. In addition, we sought a model that would generate several desirable features.

The Lognormal species-abundance distribution. Within a community, there are many rare species and a few common ones. The ensemble species abundance distribution at any time is often observed to be lognormal. Preston (1962) argued that a specific lognormal predominates — the “canonical” lognormal. It means, broadly, that most individuals in a community belong to the most abundant species, rather than, for example, to a large set of less abundant ones. Preston showed that this was consistent with the Arrhenius species-area curve having an exponent of 1/4, — a pattern frequently observed (Sugihara, 1980). McGill (2003) and others have shown that many theories generate such distributions, such as the zero-sum multinomial for the neutral model.

Lognormal distributions in time. Species abundance varies through time because of interactions with other species, demographic stochasticity, and in response to environmental stochastic factors (Halley and Iwasa, 1998; Engen et al., 2005). This variation can be considerable. Not surprisingly, species that vary most are at greater risk of extinction than those that are most constant. This is unless the variability is non-stationary (Halley and Kunin, 1999). Species abundances over time are typically distributed lognormally (Halley and Inchausti, 2002). Thus, as a species traces its trajectory of abundance X(t), its histogram tends to be lognormal.

More time, more variance. In this model, each species’ abundance responds entirely to the environmental pressures on that niche. According to Pimm (1991), the ecological community is fundamentally non-stationary. This is equivalent to saying that variability increases with time — the “more time means more variation” effect (Pimm and Redfearn, 1988; Inchausti and Halley, 2002). A series of studies using the Global Population Dynamics Database (GPDD) that examined the relation of variance to time systematically found that this increase of variance was universal (Inchausti and Halley, 2001, 2002). The spectral analysis showed that the model most consistent with this was a 1/f-noise model for which variance increases linearly with the logarithm of time (Halley, 1996; Halley and Inchausti, 2004).

Energy conservation: zero-sum properties. Since only a fixed amount of energy arrives in an ecosystem of fixed area, there is a limit on the number of organisms of a given size that can live there. This is an implied property of many models through the assumption of a constant number of individuals. This leads to a corresponding zero-sum principle, that populations add up to a constant community size in the absence of extinction-speciation and that all changes in populations sum to zero.

Below, we describe its outline and some properties. We then apply it to four different situations, showing how it can be useful in ecological research and applications.



MATHEMATICAL DESCRIPTION AND PROPERTIES

We assume the simplified geometry of Hutchinson’s hypervolume to have the geometry of a hypercube, where there are many axes, each of which describes an environmental resource or limitation (We call these niche factors). The set of preferences for the various factors defines each niche. Only one species can occupy it, following Gause’s principle of competitive exclusion. After Hutchinson’s conception (Hutchinson, 1978), the niche is usually defined as the environmental conditions under which a given population has a positive growth rate. The volume of that niche is the probability that an individual can reproduce, if the state of the environment is picked randomly. However, if the area is large and it contains a large community, then we may interpret hypervolume as a number of individuals that can reproduce, and hence as a carrying capacity or ceiling for population. The intended target of our model is the community in a relatively large area. So, for both the niche and community hypervolumes (referred to J) the units of hypervolume (usually shortened hereafter to volume) are individual organisms. We interpret it as a ceiling on population for a species or for the community overall. This may be an issue when we have species of different sizes in the community (and hence different energy requirements) but refinements of this type are beyond the scope of this paper.

To simplify this model, our model has additional assumptions. (a) The world is binary. This includes binary niche factors: each factor can only be either “high” or “low.” Species responses are also binary: each species occupies only the position on the axis associated with its preferred level. Recognizing the existence of more developed concepts of limiting similarity (Leibold, 1995; Meszéna et al., 2006), we assume limited niche overlap is necessary and sufficient to avoid competitive exclusion. Thus, we do not consider hypervolume overlaps nor the possibility of morphological displacements as, for example, in Carvalho and Cardoso (2021). This also means that species do not evolve within our community, a statement of strong niche conservatism (Holt, 2009). (b) In addition, we assume that each factor fluctuates independently and on a different timescale. (c) The different timescales are spaced equally in log-time. (d) Population responds proportionally to changes in niche volume. These are the only drivers of population. Thus, we do not explicitly include population growth, species interactions or density dependence. The exception is that if the population goes extinct it remains extinct until recolonisation. (e) Species do not influence each other nor the niche structure.


The Niche as a Product of Traits

The axes of the niche hypercube are associated with niche factors. There are only two available positions on any axis, and these reflect corresponding traits to respond to this factor. The axis may be a niche factor such as moisture, in which case the organism is either moisture-loving or dry-loving, but it cannot be both. In Hutchinson’s perspective, each organism “chooses” an approach for each axis. We assume that each combination of all traits together generates one species associated with a single niche. Every such niche can be modeled by a corner on the hypercube. By Gause’s principle of competitive exclusion, two different species with the same traits cannot occupy the same niche. In our model, two species with the same traits are considered as the same species having the same traits.

Every niche, and so every species, is defined by K separate traits, one for each of the K dimensions. Thus, the species identity s can be associated with a binary number:

[image: image]

The index ok is 0 or 1 depending on the trait, the position of the species relative to axis k, which can also be associated with a unique decimal number s, where 0 ≤ s ≤ 2K − 1.

Thus, for any species, s, its functional relationships can be obtained by converting to binary. If the binary kth digit is ‘0’ then species-s likes a low value of niche factor k and if it is a ‘1’ then species-s likes a high value of niche factor k. When drawing diagrams, we follow matrix convention where the first index refers to the row number and the second to the column number. Thus, for K = 2, 01 is found on the lower row, rightmost column.

While the corners of the hypercube define the species traits, the dividing lines define the volumes of niches and reflect the environment (Figure 1A), which changes with time (see next section). The most obvious “visual” representation of the niche is as a hypercube in K-dimensional space. However, this excludes actual visual representation for K > 3. An alternative representation is through a series of nested cubes (Figure 1B).

The community hypercube is assumed to have a hypervolume of unity that is the sum of all the different niche hypercubes. For species-s the width on axis k is Lsk (see Appendix A for a list of symbols). The niche hypervolume of a species, is the product of its widths on all axes:

[image: image]

Given this potential community of 2K species, the environment will select the species that flourish. At any time, the environment has a configuration for each niche factor k. Axes may also represent stresses, such as radiation, or chemical pollution. A positive trait for a stress means the species is tolerant and has a potential advantage over other species. An example with two factors is given in Table 1.


TABLE 1. Niche representations for two niche factor axes (K = 2) in the example of Figure 1 and the corresponding niche sizes when the environment is warm and moist.

[image: Table 1]
The niche width, Lsk, is the outcome of the interaction of species orientation with the environmental configuration. We assume each niche’s width on axis k has two possibilities:

[image: image]

Since we are working on the unit hypercube the total width of the two traits on any axis must add to unity. In general, Uk is different for each axis.

As an alternative way to quantify the two states on an axis, we introduce the constant B, such that Uk∝B and 1−Uk∝1/B. This, together with (2), and introducing a normalizing constant Γk, leads to the values for traits on each axis k:

[image: image]

The reason for this alternative representation is that when dealing with populations it is often preferable to work with logarithms. When we take logarithm of Equation (3), it assumes a simple symmetric form:

[image: image]

We calculate the factors ak = lnBk and γk = lnΓk through the formulas

[image: image]



Niche Factors and the Environmental Configuration

Clearly the configuration of the niche factors U0, U1, U2, …, UK−1 depends on the environment. In this paper, we will assume that Uk is an instance of a random variable taken from a distribution f(u). All the Uk’s are assumed independent and identically distributed. Note that even if the distribution is the same for all axes, any realization of the hypercube will in general have different configurations on each axis.

Special Case A: Broken stick model. If U is a realization of a uniform random variable:

[image: image]

This has important similarities to the “broken stick” model used by MacArthur (1957) but differs in that we break each axis only once. Sugihara introduced a “sequential broken stick” model to model the community that would have a lognormal species abundance distribution (Sugihara, 1980). Our model also has important similarities to Sugihara’s model. The corresponding distribution for the niche factor is:

[image: image]

Note that here λ is the niche width in log space, so that this distribution comes simply from a change of variable.

Special Case B: Symmetric alternating states for all axes. An important special case, that will be explored in this paper, is when all traits have two possible values, so f(u) is a dichotomous distribution. This may be written as follows:

[image: image]

where the function δ(x) is the Dirac delta function. In this case, u0 is the same for all axes, which means that also B is the same for all axes, so that u0 = ΓB and 1–u0 = Γ/B. Also, the distribution of log of niche factor, λsk, will be similarly dichotomous:

[image: image]

Since B is the same for all axes, the unit volume of the community hypercube can be written as:

[image: image]

[image: image]

revealing the states of the community: the volume of any niche is ΓKBK–2k for any k ∈ {0, 1, 2, …, K}, while there are [image: image] niches of that size in the community hypercube. There are thus maximum and minimum values for niche volume:

[image: image]

Special Case C: Asymmetric alternating states for all axes. This is the same as Special Case B, except that the two states between which a niche factor can alternate, are not equally probable. This may be written as follows:

[image: image]

In this case too, B will be the same for all axes, with u0 = ΓB and 1-u0 = Γ/B. For q = 0.5, special case C is the same as Special Case B.

In general, to relate the niche widths of Equation (4) in a more precise way to the environment, we introduce the matrix term csk and the vector element ak:

[image: image]

Here, we have defined ak as the environmental configuration of the kth niche factor, [image: image], with Uk a realization of the random variable f(x). We define csk as the orientation of species-s to niche factor-k: if species-s responds positively to niche factor-k then csk = +1 and if it responds negatively to niche factor-k then csk = −1. Specifically, csk = +1 if the kth digit of s (in binary) is 1, otherwise it is −1.

In the logarithmic domain, the niche volume of Equation (1), becomes a sum and, for species-s, the overall niche volume can be written by substituting (6) as follows:
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The community niche volume can be written in matrix form:

[image: image]

Where [image: image]. Thus, the log-hypervolume of the niche is a constant plus the product of a matrix representing species traits with a vector representing the environmental configuration.



Population Dynamics and Turnover

We associate the niche hypervolume with population size. So, if the entire community size is J, the number of individuals in species-s is the niche hypervolume times J, so Xs = JVs and for the dynamics of the log-population vector x = lnJ+v we have:

[image: image]

The time-dependent environmental configuration vector, a(t) of size K, expresses the changing environment, while the orientation matrix C (of size S × K) describes the association between the species traits and this changing environment. This matrix is constant and is easy to construct. Its rows are simply all the numbers 0 to 2K, written in binary form, with the ones remaining as +1 and the zeroes replaced by −1. The dimensions of this matrix are 2K × K. Each species occupies one row and each column is a niche factor axis. Each column of C (or each row of CT) has a sum of zero.

An important question is how we describe environmental changes that drive a(t), the niche factor axes. The elements of a are the configurations of the niche factors of each axis. At each time-step, each component of ak(t) is based on Uk a realization of the random variable from the distribution fU(x), specifically [image: image]. We assume that axes have separate timescales, namely each axis has different timescale of change, τk, see Figure 2A. Moreover, we will assume that timescales are equally spaced logarithmically, such as τk∈{1, 2, 4, 8, …, 2K–1} time units. We label the axes with indices 0, 1, 2, 3, …, K − 1 associated with the respective timescales 1, 2, 4, 8, …, 2K–1 units. We will write the vector as follows:

[image: image]

Thus, the element ak(t) of a(t) assumes a new state every 2k units of time.

In this theory, we suppose that species’ own population dynamics are not important — they respond to the changes in the environment and reach equilibrium rapidly. Certainly, within this framework, starting from Equation (8), more detailed population dynamics could be constructed at the price of greater complexity.

Figure 3 shows the typical pattern of fluctuations of the model. This is significantly different from the pattern where populations fluctuate within a basin of attraction around a fixed equilibrium. Here, the population remains within a “basin” only within a timescale. Long-term it departs from any basin of attraction. It is also different from populations in the neutral theory, where population trajectories that are essentially random walks (Brownian motion) that can drift anywhere within the bounds [0,J]. In the 1/f model (Halley and Inchausti, 2004), the populations can also drift but require a much longer time to depart far from the initial value.


[image: image]

FIGURE 3. Population dynamics of four randomly chosen species in the community model generated using Special case B, with parameters K = 7, with J = 5 × 106 for 200 time-steps. The dynamics are according to Equation (10) and thus do not include extinction-colonization.


The abundance for species-s is given by (8) as:

[image: image]

Equations (8) and (10) describes the dynamics of all the populations in the community in the absence of extinction and colonization or speciation. However, we can include local extinction or extirpation, which plays a major role in the ecological community, as a form of ecological turnover, offset by colonization. The population is extirpated if it falls below a minimum viable population, if xs(t) < m, creating an empty niche. Recolonisation of an empty niche can be modeled by a constant probability. Thus, the overall population dynamics can be expressed in island-biogeographical terms. For any species s, the probability that the species is present at any time t changes as follows:

[image: image]

Here c is the probability of colonization per unit time and p is the probability that the species is not extinct at time t. The probability of extirpation at time t is es(t) is the probability of the log-population being less than m, namely:

[image: image]

This equation differs from the usual equation of island-biogeography because es is time dependent. If extinction occurs, then the niche becomes empty. Thus, in the presence of extinction, we rewrite Equation (10) as:

[image: image]

Example. Suppose K = 3, J = 1000, B0 = B1 = B2 = 3 (Special Case B). Then there are 8 species, Γ = B/(1+B2) = 0.3, and the two values of niche width are Ls(t0) = 0.9 or 0.1, from Equation (2A). The 8 niches have 4 possible sizes: 729, 81, 9 and 1 with one, three, three and one species, respectively. Thus, at any time there will be one niche with 729 individuals, three with 81, three with 9 and a single niche with one individual. The identities of the niches will move around according to the environmental signal, which we assume to be at t = t0 and a(t0) = lnB × (−1, −1, −1)T. In the log domain, we have lnB = 1.10 and γ≈−1.20, while the orientation matrix C is:

[image: image]

Thus, using Equation (8), the population vector x at time t, is given by:

[image: image]

Note, that no reference is required to the previous states of the population here. Thus, in the absence of extinction, the states of the population are given entirely by the environmental process vector a(t).



The Zero-Sum Property and Linearity

One of the desirable properties for a model of the ecological community is the zero-sum property. This means that changes in populations add up to a constant community size. For example, this is also an implied property of neutral model that also has the attribute of a constant number of individuals. Here, as all niches are a partition of the unit hypercube then, by definition, the total hypervolume of all niches is unity. Thus, in Equation (8) even though the relative sizes of niches change, the overall community size always adds up to J individuals.

Surprisingly, the log-populations in this niche-space may also have the zero-sum property. Even if the abundances themselves are zero-sum, there is usually no reason for the log-populations to follow suit. To see how this second zero-sum property may emerge, we find the total community size by summing Equation (10) over all species:

[image: image]

The final term, in the second line of (14), disappears because we have a summation over a column of the orientation matrix, which sums to zero (see section “Population Dynamics and Turnover”), something that pertains irrespective of which distribution f(x) holds for niche factors. The second term on the last line of (14) is constant in time, but not the first term. This means that, in general, the total community size changes with time and therefore there is no zero-sum property. For Equation (14) not to change, γk should remain constant. The form of γk, given by Equation (5), shows that γk will remains constant in time provided U(t)[1−U(t)] does not change. This happens for a restricted class of distributions, including the dichotomous distributions of Special cases B and C. For such distributions, all population changes can be expressed relative to the mean log-population, [image: image], so that Equation (10) can be written as:

[image: image]

This is important because it means that for this class of distributions of environmental change, population changes in the community can be related linearly to changes in the environment through Equation (15), which is a major mathematical simplification.



Variance in Time

According to Pimm (1991), the ecological community is fundamentally non-stationary. Subsequent studies of variance as a function of time in ecological populations found that this increase of variance was universal (Inchausti and Halley, 2001, 2002). The model of variability most consistent with ecological time-series was a 1/f-noise model for which variance increases linearly with the logarithm of time (Halley, 1996; Halley and Inchausti, 2004). It is thus important to see if such a pattern can arise in a community model (Figure 4).
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FIGURE 4. Pattern of variance growth in the model with observation time for Special Case B for species #3 (chosen at random) of the community, with parameters K = 7 and B = 1.9, J = 4 × 104 for 256 time steps. The lines indicate the median, minimum, maximum and the two hinges (25th and 75th percentiles) for 1,000 replicates. The dynamics proceed as for Equation (10) and do not include extinction or colonization.


Here, the relevant question is how the population will fluctuate on short timescales (Δt << 2K). Let us now consider the time series of length T << 2K for species-s with log-population {xs(1), xs(2), …, xs(t), …, xs(T)}. Let us assume that each niche-factor has the same variance Var{Uk(t)} = V0. The variance of this time series is the expected value of the variance of (10), which is:

[image: image]

Our problem reduces to finding the variance of one of the components γk(t) + cskak(t). This is done rigourously for Special Case B in Appendix B but the following more general argument holds for all kinds of distributions.

If the cycle time is very long there is no variance because the series length is much shorter than the cycle time, that is T << τk, so the components associated with axis-k are unchanging and so the variance contribution is zero. At the other extreme, if the cycle time is very short, shorter than the distance between successive samples, then τk << T and we have:

[image: image]

The last line results because, since all the c’s are ±1, then either we have Var{lnUk} or Var{ln(1−Uk)}, so provided the distribution of Var{lnUk} and Var{ln(1−Uk)} are the same, we have the simple result for τk << T. Thus,

[image: image]

Thus, as a series gets longer, as it reaches each time-constant τk = 2k, its variance increases by V0. In the case where the time-constants are arranged uniformly on the log-axis, then the variance increases linearly in logarithmic time, as is the case for 1/f noise (Inchausti and Halley, 2001):

[image: image]

This is equivalent to saying that variability increases with time — the “more time means more variation” effect (Pimm and Redfearn, 1988; Inchausti and Halley, 2002). This log-pattern is characteristic of 1/f-noise, which was the model most consistent with ecological time series, for which variance increases linearly with the logarithm of time (Halley, 1996; Halley and Inchausti, 2004). This result can be used, if we have an empirical time-series, to estimate V0 from the rate of increase of variance. However, if the time constants are arranged otherwise, we could observe other patterns of variance increase (Halley and Inchausti, 2004).



The Species Abundance Distribution

Within real communities, there are many rare species and a few common ones. The ensemble species abundance distribution at any fixed time is often observed to be lognormal. Some have questioned the suitability of the lognormal (Williamson and Gaston, 2005). McGill (2003) argued that many theories generate such bell-shaped distributions and having a lognormal species abundance distribution is a weak test for a model. Nevertheless, the lognormal pattern is so frequently encountered in field data (Ulrich et al., 2010) that it constitutes an important model property. The niche-hypercube model leads naturally to a lognormal species abundance distribution.

In our model, the cube is divided into two pieces at a random point, 0 < U1 < 1. Then the process is repeated independently along a second axis to get 0 < U2 < 1 (Figure 1). At this point, the cube contains four sub-cubes. Repeating the process in higher dimensions creates new sub-cubes, 8, 16 and so on. For a process of k repetitions, we have 2k segments in total. Without loss of generality, a sub-cube has a volume given by Equation (1). Since the Uk’s are random variables, it follows from Equation (2) that each Lsk is a random variable on [0,1]. If we take logarithms, we get Equation (7), where each λsk = ln(Lsk) is a random variable with a distribution g(x) on (−∞,0). Suppose this distribution has an expected mean of μ and an expected variance of σ2. Then we can use the central limit theorem, provided all the moments of the distribution g(x) are finite, to show that the sum of k of these (for large k) will be approximately normal, with mean kμ and variance kσ2, so that:

[image: image]

The fragments may be considered as species and their size the number of individuals of that species. If there are J individuals in the community any species has a population Jez. This is a lognormal random variable.

In Special Case A, the distribution f(x) is uniform on [0,1], while the distribution of the logarithm of this is exponential with a mean of −1 and a variance of +1. Thus, the distribution of the niche hypervolume vs is expected to be normal:

[image: image]

This means, from Equation (9), that xs is also distributed normally and hence that Ns has a lognormal distribution.

In Special Case B, the distribution f(x) has an expected mean of γ and an expected variance β 2. Thus, the distribution of the niche hypervolume is expected to be:

[image: image]

Again, xs will be distributed normally, so Ns has a lognormal distribution.

Both the species abundance distribution and the distribution of abundance in time are shown in Figure 5. The time series for a fixed species s at different times, namely of the set {xs(1), xs(2), xs(3), …, xs(T)} is found to be lognormal. This might be expected because each species in time traces out a sort of random course within the niche space defined by the species abundance distribution. However, in this case, the variables are not independent between different time-steps. Clearly, if T is very large, then the time-series will yield a distribution following (23), so we should expect this limit of the distribution in time to follow a lognormal.
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FIGURE 5. (A) Species abundance distribution for a single community in one run of the model. (B) Histogram of population size in time for a run covering 2,000 years for a randomly chosen species from the community. The parameters of the model were J = 105, K = 9, B = 1.5 and MVP = 2. The dynamics are according to Equation (10) and do not include extinction or colonization.





APPLICATIONS USING SIMULATION

The examples in this section all use Special Case B. The biodiversity of the community typically determines the number of dimensions K that must be used, since S = 2K. The central parameter B is the measure of the fundamental variability of each niche factor and of the community. We can estimate this from the scaling behavior of population fluctuations. Together, these parameters describe the community and how it interacts with the environment.

In problems involving population dynamics, we can define the number of individuals in the community, J. We can calculate this for various types of organisms as a density of individuals per unit area. Thus J0 = ρA0. However, the magnitude of J becomes important mainly when relating problems such as extinction, for which we must also choose a value for the minimum viable population, m. Given the choices of the parameters above, this fixes the number of extinctions expected in each time-step of the model. It is also possible to choose the colonization probability.

Once the foregoing parameters have been chosen, the others follow and further changes in the model relate to the specific questions being asked. In problems involving community dynamics, one of the most difficult tasks is fitting the community observed to the niche hypercube. Although the explicit correspondence of the axes to specific species traits is not needed, it is seldom possible to find an integer K corresponding to the known species in the community. Provided that 2K ≥ S0, there are more niches in the hypercube than species, so some cells have zero population (empty niches).

For the applications which follow, we parameterised simulation models in C++ and an abridged version on an Excel spreadsheet.


Response to Habitat Reduction and Extinction Debt

When human actions reduce the size of a habitat, there follows a decrease in the overall population in the community. This leads to a decrease in the number of species, as reflected in the species-area relationship. This loss of species does not follow immediately. The community may appear to get along for a while without the loss of any species. Later, however, these extinctions will happen – this is the phenomenon of extinction debt. Extinction debts have been observed or inferred over a range of scales from months to thousands of years and depend on various covariates of which the strongest is the area of the habitat (Halley et al., 2016). One of the challenges of modeling extinction debt is this range of timescales, from a few weeks to thousands of years, virtually into evolutionary time.

From a theoretical perspective, two types of community mechanism explain extinction debt. One of these features in the original extinction debt study by Tilman et al. (1994) based on a Tilman’s spatial competition model (Tilman, 1994). In this model, the delay arises from the combined decline of various species found with metapopulations below the threshold when habitat is lost. An alternative approach was based on neutral drift (Halley and Iwasa, 2011). In a neutral model, all species perform random walks due to demographic stochasticity. When habitat is lost and the community shrinks, the locus of each species’ walk is forced closer to zero. As a result, species all have a higher probability of extinction, not matched by colonization. While this forces the community to lose species, it takes time. The dynamic hypercube model in this paper provides a third theoretical mechanism that leads to delayed extinctions. We can view the loss of area of a community as a general loss of hypercube volume. This reduces the populations of all species proportionally, including a loss of the lower limit. In our model, at any time, there is a species at the minimum population size, where it is vulnerable to extinction. As in the neutral-drift mechanism, this is a stochastic mechanism.

Delayed extinction has major implications for conservation. For example, how much time will pass before the extinctions start to happen? How long before the extinction debt is “paid”? Typically, we try to predict the rate of loss of species after a sudden loss of area, assuming we know the initial number of species. This problem has been addressed for the neutral model several times (Gilbert et al., 2006; Halley and Iwasa, 2011; Hugueny, 2017). The advantage of the model presented here for this kind of problem is that it is suitable for looking at a wide range of timescales.

We can model extinction debt by simulation. For this, the key question is the relationship between minimum viable population, m, and the minimum niche size, xmin. If m > xmin, then the characteristic timescale is a single time-step since every time-step a different species is potentially subject to the minimum niche size. On the other hand, if m < xmin then extinction never happens (without an extra noise term). It thus makes sense that m is related to xmin. We will assume that if m = xmin then there is a probability of extinction ε, the probability of extinction at the minimum viable population.

Figure 6 shows the results for a specific set of parameters, depicting the decay in species number over time. Compared to the simplest expectation — exponential decrease in the number of species — the trajectories we predict are substantially different. An exponential curve that had the same expected number of species losses at the mid-point of the time considered (i.e., 50 years) suggests more species would survive in the short-term, but few in the long-term. Put another way, our model suggests a transient rapid loss of species, followed by a deceleration with eventually few losses. The trajectory is also different from the neutral model because the dynamic hypercube model yields losses on a relatively short timescale. It is notable that, overall, the pattern of biodiversity decrease follows the logarithm of time.
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FIGURE 6. Pattern of survival as a function of time after habitat is reduced suddenly (at t = 0). The area initially has 123 species in broken-stick configuration with each species having a large population. The reduction in area is such that the reduced total number of individuals is 13,000 so the average population falls to just above 100. The model has K = 8 with B = 1.5 and the minimum viable population is set at M = 2. This figure summarizes 1,000 simulations. The curves correspond to the five quartiles of species richness at each year. Notice that decay occurs approximately linearly on a logarithmic scale. The black line is the median and the gray lines the hinges (25th and 75th percentiles). The other curves are the equivalent exponential decay (blue) and hyperbolic decay (brown, for neutral theory) with the same S0 and the same t50. The dynamics are according to Equations (11)–(13) and thus includes extinction. However, colonization is assumed to be zero.


It is worth noting that our model is like that Hubbell’s neutral theory, as model of unstable coexistence, where species eventually drift to zero unless there is a process of speciation or colonization (Huston, 1979; Chesson, 2000).



A Species-Time Relationship

The species-time relationship describes the increase in the number of species recorded at a site as that site is observed for increasingly long periods of time (Rosenzweig, 1995). In some ways the species-time relationship is the reverse of the species relaxation curve discussed above, though typically the emphasis is on the sampling aspects of the problem rather than recolonisation issues. This is because a process of Poisson sampling a fixed community at regular intervals will yield a steadily increasing cumulative number of observed species. For example, the corresponding author’s interest in Greek endemic orchids resulted in a collection of species on the University of Ioannina campus beginning with 5 in 2008. Thereafter sequence of annual new species was {0, 0, 4, 0, 1, 0, 4, 1, 1, 1} reaching a cumulative total of 17 in 2018. The randomness of a Poisson process does not convincingly explain this increase. The increase in species richness is clearly being driven by a combination of sampling processes and ecological processes on various scales (Preston, 1960; White et al., 2005). In contrast to the well-known species-area relationship, the species-time relationship has received relatively little attention. The evidence from wider studies of ecological communities suggests that species-time relationships are well fit either by power functions or by logarithmic functions. Large-scale analyses of species-time relationships have revealed both of these (White et al., 2005).

The species-time relationship is also very important in cases of real ecosystem restoration. For example, taking the case of the restoration of European forests after the ice age, Clark and Mclachlan (2003) showed that variance associated with population and species drift slows down or appears to reach an asymptote. In contrast the neutral model exhibits variance increasing almost linearly with time. A more niche-based model is thus needed to investigate problems like this. Clark and Mclachlan (2003) attributed the diminishing growth to a mechanism of density dependence and stabilization, other mechanisms may also contribute to this effect. Our model can explore this — it provides a powerful but simple niche-based dynamic framework to explore problems of this type. Figure 7 here shows a species-time curve for an environment that begins with no species but allows colonization to happen.
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FIGURE 7. Four realizations of the species-time relationship for the community, with parameters K = 7 and B = 1.7, J = 4 × 104 for 256 time-steps and the minimum viable population is M = 11. Notice the near linearity of the rise on a logarithmic scale of time (years). The probability of colonization is constant at 0.007 per species per year. The dynamics are according to Equations (11)–(13) and thus include extinction-colonization.


The above pattern exhibits a logarithmic type of increase in species richness with time. It demonstrates that a decelerating incidence of new species with time need not only imply a stabilization toward an asymptote or an equilibrium of the logistic variety. A slowing increase in species numbers also has a non-stationary interpretation because the 1/f community embodied in this model is non-stationary.



Community Turnover, Speciation and the Drift Into Evolutionary Time

One of the most interesting predictions of MacArthur and Wilson’s theory of island biogeography is that island communities, due to their rapid rates of extinction and recolonisation, are in a permanent state of flux regarding community composition. An observer returning to a small island, after a long absence, should find the new community virtually unrelated to the previous one. Similar community drift is also predicted in the neutral model because the species are constantly drifting in abundance relative to one another. Thus, in neutral theory, due to internal drift and lack of niche definition, any species can come to dominate the community. In fact, the drift associated with neutral dynamics has been used as a null model to calibrate the significance of changes attributed to global warming (Sgardeli et al., 2016). Both models feature community drift by virtue of their neutrality by virtue of not having niches. The absence of niches means that the community is not fixed and may drift between different structures.

The current model also generates community drift, but the drift means something different in this niche-based case. The model is neutral in a sense that no trait is associated with dominance, and so any of its species can dominate. It depends on which niche is pushed to the largest size by the environment. The drift of the community between different species compositions is also here. Figure 8 shows the average overlap as a function of time-separation.
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FIGURE 8. The number of common species between two instances of a community separated by Δt years for different values of Δt. The parameters were K = 6 and B = 1.5, J = 104, and the simulation covered 750 time-steps. Initially, the community was unoccupied, but each niche was subject to a colonization probability of 0.02/year with an MVP of 22. The average diversity in any year (for the interval t = 50 to t = 750) was 21.3 ± 4.4 species, and the population was on average 4,000. The lines indicate the median, minimum, maximum and the two hinges (25th and 75th percentiles) for 1,000 replicates. The dynamics are according to Equations (11)–(13) and thus include extinction-colonization.


In this figure K = 6, so In this case the trait vector has the form (c1,c2,c3,…,c6) and the community has a potential size of 64 species and 10,000 individuals. Due to a high value of B, which leads to a high variability, coupled with a high value of minimum viable population (M = 22), the extinction rate was high. As a result, there were only ∼20 species present at any time, and so the average population was only ∼4,000, well below the carrying capacity of 10,000.

As the environment changes, different groups of species are favored. We can associate the twenty species in the community with a cluster of niches with larger volume. Each year the environment changes and causing some niches to shrink and others to grow. As this happens, those that shrink become more likely to lose their population while those that grow can be recolonised. The slowest of the processes changes on a scale of 64 years. Thus, on scales greater than 64 years, changes in the environment just retrace at random the previous configurations; there is no real evolution in the environment. So, for time separations above 64 the difference between the two communities does not decline further.

However, we can extend the current model to include variability on longer timescales. We can associate the still-longer timescales of environmental forcing in the evolution of other traits, ones that appear fixed on shorter timescales (Jackson and Overpeck, 2000). Thus, a system with a 25 traits and a vector (c1,c2,c3,…,c25) and a maximum timescale of 3.35 M years, reaches deep into evolutionary time. This includes a space of many millions of possible niches, which may be much larger than the community that interests us. The active community may be large enough to support only a thousand species. How can we visualize this? The initial community is inhabiting a hypercube in 10 dimensions, in which the traits are all changing, resulting in changing dominance hierarchies. However, on timescales above a thousand years, other traits will start to change too. What will happen, is that the initial community is no longer so competitive relative to some other species whose niche lies outside the initial hypercube. These species were not initially present in the community, but now there is an incentive for them to colonize or be created. Thus, the community will tend to drift according to the changing environment. Thus, if we fast-forward a few million years, the initial community moves within the larger hypercube to a different center (Figure 9). We still have a community whose short-term variability involves traits c1–c10 but other traits c10–c25 will also have changed so that very few species remain the same as for t = 0. This reflects the adaptive landscape of Wright as noted by Holt (2009) and Blonder (2018), but this is a dynamic adaptive landscape.
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FIGURE 9. On a short timescale, the initial three axes are represented by a set of species in a compact niche, this changes and the cube moves around the hypercube on longer timescales.


Thus, we can see the ecological community slowly drifts away from its initial configuration. This shows that the current model can look at the ecological community in evolutionary time also. Hutchinson’s concept unifies ecological and evolutionary time. So, the community 1/f model described in this paper also predicts community drift on a longer evolutionary timescale. In contrast to the McArthur–Wilson and neutral model models, it is possible to identify traits. Part of this model is that there are processes in the environment that impact organisms that are stationary on a short timescale. They only change on longer timescales. But as they do, their influence is to change the balance toward organisms that were previously marginal. In contrast, organisms that were previously well-suited to the environment now find themselves “on the margins.”




GENERALITY OF RESULTS

An important question that should be asked is how robust are the results we have obtained in the face of structural changes? The model we have developed rests on some fundamental assumptions that cannot be changed and other assumptions that are less critical which affect in different ways the results obtained for lognormality, variance growth and linearity.

The model is based on four fundamental structural assumptions. Foremost is the conception of Hutchinson’s niche itself, namely that the space in which a species operates can be defined by an area of hyperspace. A discussion by Leibold covers many of the difficulties this implies (Leibold, 1995). Most important among these is: since so many aspects of any species requirements are tied to interactions with other organisms, how can it be tied instead to a relatively fixed structure like a hypervolume? The main justification has always been that the simplification enabled by Hutchinson’s conception brings worthwhile results. Secondly, we have assumed a cuboidal geometry for niches. This contrasts with much of the work being carried out by researchers who are trying to build up a picture of the niche in more applied contexts such as discussed in the Section “Introduction.” Thirdly, we have assumed that organisms respond to each niche factor in a binary way: either a positive niche factor helps or hinders each species. This is obviously a simplification for the nuanced way that organisms respond to changing environment – real responses are rarely binary in this way. Finally, we assume that the states of the axes of the hypercube change independently. This too might seem restrictive for things like temperature and moisture that clearly influence one another. We argue that all these fundamental assumptions enable major simplifications in tractability, in parameterization and also enable intuitive understanding and visualization.

The most important additional assumption of the model is the choice of the distribution of niche factors, Uk on [0,1], for the different axes. The distributions have been assumed to be the same for all axes, though this could be relaxed at the expense of losing some results (e.g., for lognormality). The choice of distribution affects the dynamics considerably.

From Figure 10, It is notable that in the case of the models of Special Case B, the parameter B is an asymmetry parameter, increasing B increases the difference between species population sizes and the variability in time. In special cases A and B, there is no asymmetry between states of the niche factors. This means that every species, long-term, has the same average population; there are no privileged species. Introducing asymmetry between states (q≠0.5) means that the environment spends longer in some states than in others. Ecologically, this is clearly possible, as with moisture in an extreme desert, for example. Asymmetry, in this model, causes some states to have a greater average population size than others.
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FIGURE 10. Population dynamics of four randomly chosen species in the community model generated using different distributions with parameters K = 7, with J = 5 × 106 for 512 time-steps. (A) Special case B with B = 1.15. (B) Special case B with B = 1.73. (C) Special case A (uniform distribution for U). (D) Special case C with B = 1.73, with asymmetry q = 0.2. The dynamics are according to Equation (10) without extinction-colonization.


When deriving Equations (1–12), we made no special assumptions about the distribution of Uk, so these will hold in general. This is also true for Equation (18), the lognormality for species abundance distributions, which emerges from the central limit theorem. This only requires that there be a large number of axes and that the moments of ln(Uk) are finite. Thus, lognormality is a very general property of this model. Figure 11 shows this through the results of running different models.
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FIGURE 11. (A) Species abundance distribution for a single community in one run of four different models taken at time t = 511 in each case. The models were: Special case A, Special Case B with B = 1.15, Special Case B with B = 1.73 and Special Case C with q = 0.2 and B = 1.73. (B) For the same four models, the histogram of population size over time for a run covering 512 years for species number 126 in each case. The other parameters of the models were J = 105, K = 7, and MVP = 2. The dynamics are according to Equation (10) without extinction-colonization.


In Figure 11, it is worth noting that the species abundance distribution (distribution of species population sizes in the community) conforms to a lognormal as shown by Equation (18). In simulations, this was also found for the distribution of species population sizes in time. It is also worth noting that in simulations, these two types of distribution were indistinguishable except in Special Case C, for which the distribution in time has a higher average value. This can be explained by the fact that in this asymmetric model, species have different distributions; some species have higher average populations than the overall community average.

The zero-sum property of log populations and the linear dependence of population on the environment, Equation (15), represent an important analytical simplification. This depends on the term [image: image] being constant or not changing much. This only holds for a restricted set of models. For example, it does not hold for Special Case A but it does for Special cases B and C. In general, to secure constancy in time for [image: image], we need U(t)[1 − U(t)] to remain constant in time, which is true for models where f(u) has a dichotomous distribution. From a biological perspective there is usually no reason to expect environmental variables to have a dichotomous distribution, although we often experience things this way (temperature is “cold” or “hot”, weather is “wet” or “dry”). The dichotomous distribution is thus a gross simplification for any environmental variable, but because of the Central Limit Theorem this may not matter too much. Even with such unrealistic distributions, model trajectories for populations are not so different from one using more biologically reasonable distributions.

The logarithmic increase of variance with time, as explained in Section “Variance in Time,” does not arise from intrinsic structure of the hypercube but is related to the arrangement of time-constants on the different axes, with each axis having a separate and unique timescale of switching and with timescales spaced geometrically. This assumption reflects that fact that often environmental changes themselves occur evenly across octaves. Other arrangements, with the time-constants spaced differently would produce patterns of variance increase more like fractional Brownian motion or fractional Gaussian noise (Halley and Inchausti, 2004). This is also the case for the manner of increase of the species-time curve.

A summary of the results in this paper, regarding the model, and the assumptions required to produce them, is given in Table 2 below.


TABLE 2. The main additional assumptions required to produce the results in this paper.

[image: Table 2]
While the simple switching between two states, producing “square” pulses (Figure 2B), may seem highly artificial, the resulting population changes, once all the niche factors are acting together, the artificial geometry of square pulses is no longer in evidence (Figure 3).

Equation (10) describes the population constraint caused by the environment but not the population response. The only part of this we have included is the extinction-colonization process modeled through Equations (11)–(13). Apart from these processes, this model does not include population dynamics, either interspecific or intraspecific. An easily envisaged extension of the model would be to include a demographic model in each niche, such as a simple discrete growth process with a carrying capacity, where the capacity value is equal to the niche hypervolume. The population dynamics within the niche would respond to changes in carrying capacity but there would be a delay due to the population dynamics. Interspecific interactions would be more challenging to incorporate but could be incorporated by including interactions between the species in different niches.



DISCUSSION AND CONCLUSION

We extend the niche-hypercube model of Hutchinson to form a niche-based dynamic hypercube (DH) model. This model is well-suited to exploring the dynamics of ecological communities from a niche-based perspective. The model has several features that make it desirable as a model of the community.

By dividing an ecosystem into a hypercube of finite size with a fixed number of organisms, the model reflects the fundamental limitation of energy input. Since only a fixed amount of energy arrives in an ecosystem, only a limited number of organisms of a given size can live there. Thus, when all niches are occupied, the populations add up to a constant community size. For a restricted class of niche fluctuations, this also holds for the logarithm of population; the fluctuations of the logarithm of population can then be expressed as a linear combination of the environmental fluctuations: z(t) = C.a(t), where z is a vector of all species’ populations and a represents environmental fluctuations and C is a constant orientation matrix.

The zero-sum principle is shared with the Hubbell’s neutral model among others. However, this model is not neutral in the same way as Hubbell’s, since each species occupies a fixed place in the community “hypercube.” Our model is still neutral with respect to biotic interactions. That is, competition is completely absent from this model and species do not interact in any other way. Their fitness is simply a by-product of their fundamental niche area, and there are no direct interactions between species.

For a very wide range of environmental fluctuations, this dynamic hypercube model generates a lognormal species-abundance distribution. Many theories generate similar distributions, bell-shaped on an octave scale, such as the zero-sum multinomial of the neutral model. Importantly, the dynamic hypercube reproduces the widespread observation that most individuals in the community belong to a small number of abundant species. This model also produces time-series for populations that are lognormally distributed in time, something observed as the most common distribution for a large number of ecological communities. Thus, as a species traces out its trajectory of abundance, the resulting histogram will tend to be lognormal.

As presented here, one of the most important features of the dynamic hypercube model is that it need not be stationary in time, depending on the environmental fluctuations on the niche factors. Studies of ecological time-series have shown that the “more time means more variation” effect is almost universal and is most consistent with a 1/f-noise model, where variance increases linearly with the logarithm of time. This type of environmental variability was used in the examples of this paper. The dynamic hypercube model provides a means to describe this variance growth in a community context. It shows that there is no balance of nature in one sense — as there is no permanent community. Nevertheless, neither is balance “discredited,” because communities remain similar for a long time and because certain quantities such as species richness and energy flow are conserved long-term.

This paper outlines three different applications in ecology, where the dynamic hypercube model provides results and new insights. One of the obvious applications of such as model, with conservation implications, is studying the dynamics of extinction. In recent years, because of the biodiversity crisis, there has been great interest in extinction risk. For example, species distribution models may be used to estimate extinction risk without a population-level model of the actual process of extinction. This has meant that things like extinction debt get overlooked. Certainly, the neutral model has been used to address the problem. Nevertheless, arguably the neutral model and its modifications cannot address issues on all timescales because they do not take environmental variability into account. The model described here spans both ecological and evolutionary time by taking into account the drift of the environment itself. Theoretical studies such as ours still have “barely scratched the surface of the universe of possible genetic architectures, landscape geometries, and demographic scenarios at play in niche evolution” (Holt, 2009). Nevertheless, by characterizing the drift of selective forces by an environment fluctuating on many scales as (Jackson and Overpeck, 2000) we are opening a bridge.

It is also worth noting that the dynamic hypercube model may be used to throw light on functional diversity. Since each axis of the model can be associated with a trait, it fits in with this perspective by dividing the ecosystem according to functional axes. The usefulness of a trait to any species changes in response to environmental changes. In this picture, the importance of different ecological traits rises and falls on different timescales. Some do so very rapidly but others change so slowly as the be imperceptible in most ecological studies. They correspond to the invisible long-term axes of our model, which only reveal themselves on longer scales, reaching into evolutionary time.

In constructing our model, we made several assumptions. The binary aspect, that each niche factor changes in a strictly binary fashion, is an obvious limitation relative to the real world. Another important limitation is the requirement that that each niche factor axis changes according to a specific and limited timescale. As we know that all niche factors tend to fluctuate over a range of timescales, a more realistic assumption would be for this to describe all axes, but that would severely limit the mathematical tractability of the system. Also, there are challenges with the interpretation of the size of the system we are describing. It is not obvious how the hypercube should interact with population size. Suppose we change the ecosystem’s size. Should this change the number of niches or just the size of number of individual organisms in the community? A change in the size of an ecosystem should immediately cause a loss of population, but should it lead to a contraction of the number of axes? Leaving aside the feedback element, we could associate a reduction of the axes with some physical reduction of the size of an ecosystem (e.g., a sea-level rise on an island), whereas the loss of the community within the hypercube reflects the killing of organisms without loss of habitat (e.g., a forest fire).

This model is a natural extension of the classical theory of the niche and of functional traits and brings many of the advantages of other dynamical theories such as the neutral model. It can be applied to numerous problems of community ecology to improve both explanatory and predictive power. It reveals how a community can have 1/f noise fluctuations and still be zero-sum. It is perhaps the first dynamic theory that links ecological time with evolutionary deep time.
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APPENDIX A. LIST OF SYMBOLS

a, Vector of environmental configurations of niche factors in logarithmic space.

ak, Environmental configuration of the kth niche factor in log-space (k∈0,1,2,…, K−1).

Bk, A constant related to Uk, such that Uk = Γk Bk and 1-Uk = Γk/Bk and with [image: image].

C, The orientation matrix (S × K).

csk, Element of the orientation matrix C for species (row) s and niche factor (column) k. All csk = ±1.

es(t), Probability of extirpation of the species s at time t.

f(u), Probability distribution function of the random variable Uk (assumed independent and identically-distributed on all axes).

fxs(x), Probability distribution function of the log-population of species s.

fvs(x), Probability distribution function of the log-hypervolume of species s.

g(x), Probability distribution function of the niche width λsk = ln(Lsk).

J, The size of the community (sum of all individuals from all species).

K, Number of niche factors (dimension of niche hypercube, number of axes)

k, Niche-factor index, k∈0,1,2,…, K−1.

Lsk, The niche width of species s for factor k.

M, Minimum viable population (assumed same for all species in the community).

m, Natural logarithm of M.

ok, The kth digit of the binary representation of species.

p, Probability that a given species is present in the community.

q, Probability that Uk takes value u0 for the asymmetric dichotomous distribution of Special Case C, while 1−q is the probability that Uk takes the value 1−u0.

S, The total number of possible species in the community (S = 2K).

s, Species index (in decimal), s∈0,1,2,…, S−1.

s, Species index (in binary).

T, Length of time series T∈1,2,3…

t, Time: t∈0,1,2,3…

Uk, The random variable representing the division of axis for factor k.

u0, The value defining the dichotomous distribution on Special Case B. In this case the random variable. Uk, can take only the values u0 and 1−u0.

V0, Variance of random variable Uk.

Vs, Niche hypervolume of species s.

v, Vector of niche hypervolumes for all species in the community.

vs, Natural logarithm of niche hypervolume of species s.

Ws, Total variance for time series of species s.

Xs, Population of species s.

x, Vector of log-populations of species in the community.

xs, Logarithm of the population of species s.

z, Vector of deviations from the mean log-population, [image: image], for the case where the mean is constant in time.

β2, Expected variance of f(x) for Special Case B.

Γk, A constant related to Uk and Bk. It is the geometric mean of the two partition sizes (Uk and 1−Uk) on axis-k:. i.e., [image: image].

γk, A constant γk = ln(Γk). It is mean of the logarithms of the two partition sizes (Uk and 1−Uk) of the axis k.

[image: image], The average value of γk over all niche factors, namely [image: image].

λsk = lnLsk.

μ, Expected mean of g(x).

ρ, Number of individuals per unit area.

τk, Timescale of changes happening for niche factor k.

σ2, Expected variance of g(x).



APPENDIX B. MATHEMATICAL PROOFS


Relation Between the Spectrum of Population and Environmental Forcing

We are interested in the relationship between the spectra of the environmental vector ak(t) and that of the population response xs(t). In the case of distributions for which [image: image] is constant (e.g., Special Cases B and C) we may express the dynamics in Equation (15) as:

[image: image]

If we take the Fourier transform of both sides, we get the Fourier coefficient of z in the domain of frequency, ω, namely:

[image: image]

Since both a and z are random variables, it makes sense to find the power spectrum z. The power spectrum of the Fourier coefficient of zs(t) is found by finding the norm of it. Thus:

[image: image]

Where the z∗ refers to the complex conjugate of z. If we substitute into this the Equation (A2) we get:

[image: image]

In A4, the interaction terms are zero because the components are independent. Noting also that all components of the orientation matrix are ±1, we get:

[image: image]

Thus, at least in cases where [image: image] is constant (e.g., Special Cases B and C), the spectrum of the species population is simply the sum of the spectra of its niche factors.



Variance of Sequence of Square Pulses

This shows, for Special Case B, that the variance goes to zero if the length of the series T is much less than the time-constant of the pulses and that it converges to a finite value as T heads to infinity.

We note that here Var{ak(t)} is a sample variance in time rather than an ensemble variance, so the expected value of the variance estimator for the time series in question is:

[image: image]

Here, we use the notation ak(t) = at and τk = τ for simplicity. Following the approach of Halley and Kunin (1999), this can be expressed as:

[image: image]

Note that the random variable aj = ±1 and that aj changes state at random every τ time steps (at times j = τ, 2τ, 3τ,…). So, when they are well separated in time the expected correlation is zero. Conversely, if the time difference is small enough then aj and ai are the same then Δaji = 0 and similarly if aj and ak are the same. Thus:

[image: image]

We note that:

[image: image]

Note that the last three terms on the r.h.s. are identical by symmetry among the indices. Thus, we can write:

[image: image]

The value of E(ai.aj) depends on | i-j| because for a square-wave of the type of ai, the following holds for a wave with period length τ:

[image: image]

Therefore, we arrange the summation by | i-j|. There are T diagonal elements so E(ai.aj) = 1 here. There are 2(T−1) off-diagonal by one step, for which E(ai.aj) = 1−1/τ, then 2(T−2) off-diagonal by two steps, for which E(ai.aj) = 1−2/τ and so on.

[image: image]

Thus,

[image: image]

For short series, T << τ so then:

[image: image]

On the other hand, if T >> τ then the summation

[image: image]

When T = τ then,

[image: image]
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Process Reaction Electron Electron Negative of standard Gibbs energy
donor acceptor change of reaction, —ArG°
(kJ per mol of electron donor)

| Aerobic methane oxidation CHy4 +205 — HCO3™ + HpoO + HT CHy O 790
Il Denitrification using hydrogen sulfide ion with S0,42- production HS™ + 1.6NO3~ — SO42~ + 0.8Ny + 0.2H,0 + 0.60H™~ HS™ S042- 721
Ml ethane oxidation using manganese oxide CHy + 4MnOy + 7HT — HCOz™ + 4Mn2+ + 5H,O CHgy nO» 635
\% ethane oxidation using iron oxide CHy + 8Fe(OH)3 + 15HT — HCO3™ + 8Fe?* + 21H,0 CHy Fe(OH)3 598
\% Anaerobic ammonia oxidation (ANAMMOX) NH;z* + NOos~ — No + 2H, O NH4* NO2 ™~ 362
V Complete ammonia oxidation (COMAMMOX) NH4+ + 205 — NOo,~ + HoO + 2HT NH4+ Os 269
VI Denitrification using hydrogen sulfide ion with S° HS™ +0.4NO3~ + 1.4HT — S0 + 0.2N; + 1.2H,0 HS™ NOsz~ 252
VIl Ammonia oxidation NHz T + 1.505 — NOs~ + HoO + 2HT NH4* 0o 190
IX Nitrite reduction using hydrogen 3Hs + NOo =+ 2HT — NHz T + H, O Ho NO,~ 174
X Nitrite oxidation NO>~ + 0.505 — NO3z~ NO»~ O 79
X Aerobic Fe oxidation Fe?* + 0.250, + Ht — Fe®* + 0.5H,0 Fe?* (o)) 44
Xl ethanogenesis 4H, + CO» — CH4 + 2H,0 Ho CO» 30
Xl Fe oxidation using nitrate Fe?* + 0.2NO3~ + 2.4H,0 — Fe(OH)3 + 0.1Np + 1.8H* Fe2t NO3z~ 26
XV Sulfate reduction using hydrogen Hp + 0.258042~ — 0.25H5S + 0.50H~ + 0.5H,0 Ho S042- 18
XV ethane oxidation using sulfate CHy +S042~ — HCOz™ + HS™ + Ho0O CHy S042~ 17

For the calculation of —A.G°, the values of AsG° at 25°C and 1 bar are cited from CHNOSZ package for R (http://chnosz.net). —A,G® for ferrihydrite was taken from Majzlan et al. (2004).
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Model Formula

Alestrus dolosus

Logistic regression (1 + o-89+04020 154077y

Maxent Uses all variables but 1, main is D (contribution = 74.1%)
Symbolic regression step (H-614)

Canariphantes acoreensis

Logistic regression 1/(1 4 ¢~361740.1000)

Maxent Uses only D (contribution = 100%)

Symbolic regression step (41.3-D)

Sensitivity

0.667
0.833
0.833

Specificity

1
1
0.75

07
0.65
0.65

Tss

Accuracy statistics on an independent test dataset are given by the True Skill Statistic (TSS). H = altitude, SI = slope, T = average annual temperature, P = annual precipitation, and D

listurbance index. The step function in symbolic regression converts positive values inside parentheses to presence and negative values to absence. Best values in bold.
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Model Raw accuracy Weighted accuracy

Gerés (training)

Observed 0113 0087
Clench 0055 0018
Negative exponential 0115 0,049
Rational function 0045 0012
Arrébida (testing)

Observed 0.103 0031
Clench 0038 0010
Negative exponential 0092 0037
Rational function 0032 0.008

See Data Sheet 1 for formulas. Raw accuracy is the scaled mean squared error
considering the entire observed accumulation curve (each formula was fitted to the curves
using 4-320 semples) and weighted accuracy s this value weighted by the sampling effort
at each point in the curve (where effort is the ratio between number of individuals and
observed species richness). Note that lower values (in bold) are better as they reflect the
deviation from a perfect estimator.
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Model

SAR Azorean Spiders (trai
Power

Exponential

Linear

SR

SAR Azorean Bryophytes (testing)
Power

Exponential

Linear

SR

GDM Canarian Spiders (training)
Whittaker

Fattorini

Steinbauer
SR

GDM Canarian Bryophytes (testing)
Whittaker

Fattorini

Steinbauer

SR

S = native species richness; A = area of the island:

Formula

13.379404%8
S=0549 + 4.538 logA
$=19.357 + 0.017A
S = 4641 logA

S = 181.625408%

S = —-27.824 + 57.114 logA
S=196.215 +0.2504
S=51889logA

S = —185.589 + 41.732 logA + 17.776T - 1.022T2
logS = 2.585 + 0.281 logA + 0.157T - 0.009T2

logS = 3.367 + 0.098 logA + 1.502 logT — 0.454 logT?
S = 42.283 + 0.051A + 17.379T - T2

S = ~176.599 + 66.602 logA + 21.361T - 1.62072
IogS = 4.544 + 0.137 logA + 0.126T —0.00972

logS = 5.136 -+ 0.017 logA + 1.063 logT - 0.382logT?
S = 192.660 + 0.075A + 20.702T ~ 1.576T2

‘maximum time of emergence. Best models are indicated in bold.

R?

0.842
0.780
0.435
0.780

0.666
0.728
0617
0.722

0.873
0.941
0.814
0.952

0.773
0.803
0.812
0.785

AlCc

32.505
28.102
36.604
23319

78.085
76.208
79.295
71.617

110.350
105.025
113.007
61.505

125.214
124.217
128.963
124.841
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Artificial Intelligence (Al}-A scientific field concerned with the automation
of activities we associate with human thinking (Russell et al., 2010).

Big data-Very large amount of structured or unstructured data, hard to
model with general statistical techniques but with the potential to be mined
for information.

Complex system-A system in which a large network of components
organize, without any central controller and simple although non-linear rules
of operation, into a complex collective behavior that creates patterns, uses
information, and, in some cases, evolves, and leamns (Mitchel, 2009).

General model-An equation that is found to be useful for multiple
datasets, often but not necessarily, derived from a general principle. In most
cases the formal structure of equations is kept fixed, while some
parameters must be fitted for each individual dataset.

General principle-Refers to concepts or phenomenological descriptions
of processes and interactions (Evans et al., 2013). May not have direct
translation to any general model, but be a purely conceptual abstraction.

Genetic programming (GP)-A biologically-inspired method for getting
computers to automatically create a computer program to solve a given
problem (Koza, 1992). It is a type of evolutionary algorithm, where each
solution to be tested (indvidual in a population of possible solutions) is a
computer program.

Pareto front-A curve connecting a set of best solutions in a multi-objective
optimization problem. If several conflicting objectives are sought (e.g.,
minimize both error and complexity of formulas), the Pareto front allows
visualizing the set of best solutions (Smits and Kotanchek, 2008).
Symbolic regression (SR)-A function discovery approach for modeling of
multivariate data. It is a special case of genetic programming, one where
possible solutions are equations instead of computer programs.
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60, (electron acceptor) + 24H' + 24e~ — 12H,0 (1b)
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60, + C¢H 206 — 6CO; + 6H,0, (1c)





OPS/images/fevo-08-602809/fevo-08-602809-e004.jpg
0





OPS/images/fevo-08-552268/fevo-08-552268-g004.jpg
- o
O o \
o0 o0
O o \
© ©
) )
= £
O O \
< <
O o |
N N
| | | | | | | | | | | | | | |
N 0000¢ 0009l 0000L 0009 0 < 0000¢ 0009l 0000L 0009 0 oo 0000Z 000GL 0000L 0009 0
o o o
| o azis Ajlunwwoo [ejo | | o azis Ajlunwwoo |ejo | | azis Allunwwoo |ejo |
S S S
£ S &
=) o (=) o -
Q |- = Q |- = Q |-
_ _ _
i i J
A N N
- mw x | mw = |
© ©
nd o
n 7))
Q Q
&) &)
O ()
7] o ®
o
/ T / T / |
L O [ J L O [ J L
| | | | | | | | | | | | | | |
0000L 000L 00l 0] | 0000L 000L 00l Ol | 0000L 000L 00l 0L |

< S[eNpIAIpUI JO IN o S[eEnpIAIPUI JO IN L S[ENPIAIPUI JO IN

80 100

60
time

40

20

150

100
Species Rank

50





OPS/images/fevo-08-552268/fevo-08-552268-g005.jpg
0000 000591 00001

o

| | |

0009

azIs AJlunwwoo [ejo |

o

|
00001

<

| | |
000L 00l Ol

S|enpIAIpUI JO IN

<~

40 60 80 100

20

150

100

50

time

Species Rank





OPS/images/fevo-08-602809/cross.jpg
3,

i





OPS/images/fevo-08-602809/fevo-08-602809-e000.jpg
CgH1206(electron donor) + 6H,0 — 6CO; + 24H* + 24e™
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A+ Cy — A3 + C (reaction 2), (5a)
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(A2} (G)
{As) (C1)

—A,G=—-A,G° +RTln (5b)
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Ay + C; — Ay + C; (reaction 3), (6a)
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(A} (C)
(A1) (Ca)”

—A,Gs = —A,G3° + RTln (6b)
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Ap+By —> Ay + By (reaction 1 : the overall reaction
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(A1) (By)
(A2} (By)

—A,G=—A,G° +RTIn (4d)
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Dataset title

Forest inventory analysis

North American breeding bird survey

Maritimes breeding bird atlas
Landbird monitoring program

Ontario breeding bird atlas

East Coast North America strategic assessment
Reef life survey: global reef fish dataset

ICES North sea international bottom trawi
survey for commercial fish species

Irish ground fish survey for commercial fish
species

Reef fe survey: invertebrates

Snow crab research trawl survey database

Abbreviation

FIA

BBS

MBBA
LBMP
0BBA
ECNASAP
RLS_F

NSIBT

IGFS

RLS_I

SCRT

Taxon

Trees
Birds
Birds
Birds
Birds
Fish
Fish
Fish
Fish

Invertebrates

Benthos

Year/usage notes

2013; excluded Alaska

2015; USA data only
(excluding Alaska)

2009
2004
2003
1994

Spatial subset around
Australia

2011
2004
Spatial subset around

Australia
2009

For each community the taxon, species richness and number of unique sample locations are shown.

Number of Number of

‘species samples
305 19,427
521 2,420
163 3,243
229 5,107
233 19,611
110 2,101
1,847 6,666
131 688
100 163
1,013 6,817
32 364

References

USDA Forest Service, 2010;
Woudenberg et al., 2010
Pardieck et al., 2016

NatureCounts, 2012a
USFS, 2012
NatureCounts, 2012b
Brown et al., 2005

Edgar and Stuart-Smith,
2014ab
DATRAS, 2010a

DATRAS, 2010b
Edgar and Stuart-Smith,

2008, 2014b
Wade, 2011
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Typical steppe
mZSM (0)

LS (Fisher’s a)
PLN ()

LN (meanlog)
Meadow steppe
mZSM (0)

LS (Fisher’s a)
PLN ()

LN (meanlog)

Without rarefaction

ts1
2.576 (158.528)
2.458 (159.095)
1.780 (163.870)
2.874** (166.362)
ms1
1.868 (130.960)
1.706 (131.675)
2.019 (137.601)
3.293"* (139.353)

ts2
2.342 (164.737)
2.213 (165.340)
3.066™* (167.889)
3.373"* (168.609)
ms2
4.273" (147.846)
4.170 (148.374)
1.612* (153.055)
2.111**(154.418)

Analyses conducted at the sector level without and with rarefaction.
Asterisks indlicate significant deviations from the model (‘o < 0.05, **p < 0.001).
For each sector model parameter estimates are given and, in parentheses, the corrected Akaike Information Criterion (AICc). Tested models were the lognormal (LN), the
Poisson-lognormal (PLN; zero-truncated version), the Fisher log-series (LS), and the metacommunity Zero-Sum Multinomial (mZSM) distributions.

ts3
2.045 (116.790)
2.113 (117.168)
2.797* (116.783)
2.869* (117.050)

With rarefaction

ts1
2.552 (97.957)
2.403 (97.366)
1.111 (102.166)
2.223 (103.637)

ms1
1.822 (82.935)
1.653 (83.032)
2.339 (86.640)
2.712 (85.393)

ts2
2.539 (100.408)
2.494 (101.259)
1.609 (104.537)
2.339 (104.245)

ms2
4.265 (139.844)
4.181 (140.408)
1.638 (144.025)
2.046 (146.229)

ts3
2.186 (98.981)
2.285 (98.696)
2.211(99.149)
2.402 (99.453)
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Without rarefaction With rarefaction

Model parameter  Estimate AlCc

Desert steppe

LS (Fisher’s a) 2.428 92.067

mZSM (0) 1.763 92.565

PLN () 1.302 93.368

LN (meanlog) 1.937 94.801

Typical steppe

mZSM (0) 2.580 208.920 2.715 104.850
LS (Fisher’s a) 2411 209.550 2.654 106.247
PLN () 3.051# 214.155 1.681 109.413
LN (meanlog) 3.614** 215.639 2.247 111.253
Meadow steppe

mZSM (0) 2.937 201.964 3.071 113.842
LS (Fisher’s o) 2.830 202.480 3.068 1156.025
PLN () 2,745+ 206.486 1.644 117.192
LN (meanlog) 3.217* 207.871 2194 118.880

Analyses conducted at the steppe-level without and with rarefaction.

Asterisks indicate significant deviations from the model (“p < 0.01, **p < 0.001).
Tested models were the lognormal (LN), the Poisson-lognormal (PLN; zero-
truncated version), the Fisher log-series (LS), and the metacommunity Zero-Sum
Multinomial (mzZSM) distributions. AlCc, corrected Akaike Information Criterion.
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Model tested

Classical models
(Lognormal,
Poisson-lognormal,
Fisher’s log-series, and
metacommunity
Zero-Sum Multinomial)

Gambin models

Scale of analysis

Sectors of the same
steppe merged

Sectors separated

Sectors of the same
steppe merged

Sectors separated

Rarefaction

No rarefaction
Rarefaction with desert
as a reference
Rarefaction with the
smallest sample in each
steppe as a reference
No rarefaction
Rarefaction with desert
as a reference
Rarefaction with the
smallest sample in each
steppe as a reference
No rarefaction
Rarefaction with desert
as a reference
Rarefaction with the
smallest sample in each
steppe as a reference
No rarefaction
Rarefaction with desert
as a reference
Rarefaction with the
smallest sample in each
steppe as a reference
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Scale (A/Aq) 27 277

2-6 2-5 2-4 2-8

Serpentine Species «, AIC 474 769 1,204 1,981 3,208 4,881
Community e, AIC 485 77 1,321 2,079 3,420 5,182

BCI Species a, AIC 10,133 7,541 5,079 3,409 2,109 1,271
Community &, AIC 10,207 7,621 5,148 3,522 217 1,307

At the indivicuals species level, the number of parameters is equal to the number of species, whereas at the community level there s only a single parameter. The AIC is lower at the

species level in all cases.
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Serpentine BCI

Model Log-likelihood Model Log-likelihood
METE -1148 METE -729
RP -5188.6 RP —963
« =1.0003 -114.6 a=1.12 —660

We can compare our model to METE using the deviance in log-iikelihood and obtain a
p-value. The devianceis defined as twice the difference inlog-Iikelihood. For the serpentine
dataset, the deviance is 0.6 which corresponds to a p-value of 0.45. For the BCI dataset,
the deviance is 138 which corresponds to a p-value of < 109,
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Result

Lognormal SAD (Equation 18)
Lognormal in time (Figure 5B)

Zero sum for log-populations. Linearity
(Equation 15)

1/f noise type variance increase
Extinction debt (see section “Response to
Habitat Reduction and Extinction Debt”)
Log species time increase (see section “A
Species-Time Relationship”)

Community turnover (see section “Community

Turnover, Speciation and the Drift Into
Evolutionary Time”)

Required assumption

Identical f(u)

x

Dichotomous f(u) Timescale Timescale geometric
separation spacing
X
X X
X X

Extinction-
colonization

An ‘X’ in any box implies that the associated assumption is required to produce the result.
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Description of traits

Prefers cold, prefers dry
Prefers cold, prefers wet
Prefers warm, prefers dry
Prefers warm, prefers wet

Suppose we specify By = 3 and By = 2. From this it follows that Tp = 0.3 and T'y = 0.4 that Up = 0.9 and Uy
small niche width on each axis, one “friendly” the other “unfriendly” to a given species.

Niche sizes under given environmental conditions

(0.9) x (0.8)=0.72
(0.9) x (0.2)=0.18
(0.1) x (0.8)=0.08
(0.1) x (0.2) = 0.02

= 0.8, respectively. This clearly defines one large and one
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Without rarefaction With rarefaction

ol o2 o3 AlCc ol o2 o3 AlCc
Typical steppe (ts1)
Gambin 1 mode 3.002 - - 77.686 5.097 - - 56.101
Gambin 2 modes 3.511 50.663 - 71.561 53.278 196.029 - 64.782
Gambin 3 modes 5.589 30.528 70.575 71.469 27.324 47.242 169.779 197.674
Typical steppe (ts2)
Gambin 1 mode 5.216 - - 78.477 5.973 - - 55.772
Gambin 2 modes 103.551 2.515 - 84.799 13168.640 2443.329 - 65.283
Gambin 3 modes 14.167 50.683 73.221 106.028 16.301 14.231 93.214 112.813
Typical steppe (ts3)
Gambin 1 mode 5.586 - - 56.047 5.348 - - 50.596
Gambin 2 modes 0.000 7.125 - 70.110 2.194 25.905 - 66.012
Gambin 3 modes 0.581 3.463 7.231 114.038 14.471 18.080 17.608 120.185
Meadow steppe (ms1)
Gambin 1 mode™* 3.499 - - 70.644 7.437 - - 45.030
Gambin 2 modes 0.929 132.736 - 73.158 13.022 27.274 - 68.361
Gambin 3 modes 91.872 0.929 150.278 117.163 8.926 13.465 47.152 127.649
Meadow steppe (ms2)
Gambin 1 mode* 4.527 - - 84.240 4191 = = 79.982
Gambin 2 modes 154565 44.233 - 86.904 3.400 29.257 - 84.438
Gambin 3 modes 0.021 14.946 41.568 102.521 4.462 12212 39.270 100.574

Analyses conducted at the sector level without and with rarefaction.
Asterisks indicate significant deviations from the model ("o < 0.05, **p < 0.001).
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Without rarefaction

With rarefaction

'l o2 o3 AlCc
Desert steppe
Gambin 1 mode 2.346 - - 51.664
Gambin 2 modes 0.643 2.346 - 66.331
Gambin 3 modes 1.542 2.178 2.380 110.331
Typical steppe
Gambin 1 mode™ 4.328 - - 99.619 5.939 - - 58.677
Gambin 2 modes 2.410 259.829 - 101.112 8091.081 108.341 - 66.915
Gambin 3 modes 26.491 90.910 120.406 114.151 19.536 30.973 120.334 106.290
Meadow steppe
Gambin 1 mode 4.267 - - 98.185 4.934 - - 63.490
Gambin 2 modes 2.651 54175 - 101.662 23.797 2849.67 - 71.693
Gambin 3 modes 0.858 16.105 38.49039 116.454 9.534 31.437 78.996 98.130

Analyses conducted at the steppe level without and with rarefaction.
Asterisks indlicate significant deviations from the model (*p < 0.01).
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Parameter range

Simulation
group
s N J m M G
Test F 4 1000 107385 10=49, 0.1
10—4.5
1 FL 4,8 500, Range M—0 0.1,5
1000 1077 <m <102
2 FL 4 1000 10-20 M—0 0.1
FL 8 1000 Range M—0 0.1
St, R 1077 <m <1072
4 F 4 1000 1035 Range 0.1

1077 <M <1072

Refer also to Table 1 for parameter meanings. There are four kinds of structure (S):
Fully-connected (F), Line (L), Star (St), and Random (R). In group 3, we studied how
spatial structure affected radiation size through the different dispersal links. For the
line and star structure, there were 7 dispersal links were 7; for the fully-connected
structure, there were 28 dispersal links; we set 5 different random structures with
10, 13, 17, 21, and 25 dispersal links. In terms of the value of internal dispersal rate
(m) ‘Range’ refers to (1072, 10722, ,10~48, 105, 1078, 10~7), and the equiva-
lent ‘Range’ of M refers to (10735, 1036, . 10-53, 10-%4). Each experiment
had 10 repeated simulations for every set of parameters, except for group 2 which
had 100 repeats. In groups 1-3, we assumed that only one lineage of the guild
under consideration occupies the network of patches, and after the first coloniza-
tion, there will be no further immigration, this corresponds to the limit of M tends to
0. T was constant at 100 throughout.
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Parameter

Explanation

Number of local patches in the network. We used 4 or 8.

The spatial network structure of dispersal between local patches
used to build the dispersal matrix P. We investigated ‘Line’ - a chain
of local patches with N-1 links, ‘Star’ - one patch at center
connects with all others, with N-1 links, ‘Fully-connected’ - every
patch connects to every other, with 0.5N(N-17) links and ‘Random’
with no fixed structure and number of links in the range between
N-7 and 0.5N(N-1).

Number of individuals in each local patch. We used 500 or 1000.
Internal dispersal rate within network of local patches. We used a
range between 10~7 and 10~2.

External dispersal rate from metacommunity. We used a range
between 10~7 and 10~ 2.

Gene flow effect. We used 0.1 or 5.

Minimum duration of protracted speciation in the absence of gene
flow. We used 100 generations.
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Taxonomic Functional

Total Turn Nest Total Turn Nest MPD MNTD
GDM Deviance 74977 80731 143637 68867 85707 143167 25588 74664
Null Deviance 237649 213424 163388 196464 193057 159253 28306 202198
Variance Explained (%) 68.45 62.17 12.09 64.95 55.61 10.10 9.60 62.97
Intercept 0.13 0.06 0.06 0.12 0.05 0.06 1.53 0.10
Geographic Only (%) 28.04 29.72 1.43 27.95 28.17 1.22 0.00 26.30
Environment Only (%) 61.33 55.87 12.00 56.68 49.08 10.05 9.60 55.98
Shared (%) 20.92 23.42 1.34 19.68 21.64 1.17 0.00 19.31
Variable Importance
Geographic 10.83 9.85 0.04 89.16 11.42 1.87 0.00 9.68
Climate 1 6.57 3.71 25.05 5.56 3.48 31.64 7.01 10.72
Climate 2 0.00 0.35 0.00 0.27 0.45 0.00 0.00 0.00
Climate 3 0.00 0.00 0.00 0.38 0.13 4.39 0.00 0.26
Arable 1.55 2.88 0.00 0.95 2.83 0.00 0.00 1.00
Forest 1.46 1.82 6.92 0.58 0.74 6.40 0.00 1.09
Grass 0.95 0.52 0.00 0.82 0.46 0.00 0.00 0.90
Shan 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Elevation 5.64 214 2.43 1.38 1.07 0.00 37.81 1.34
HIl 1.61 1.19 4.51 2.60 1.48 &il2 16.22 3.48

Also included are the results from models analyzing mean pairwise distance (MPD) and mean nearest taxon distance (MNTD) between sites. Variable importance scores
were calculated using a subset of the data through permutation of each one of the predictors in turn, while holding all other predictors constant. The variable importance
is then the mean difference in variation described by the model including the non-permuted variable and the permuted variable. Therefore, the higher the importance
score the more important that variable is to explaining variation in the community dissimilarity metric. For individual variable descriptions, see the main text.





OPS/images/fevo-09-531833/fevo-09-531833-i046.jpg
R(C(y0024: (1200241 | 7x00243y) —





OPS/images/fevo-09-531833/fevo-09-531833-i045.jpg
Ta0024;





OPS/images/fevo-09-607177/fevo-09-607177-g003.jpg
[11]

T T T T T
0cL OLL o00L 06 08

sdno.b [euonouny jo JaquinN

T
0L

T
08l

<

T T T T
091 OovL 02t 00l

sol0ads Jo JaquinN

08

20

10

20

10

Number of transects

Number of transects





OPS/images/fevo-09-531833/fevo-09-531833-i044.jpg
R(C(y024: | 1irx00241))





OPS/images/fevo-09-607177/fevo-09-607177-g002.jpg
>

Number of species

Number of species

15

10

20 30 40

10

_ “ "\{\{\§\?

| | | |
2 4 6 8 10

log,(Number of individuals)

log,(Number of individuals)

w0

Number of functional groups

O

Number of functional groups

10 12

2 4 6 8

15

10

p L N —

b {
L 1 o—
AN
- §\§
|

| | | |
2 4 6 8

10

log,(Number of individuals)

L

N I I
2 4 6 8 10

|
12

logo,(Number of individuals)






OPS/images/fevo-09-686403/fevo-09-686403-e040.jpg
T
1
Varla) = s %E[Au;.mf'k] , Agi=ai—a





OPS/images/fevo-09-531833/fevo-09-531833-i043.jpg
X0024;





OPS/images/fevo-09-607177/fevo-09-607177-g001.jpg
O Flores

Legenda
W TEBF
W TEGM
W TEPG

TESB
. TETB

Terceira
o0 d
{a R

AZORES

-

_Azores Europe
g -
Atiantic Madeira Isl.
Ocean °
Canary isis. | North
;'»/ Africa
S. Miguel

Lo

S. Maria

Q

100 125 150 km






OPS/images/fevo-09-686403/fevo-09-686403-e039.jpg





OPS/images/fevo-09-531833/fevo-09-531833-i042.jpg





OPS/images/fevo-09-607177/fevo-09-607177-e000.jpg
(8]





OPS/images/fevo-09-686403/fevo-09-686403-e038.jpg
Sz() = D Sg; (@)
k

(AS5)





OPS/images/fevo-09-531833/fevo-09-531833-i041.jpg
R





OPS/images/fevo-09-607177/cross.jpg
3,

i





OPS/images/fevo-09-686403/fevo-09-686403-e037.jpg
(A4)





OPS/images/fevo-09-531833/fevo-09-531833-i040.jpg
X0024;

=0





OPS/images/fevo-09-531833/fevo-09-531833-i161.jpg
~1
o > B





OPS/images/fevo-09-686403/fevo-09-686403-e036.jpg





OPS/images/fevo-09-531833/fevo-09-531833-i039.jpg





OPS/images/fevo-09-531833/fevo-09-531833-i160.jpg
Tx0024;

—a) <1





OPS/images/fevo-09-686403/fevo-09-686403-e035.jpg
Z(0) = D cxdx(w)
k





OPS/images/fevo-09-531833/fevo-09-531833-i038.jpg
Wa0024: -,





OPS/images/fevo-09-531833/fevo-09-531833-i159.jpg
Tx0024;

—aj) =1





OPS/images/fevo-09-686403/fevo-09-686403-e034.jpg
z(t) = D caa(t), zx(t) = xx(t) —
k

Ky +1nJ) (A1)





OPS/images/fevo-09-531833/fevo-09-531833-i037.jpg
R(C(y0024: (1200241 | 7x00243y) —





OPS/images/fevo-09-531833/fevo-09-531833-i158.jpg
R(C(y0024: (120024 | 7x00243)) —





OPS/images/fevo-09-686403/fevo-09-686403-e033.jpg
2 (= Ky)?
fu = /ﬂﬂ—lkexp[— XWZ ] 0)





OPS/images/fevo-09-531833/fevo-09-531833-i157.jpg





OPS/images/fevo-09-686403/fevo-09-686403-e032.jpg
_[2 (x—K)?
fv;(X)—,/REXP[— K ] (19)





OPS/images/fevo-09-686403/fevo-09-686403-e031.jpg
vs ~ N(kp, ko?) (18)





OPS/images/fevo-09-531833/fevo-09-531833-i076.jpg
Wy(t) = f:“ w(a, t)dt





OPS/images/fevo-09-531833/fevo-09-531833-i075.jpg
Wi(H) = f: w(a, t)dt





OPS/images/fevo-09-531833/fevo-09-531833-i074.jpg
W(t) = [3" wia, Hat





OPS/images/fevo-09-531833/fevo-09-531833-i073.jpg
X0024;

e,





OPS/images/fevo-09-531833/fevo-09-531833-i072.jpg
WA024: > max
icl






OPS/images/fevo-09-531833/fevo-09-531833-i071.jpg
=%
a <1 B





OPS/images/fevo-09-531833/fevo-09-531833-i070.jpg





OPS/images/fevo-09-531833/fevo-09-531833-i069.jpg
=%
a <1 B





OPS/images/fevo-09-531833/fevo-09-531833-i068.jpg
R





OPS/images/fevo-09-531833/fevo-09-531833-i078.jpg
Wo(t) = [y w(a, tyda





OPS/images/fevo-09-531833/fevo-09-531833-i077.jpg
Y()=n"






OPS/images/fevo-09-531833/fevo-09-531833-i066.jpg
R(C(y0024: (1200241 | 7x00243y) —





OPS/images/fevo-09-531833/fevo-09-531833-i065.jpg
Wa0024: -,





OPS/images/fevo-09-626730/fevo-09-626730-g003.jpg
5.0e+06 1.0e+07 1.5e+07 500 1000
Area Species richness

0.00

0.0e+00 3.0e+07 6.0e+07 9.0e+07 1.2e+ 40 80 120
Number of individuals Number of families

Model [ 1PN [l 2PN [l 3PLN [ Logser






OPS/images/fevo-09-531833/fevo-09-531833-i064.jpg
X0024;

>0





OPS/images/fevo-09-626730/fevo-09-626730-g002.jpg
Freq Model selected

1.00
0.75
0.50
0.25

Scale Level

1.00
0.75
0.50
025
0.00
2 1

16 8 4 3
Scale Level
Model [ 1PN [l 2PN [l 3PLN Logser MBBA

ECNASAP

1.00
0.75
0.50

Scale Level





OPS/images/fevo-09-531833/fevo-09-531833-i063.jpg
X0024;

=0





OPS/images/fevo-09-626730/fevo-09-626730-g001.jpg
Latitude

40

random
point

40

.70 -60
Longitude

50

40

-90

-80

.70 60

Longitude

50

<40

80

.70 60

Longitude

50





OPS/images/fevo-09-531833/fevo-09-531833-i062.jpg
X0024;





OPS/images/fevo-09-626730/cross.jpg
3,

i





OPS/images/fevo-09-531833/fevo-09-531833-i061.jpg





OPS/images/fevo-09-617356/fevo-09-617356-g004.jpg
Random speciation hotspots

Gradient speciation landscape

apoll uoeloads ouedo|n

apow uoleloads oujedwAis

==
|
15
8
—
|

¢0 00 n 80 90 0 ¢0 00
||||||| ._ 0000 f— m _v|| ||||.Too ® o
._ ooo |~ ¥ _.l |||||| ._ 000 o

ad'ses jo Aauaiayg

15 20

10

25

20

15

10

25

Dispersal probability (%)





OPS/images/fevo-09-531833/fevo-09-531833-i060.jpg
X0024;

=K





OPS/images/fevo-09-617356/fevo-09-617356-g003.jpg
Efficiency of ses.PD

00 02 04 06 08 >

(@)

08

06

04

0.2

0o

06 08

04

0.2

0.0

Allopatric mode of speciation

Sympatric mode of speciation

B
) i s T
- T : T AT o I L e e
== = | o | B2 e — = —
re— m ﬂ O I E \
. + . 3 | : S ST i
: ! : ¥ = . X
' ' ¥ omk 8
4w : | e : W
t o i o : 2
T T T T T T o T T T T T T
20 40 80 120 160 200 20 40 80 120 160 200
Initial local species richness D Initial local species richness

1 1 1 1 T : :
[fu] L ]
— = ¢ =
: r ] | S T T 1 I
1 1 ( ! | -+ 1 " | 1 1 :
I . ! . —l e o ! z I -4 : "
1 = -4 % - I
! % —= . i : . =+ L
| ° o —
1 A » '
S . : . " o b 4 " 2
T T T T T T = T T T T T T
100 200 600 800 1200 1600 100 200 600 800 1200 1600
Initial species pool size F Initial species pool size
- o
] = o a3 -T— -
B [
] — ! RS 3 B2 - : m‘ H : - &
] = |— % ! l
Ry T . —4 I : =y
! ] I < I . |
4 I [ i o i I : I ]
¢ —— _:_ : : : ¥ —L i : I
ey B | 1 o™ @ 4 1 !
I SR o . . ' |
. ° " ._IL_ % — i
s : L] Y . * L= * * i s *
T T T | T T = | T T T T T
0.05 0.1 0.2 0.4 0.6 0.8 0.05 0.1 0.2 0.4 06 0.8

Local population extinction probability (%)

Local population extinction probability (%)






OPS/images/fevo-09-531833/fevo-09-531833-i059.jpg
X0024;

=0





OPS/images/fevo-09-617356/fevo-09-617356-g002.jpg
Efficiency of ses.PD

O

00 02 04 06 08

02 04 06 08

0o

08

04 06

02

0o

Allopatric mode of speciation

Sympatric mode of speciation

B
w
o
o I
: ! e
o
}
L |
o | R - *
—ts | | % :
31 ¢ | g -
i e mi— —— —t == (=] P ey ?
T T T T T T o T T T T T T
20 40 80 120 160 200 20 40 80 120 160 200
Initial local species richness D Initial local species richness
w - ==
BT 5 @ S =E o4
] . 1 |
- i ' — ]
o
— —
] ] I
™ - : 2l 1 I
o | ] ; ] 1
$ £ : ' | - ide  _pa
———— L i i —— o - -t T
T T T T T T = T T T T T T
100 200 600 800 1200 1600 100 200 600 800 1200 1600
Initial species pool size F Initial species pool size
w
o
o =
o £ T
| T T
= ! : -
™ I ! ] !
o I | 1 ! ]
I I St = =i I
* < . 2 —bd ! —1
e e s e mee = | © .
|

I | | | |
0.05 0.1 0.2 0.4 0.6 0.8

Local population extinction probability (%)

| | | | | |
0.05 0.1 0.2 0.4 06 0.8

Local population extinction probability (%)






OPS/images/fevo-09-531833/fevo-09-531833-i058.jpg
RGPy <1

inf





OPS/images/fevo-09-617356/fevo-09-617356-g001.jpg
standardized effect size of pd >

(¢]

standardized effect size of mpd

3 02 A1

5 4

1

standardized effect size of mntd ®
-2

3

I
0

10 20 30 40 50 60 0 10 20 30 40 50 60

number of new species per cell number of new species per cell

I
0

T T T T T T
10 20 30 40 50 60

number of new species per cell





OPS/images/fevo-09-531833/fevo-09-531833-i057.jpg





OPS/images/fevo-09-617356/cross.jpg
3,

i





OPS/images/fevo-09-531833/fevo-09-531833-i067.jpg





