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1 | INTRODUCTION

It is a truth widely acknowledged in ecology that larger areas sup-
port more species (Arrhenius, 1921; Dengler, 2009). The species-
area relationship applies to many groups of organisms, both in
isolated continental habitats (e.g. mountaintops, lakes and vegeta-
tion fragments) and in oceanic and fluvial islands (e.g. Fahrig, 2003;
Lomolino & Weiser, 2001). In island systems, declines in species
richness with increasing geographic isolation are also seen, gener-
ally attributed to the limited dispersal capacity of organisms. While
this isolation effect is well established for oceanic islands, its appli-
cability to continental island-like habitats is often weaker and more
often disputed (e.g. Fahrig, 2013). This discrepancy may result from
the greater permeability of the surrounding matrix, which facilitates
rescue effects from the regional species pool via dispersal processes
(Bender & Fahrig, 2005; Ricketts, 2001). Moreover, because isola-
tion is often negatively correlated with the total amount of habitat in
the landscape, the observed pattern may reflect a total-patch-area
effect (‘Habitat Amount’) rather than isolation itself (Fahrig, 2003,
2013). As shown below, our study system offers a particularly suit-
able opportunity to explore contrasting predictions from the Habitat
Amount Hypothesis, island biogeography and metacommunity the-
ory in a tropical continental setting.

Island Biogeography Theory (IBT) provides a general framework
for explaining species diversity patterns based primarily on the ef-
fects of area on extinction rates and of isolation on colonisation
rates (MacArthur & Wilson, 1967). According to its predictions,
colonisation rates decline with increasing isolation, while extinction
rates rise as the habitat area decreases. Theoretically, these dynam-
ics jointly regulate population sizes, determining equilibrium species
richness through a balance of colonisation and extinction over time.
Moreover, IBT also acknowledges that area can influence colonisa-
tion through the target effect, and that isolation can affect extinc-
tion via the rescue effect (MacArthur & Wilson, 1969).

Island biogeography has contributed to the development of new
disciplines in spatial ecology (e.g. landscape ecology, macroecology
and metacommunity ecology; see Presley & Willig, 2022). Despite
its unquestionable success as a general ecological model and its sig-
nificant influence on metacommunity and landscape ecology since
its publication approximately 60years ago (see Warren et al., 2015),
IBT has also been widely criticised. One reason is that it does not

average, a 10% increase in island size corresponds to increases of seven tree spe-
cies and 7.8 herb species. Termite diversity responds weakly to area and isolation,
suggesting stronger roles for dispersal constraints, nest-site availability and spe-

cies interactions. Landscape structure influences plant but not termite diversity.

alpha beta and gamma diversity, earth-mound community assembly, Habitat Amount
Hypothesis, hyperseasonal savanna, Island Biogeography Theory, landscape-metacommunity
interactions, species-area relationships

consider habitat diversity and how this may modify how species are
packed into a given area (Connor & McCoy, 1979). In addition, be-
cause it does not explicitly consider the effects of biotic interactions
and the differences between species in relation to habitat choice
and dispersive potential, IBT is taken as a purely stochastic theory,
and forms a basis for other neutral theories (e.g. Hubbell, 2001).
The assumption of ‘functional equivalence between species’ mini-
mises the effects of biotic components (e.g. facilitation and com-
petition) and environmental heterogeneity in the IBT and Neutral
theory (see Hubbell, 2001) in favour of spatial processes controlling
organism dispersion and support capacity in islands (MacArthur &
Wilson, 1969).

Alternative hypotheses based on niche theory (Hutchinson, 1957)
suggest that larger areas hold more species due to the indirect ef-
fect of area on habitat heterogeneity (Connor & McCoy, 1979;
Fahrig, 2003, 2013; Hortal et al., 2009). Integrated frameworks that
combine IBT and niche theory have recently begun to incorporate
the role of environmental heterogeneity and biotic interactions
(Allouche et al., 2012; Hortal et al., 2009; Kadmon & Allouche, 2007).
While area, isolation and habitat heterogeneity are likely to jointly
shape local community diversity, these studies revealed that the
effect of environmental heterogeneity on species richness may be
unimodal rather than a simple positive effect as previously thought
(Allouche et al., 2012). This integrated approach further posits that
average population abundance decreases—and thus stochastic ex-
tinction increases—as heterogeneity exceeds a threshold, because
the effective habitat available for individual species declines, intensi-
fying competition (Allouche et al., 2012; Kadmon & Allouche, 2007).

Modern metacommunity theory provides additional perspec-
tives that emphasise different mechanisms—patch dynamics, mass
effects, species sorting and neutral dynamics—to explain regional
patterns of diversity and their effects on local diversity (Leibold
et al., 2004). These models form a logical basis for linking processes
across spatial scales within metacommunities, defined as ‘a set of
local communities linked by the dispersal of multiple potentially in-
teracting species’ (Leibold et al., 2004).

Natural continental island-like ecosystems provide valuable op-
portunities to test IBT and neutral predictions as stochastic models
against niche-based expectations that incorporate environmental
heterogeneity and biotic interactions. Within the tropics, savannas
cover more land surface than any other biome and include some
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of the most productive and diverse systems on Earth. In South
America, for example, the extensive Brazilian Cerrado is recognised
as a global biodiversity hotspot (Mittermeier et al., 2005), harbour-
ing at least 12,103 seed plant species (BFG, 2015) and a wide variety
of habitats. In the Cerrado, the ecological tension between grass-
dominated habitats and areas locally dominated by trees depends
on environmental features (Ribeiro & Walter, 2008). These tensions
are only loosely controlled by climate, with local factors such as fire,
flooding, nutrients and herbivory playing stronger roles. These gen-
erate remarkable habitat heterogeneity in some savanna regions,
including island-like formations (Ratter et al., 2003).

An intriguing case of such island-matrix savanna formations oc-
curs within seasonal floodplains in the Cerrado, known as campos de
murundus (literally ‘fields of earth mounds’; Figure 1 and Figure S1).
These continental island habitats are dominated by trees and shrubs,
and are formed through the combined action of multiple termite spe-
cies that construct nests that are remodelled by abiotic processes,
such as weathering, erosion and flooding, within a matrix of grasses
and sedges (Furley, 1986; Marimon et al., 2015; Mathews, 1977,
Oliveira-Filho, 1992a, 1992b; Ponce & Cunha, 1993). These three
taxonomic groups—woody plants, herbaceous plants and termites—
differ markedly in terms of their ecological traits relevant to biogeo-
graphical processes across spatial scales. Trees are long-lived and
vary in dispersal limitations (e.g. autochoric, anemochoric and zoo-
choric), making them more sensitive to area and habitat heteroge-
neity than to isolation, as predicted by the IBT. Herbaceous plants,
which typically produce abundant propagules dispersed by wind and
water, may respond more strongly to microhabitat heterogeneity
due to low dispersal limitations, aligning more closely with niche-
based expectations. Termites, such as colonial social insects, may
depend on specific nesting conditions and exhibit colony-driven spa-
tial patterns, suggesting that local competition avoidance while new

nests are established may outweigh simple area or isolation effects.

FIGURE 1 Campo de murundus (earth-mound field) sampled at
the Araguaia State Park (ASP), Mato Grosso, Brazil. Each murundu
island typically contains one or more termite nests located at its
central, elevated portion. The surrounding flat area covered by
grasses and herbs becomes seasonally flooded during the rainy
period. Photograph: B. H. Marimon-Junior. The matrix is dominated
by natural grasses.
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Murundus islands arise from the initial establishment of termite
colonies followed by multiple biotic and abiotic processes operating
across scales, where some termite species act as ecosystem engi-
neers, facilitating the colonisation of Cerrado plant species that are
intolerant to water stress (Mathews, 1977). Consequently, gradients
of island area, isolation and habitat heterogeneity shape the murundus
landscape (Figure 1). The total habitat amount at the landscape scale
also depends on interactions among biotic facilitation (through nest
building), nest destruction by mammals and slow-changing abiotic fac-
tors. The campos de murundus occurs where the water table reaches
the surface during the wet season (November-April), with murundus
acting as islands that shelter termite nests and Cerrado species mostly
intolerant to flooding (Marimon et al., 2015; Oliveira-Filho, 1992a,
1992b). Their distribution tends to be regular (Figures S1 and S2), a
pattern indicative of competition avoidance among termite colonies
(Mathews, 1977). Seasonal flood dynamics that isolate habitats during
the rainy season and reconnect them during the dry season impose
a pronounced seasonal rhythm on the ecosystem, which is consis-
tent with the concept of hyperseasonal savanna (Batalha et al., 2005;
Sarmiento, 1984). These dynamic savannas restrict both organisms
who are intolerant of water-saturated soils and those unable to store
water during extremely dry periods (Oliveira-Filho, 1992a, 1992b). The
flooding period imposes constraints on survivors of termite species,
which can become locally extinct if the nest did not grow sufficiently
to escape the water level, which is climatically controlled.

Multiple abiotic and biotic processes contribute to the forma-
tion of murundus fields, and their relative importance varies ac-
cording to topography and landscape water stress (Furley, 1986;
Marimon et al., 2015; Mathews, 1977; Oliveira-Filho, 1992a; Ponce
& Cunha, 1993; Silva et al., 2010). In flat, seasonally flooded areas,
biotic factors initiate murundus formation through termite colonisa-
tion during the dry season (Marimon et al., 2015; Mathews, 1977;
Oliveira-Filho, 1992a). Termite species richness changes with murun-
dus maturation as environmental conditions evolve with mound
growth (see Davies et al., 2016). This activity facilitates colonisation
by many woody and herbaceous species otherwise susceptible to
flooding, underscoring the importance of these indirect termite-
plant interactions in shaping these systems (Marimon et al., 2012,
2015; Mathews, 1977; Oliveira-Filho, 1992a, 1992b).

The effect of murundus area on tree species richness has been
documented in seasonally flooded savannas in Central Brazil
(Oliveira-Filho, 1992a, 1992b) and Africa (Davies et al., 2016).
However, two key components of island habitats—environmen-
tal diversity and isolation—were not explicitly considered in these
studies. As multiple abiotic and biotic factors interact during murun-
dus development (Mathews, 1977; Oliveira-Filho, 1992a; Ponce &
Cunha, 1993), it is crucial to evaluate how dispersal mechanisms
and physical features (e.g. habitat amount, island size, volume and
height) interact with their key biological agents—termites and plants.

Most studies on species-area relationships have focused on
patterns arising from colonisation and the development of quasi-
independent biotas on oceanic islands or isolated continental
fragments (e.g. lakes, ponds, mountaintops and reservoir islands).
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Here, we examine three taxonomic groups—trees, herbaceous
plants and termites—because of their ecological relevance in
murundus fields and their contrasting biological traits, which make
them, especially suitable for assessing the roles of area, isolation
and habitat heterogeneity. These groups were also selected be-
cause their populations and communities are structured at spatial
scales that match the extent of our study landscape, allowing them
to respond detectably to the predictors evaluated, unlike highly
mobile organisms, such as mammals whose dynamics operate at
broader spatial scales. Trees and herbaceous plants are sessile
primary producers whose establishment and persistence depend
on local environmental conditions, total habitat amount and spa-
tial constraints on seed recruitment. Importantly, our landscape
encompasses all the sampled habitat patches, enabling rigorous
tests of Habitat Amount Hypotheses. In contrast, termites are
recognised ecosystem engineers that construct nests and shape
murundus formation in synergy with abiotic and biological pro-
cesses (e.g. mammalian predation on termites). Their colony-based
lifestyle makes them particularly relevant for understanding how
biotic and abiotic interactions influence community assembly. For
termites, the amount of habitat may be partially related to patch
size but may be more strongly related to local nest characteristics.
Given these functional differences, we expect the processes em-
phasised by IBT, metacommunity theory and the Habitat Amount
Hypothesis to influence each group differently. These mecha-
nisms are not mutually exclusive and may act jointly to shape spe-
cies richness patterns.

Our a priori hypotheses for the inference of the importance of
each theory are as follows. First, tree species are influenced pos-
itively by area because small islands suffer stochastic extinction
more often (1), because larger targets increase the chance of seed
arrival and recruitment, and sampling effects (the larger the area, the
greater the sample size). Habitat heterogeneity has a secondary ef-
fect mediated by area, reflecting species-sorting mechanisms related
to niche theory under competition for limited resources. Second,
herbaceous species, which produce numerous wind-dispersed
propagules and occupy diverse microhabitats, respond positively to
murundus area rather than isolation (2), consistent with mass effects
where seed input from larger or more productive islands and the
regional landscape enhances local diversity, Third, termite assem-
blages, which are composed of sessile, colony-forming social insects
with limited dispersal, primarily reflect spatial dynamics and com-
petitive avoidance rather than murundus area or isolation, and are
driven instead by local habitat availability (3). The number of nests
is expected to determine termite richness, whereas murundus height
may influence population persistence, as lower mounds are more
prone to flood-driven extinction. Finally (4), we expect murundu
landscapes to produce emergent metacommunity patterns, with
vegetation (trees and herbs) depending more on the total habitat
amount, whereas termites depend more on local conditions and
the murundus distribution pattern in the landscape. These distinct
mechanisms, if confirmed by our theory-based analytical approach
of observations across the murundus landscape, would illuminate

the processes governing species diversity and coexistence in hyper-
seasonal savannas, as well as clarifying the relative effects of the
Habitat Amount Hypothesis, landscape structure, fragmentation
and metacommunity drivers for each of these distinctive organism
groups.

2 | MATERIALS AND METHODS
2.1 | Studyarea

We conducted this study in the Araguaia State Park (ASP), in
north-eastern Mato Grosso state, central Brazil, between 11°43’S,
50°43'W and 12°38'S, 50°49’ W (Figure 2). The ASP covers approx-
imately 223,000 ha and forms part of the largest continuous wetland
in Brazil, which spans approximately 90,000km? (Martini, 2006).
Over 80% of the ASP consists of murundu fields; however, it also
contains other savanna and forest formations (Marimon et al., 2008,
2015; Marimon & Lima, 2001). The regional climate is classified as
a savanna subtype (Képpen's Aw), characterised by a rainy summer
(November-April) and a dry winter (May-October). The mean annual
precipitation is approximately 1600 mm, and the mean temperature
is approximately 25°C (Marimon & Lima, 2001). Further details of
the study area are provided by Marimon et al. (2008, 2012, 2015).
Permissions to access the research area and conduct the research
at ASP (PEA), as well as to use the PEA administrative headquarters
for accommodation and research support, were granted by the Mato

Grosso State Secretariat for the Environment (SEMA).

2.2 | Experimental design and biotic groups
sampling

We established 11 discontinuous 100x 100m plots (1 ha each; total
area of 110,000m?), within which we sampled and mapped 373
murundus. The number of murundus per hectare plot ranged from
15 to 51. Within each murundu, we recorded and identified all the
plants (trees, shrubs, sub-shrubs, palms, lianas and herbs), excluding
grasses (Poaceae) and sedges (Cyperaceae) (Marimon et al., 2012,
2015). Comprehensive lists of plant species, as well as details of the
botanical collection and identification procedures, are available in
Marimon et al. (2012, 2015).

Termites were sampled from each murundu as follows: nests—
from each nest, we collected at least five fragments from three
different positions and heights, transferred them to white sorting
trays and collected all the termites present for 10 min; soil—four soil
samples were taken, and the termites were collected via the same
procedure. All termite collections were preserved in 70% ethanol
in labelled vials and transported to the Termite Laboratory of the
University of Brasilia (Federal District, Brazil) for identification.

The plants were classified into two groups: (i) trees, shrubs, palms
and lianas with diameter measured at 30 cm from the ground (D,..,)
23cm (hereafter ‘trees’); and (i) sub-shrubs and herbs with D,
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<3cm (hereafter ‘herbs’). We then constructed five data matrices: (i)
trees, (ii) herbs, (iii) termites, (iv) spatial coordinates (x and y) of each
murundu and (v) environmental predictors. The tree and termite ma-
trices contained species abundance data, whereas the herb matrix
contained presence-absence data. From these three biotic matrices,
we calculated the estimated species richness and distribution across
all 373 murundus samples.

As predictors of variation in species richness, we used (i) murun-
dus area, (ii) isolation among murundus and (iii) environmental het-
erogeneity. The murundu area (m?) was estimated by modelling
each mound as a semi-ellipse, following the equation proposed by
Oliveira-Filho (1992a). Isolation was quantified as the distance from
the centre of each murundu to its nearest neighbour and to the larg-
est nearby murundu. We measured the height of each murundu (at its
centre) relative to the adjacent grass-dominated flatland and used
this height, together with mound volume (m3), as a measure of hab-
itat heterogeneity for trees and herbs. For termites, habitat hetero-
geneity was estimated from the number of nests on each murundu
combined with its height, as both factors influence species settle-
ment (Mathews, 1977; see below).

2.3 | Dataanalysis

All the statistical analyses were performed in R, version 4.5.0 (R Core
Team, 2025). Our primary objective was to model the species rich-
ness of three taxonomic groups (trees, herbs and termites) as a func-
tion of local environmental predictors (e.g. murundu area and habitat
heterogeneity) and spatial configuration, represented by spatial fil-
ters derived from murundus centroid coordinates. At the landscape
scale, we tested the Habitat Amount Hypothesis by examining the
effects of the total murundus area, the number of murundus (used as
a proxy for metacommunity size), and the mean inter-murundu dis-
tance within plots on the total abundance and observed species rich-

ness summed at the plot level for each taxonomic group.

2.3.1 | Habitat heterogeneity and availability

To evaluate habitat heterogeneity, we used the median distance to
the centroid obtained from a multivariate homogeneity of group
dispersion analysis (PERMDISP; Anderson et al., 2006), which was
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applied in two distinct ways to reflect biological differences be-
tween plants and termites. For plants (herbs and trees), habitat het-
erogeneity was estimated via the murundu island volume (m%) and
height (m) relative to the surrounding grassland matrix up to the top
of the murundu—excluding the termite nest itself. For termites, it
was based on the number of termite nests per murundu island and
the murundu height (m). We used Euclidean distances among stand-
ardised variables for all pairs of murundus within the 11 sampled
1-ha plots. Additionally, we compared the environmental hetero-
geneity among the plots via Permutational Multivariate Analysis of
Variance (PERMANOVA) with the adonis function (Anderson, 2001)
and performed PERMDISP with the betadisper function from the
vegan package (Oksanen et al., 2018), employing 9999 unrestricted
Monte Carlo permutations. Habitat heterogeneity and availability
for plants (hereafter, heter.veg) and termites (hereafter, heter.ter-
mites) were represented by the distance to centroid values obtained
for each of the 11 1-ha plots. Statistics summarising the distribution
of the observed values for the original predictors (e.g. area, distance,
volume and height), as well as for the derived measures of habitat
heterogeneity and availability, were calculated and plotted via the
‘ggpairs’ function from the ‘GGally’ package (Schloerke et al., 2025),

to examine their correlations.

2.3.2 | Diversity estimates

We plotted interpolation and extrapolation curves based on the Hill
series (order g=0), with no weighting for species abundance. We
focused on species richness estimates because they are directly
related to the IBT and Habitat Amount Hypothesis, although we
acknowledge that higher-order diversity measures (Shannon and
Simpson effective diversity) can provide additional insights and are
less affected by incomplete sampling coverage (Chao et al., 2014).
Nevertheless, we restricted our analyses to species richness to en-
sure interpretability within the framework of these classic theories
and for brevity. We also used sample coverage to assess differences
in sampling completeness among the studied communities (Chao
et al.,, 2014; Chao & Jost, 2012; Colwell et al., 2012). Asymptotic
Chao species richness estimates were used as the main response
variable for each taxonomic group, since observed species rich-
ness is often underestimated (Chao et al., 2014; Chao & Jost, 2012;
Colwell et al., 2012). Rarefaction and extrapolation curves, asymp-
totic species richness estimates and sampling coverage calculations
were implemented via functions from the iNEXT' package (Hsieh
et al., 2018).

2.3.3 | Generalised linear mixed models

We evaluated the effects of area, distance to the nearest large neigh-
bour and environmental heterogeneity on murundus species richness
for the three biotic groups using generalised linear mixed models
(GLMMs) with a negative binomial distribution, which is appropriate

for over-dispersed ecological count data, implemented with the
glmer.nb() function from the ‘Ime4’ package (Bates et al., 2015).
The 11 murundus fields were included as random effects. We log,,-
transformed area and distance metrics to minimise potential biases
arising from differences in measurement scales among predictors
and centred all fixed predictors to control for multicollinearity.
However, diagnostic tests of model assumptions conducted with the
performance package (Ltdecke et al., 2021) revealed significant re-
sidual spatial autocorrelation (p=0.001), poor posterior predictive
checks (PPCs) and evidence of mis-specified dispersion and zero in-
flation across the taxonomic groups (see the Bayesian Regression
Model Checking section in the Supporting Information). We there-
fore used nested Moran's Eigenvector Maps (MEMs) to account for
residual spatial autocorrelation and to capture the spatial structure
of murundus distributions across the landscape in relation to species

richness (detailed below).

2.3.4 | Spatial structure modelling: Nested Moran's
Eigenvector Maps

To account for spatial autocorrelation across multiple spatial scales,
we employed MEMs. Given that our sampling design was hierarchi-
cal, with murundus nested within 11 1-ha plots, we generated MEMs
that respected this nested structure. First, we calculated a matrix of
Euclidean distances from the spatial coordinates of each murundu.
Next, we defined a connectivity matrix by truncating the distance
matrix at a threshold corresponding to the minimum distance re-
quired to ensure that all murundus remained connected within a sin-
gle spatial network. This threshold was determined via the ‘dbmem’
function from the ‘adespatial’ package (Dray et al., 2023). The prin-
cipal coordinates of this truncated distance matrix were then com-
puted, producing a complete set of MEM variables that capture
orthogonal spatial patterns ranging from broad-scale gradients to
fine-scale spatial patches (Dray et al., 2006).

2.3.5 | MEM selection and model simplification

After computing the MEMs, we employed a two-step selection pro-
cedure to identify the most relevant subset of MEMs for inclusion
in the final models, thereby avoiding overfitting. First, the residuals
from the baseline negative binomial GLMM—fitted with the key en-
vironmental predictors (log(Area), log(Dist), Heter.veg, log(Dist_Big))
as fixed effects and Plots as a random intercept term to account for
the nested sampling design—were used for initial MEM selection.
Second, we applied a forward selection procedure implemented in
the forward.sel function of the ‘adespatial’ package via a double-
stopping criterion (Bauman, Drouet, et al., 2018; Bauman, Fortin,
et al., 2018; Blanchet et al., 2008). This step sequentially retained
only the significant spatial eigenvectors, optimising the compu-
tationally intensive selection process while preventing overfit-
ting and maintaining statistical power to detect the environmental
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contribution to the variation in species richness. Further details are
provided in the documentation of mem.select within the ‘adespatial’
package and in the cited references.

This procedure iteratively incorporated MEMs into the baseline
model, retaining only those that significantly accounted for the re-
sidual spatial structure while most accurately capturing the spatial
patterns of species richness (Bauman, Fortin, et al., 2018). Following
this pre-selection step, we undertook a model simplification process
using the dredge function from the ‘MuMIn’ package (Barton, 2018).
This all-subset model selection was applied to a global model con-
taining pre-selected MEMs and the fixed environmental predictors.
The environmental predictors were specified as fixed terms to be
retained in all the candidate models, thereby ensuring that the se-
lection process focused solely on optimising the set of spatial pre-
dictors. The best-fitting model was identified as the one with the
lowest Akaike Information Criterion corrected for small sample
sizes (AICc) (Akaike, 1974; Burnham & Anderson, 2002; Diniz-Filho
et al., 2008). The explanatory power of our GLMMs was assessed
via both marginal and conditional coefficients of determination (R2m
and RZC, respectively; Nakagawa & Schielzeth, 2013). The R2m rep-
resents the variance explained solely by the fixed effects (i.e. the
environmental and spatial predictors), whereas the R2C represents
the variance explained by both the fixed and random effects com-
bined (i.e. the variation among plots; Nakagawa & Schielzeth, 2013).
A large difference between ch and Rzm indicates that a substantial
portion of the variation in species richness is attributable to base-
line differences among the murundus fields (plots), highlighting the
importance of accounting for this hierarchical structure. The R2m, in
turn, quantifies the explanatory power and generality of the ecolog-
ical predictors after controlling for this inter-plot variability. We cal-
culated the R? values for random and fixed effects via the ‘MuMIn’
package (Barton, 2018).

Despite better control over residual spatial autocorrelation
(p=0.002), variance homogeneity, residual normality and random
effects, diagnostic checks of the models, including both environ-
mental and spatial predictors remained problematic. These issues
included residual autocorrelation, poor fit in PPCs, mis-specified dis-

persion and zero inflation, as well as convergence failures.

2.3.6 | Bayesian generalised linear
mixed-effects models

For the final analysis and parameter estimation, we re-implemented
the best-fitting GLMMs within a Bayesian framework via the ‘brms’
package (Biirkner, 2017, 2018, 2021), which provides an interface
to the probabilistic programming language Stan (Stan Development
Team, 2023). This approach offers several advantages, including
robust accommodation of complex model structures and intui-
tive quantification of uncertainty through posterior distributions.
Although traditional hypothesis testing remains valuable in con-
trolled experiments with few parameters, there is some con-

cern about the frequentist use of probability tests and increasing

BRITISH ¢ 7of21
E moen. Journal of Ecology | 7ot

recommendations for Bayesian inference (e.g. Biirkner, 2021). In ad-
dition, the complexity of our system has proven challenging to cap-
ture via frequentist approaches, such as ‘Imer’, ‘gamm’ and ‘gimmTMB’
(Brooks et al., 2017; McGillycuddy et al., 2025). The use of ‘BRMs’
provided greater flexibility in specifying mixture distributions to ad-
dress zero inflation (present in herbs and termites), while enabling
the estimation of effect sizes and their precision without conver-
gence issues. To accommodate group-specific characteristics, we
employed a negative binomial distribution for estimated tree species
richness (Richness ~ negbinomial), whereas herbs and termites were
modelled using a hurdle negative binomial distribution (Richness ~
hurdle_negbinomial). Hurdle negative binomial gives the probability
of each individual murundu island having absence (zero) or presence
of species (hu), while the negative binomial models the expected
number of species among murundus with presence of species only,
which was adjusted for heterogeneity variance among small islands
(via shape term). The BRM models were well supported by gam mod-
els fitted with ‘mgcv’ package with random effects with the same
error distribution. BRM model assumptions were checked using
appropriate Bayesian statistics and graphics from the ‘brms’ and
‘bayesplot’ packages and described in the Supporting Information
(Tables S2-54; Figures S7-512).

2.3.7 | Landscapes-metacommunity drivers of
a-diversity

The spatial patterns in hyperseasonal island-habitat landscapes are
derived from biological processes that emerge from interactive en-
gineering among termites, vegetation, mammals and physical fac-
tors during the successional development of murundus fields. It is
expected that this pattern did not arise at random but conforms to
regularity in the spatial distribution of murundu islands, as suggested
by previous evidence (e.g. Marimon et al., 2015; Mathews, 1977)
and by observations in the field and from satellite images (see the
Supporting Information). We visually inspect this pattern via the
classical Ripley's K statistic (Ripley, 1977) and test the hypothesis of
complete spatial randomness (CSR) in island point patterns formally
via a modification of the original Ripley's K, the maximum absolute
deviation (MAD), and derivations proposed to improve this seminal
work (Cressie, 1991; Diggle, 1986; Loosmore & Ford, 2006). These
authors and recent studies claim that MAD may be conservative if it
is to be estimated from observed data with the original formulation
of Ripley's K (Brunsdon & Comber, 2019; see Baddeley et al., 2015).
Accordingly, we take the set of spatial coordinates of all individual
islands within each murundu landscape (11 1-ha plots) and apply the
Diggle-Cressie-Loosmore-Ford (DCLF) test of CSR, with the linear
statistic for dclf.test function of the ‘spatstat’ package to identify di-
rectional trends towards the hypothesis of regularity (setting alter-

native='less’; Baddeley et al., 2015). The linear function formula is

K
L=y % )

defined as follow:
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where K(r) is Ripley's K at a circle of radius r (Besag, 1977; Brunsdon &
Comber, 2019).

The MAD and DCLF tests of CSR with Lest statistics yield sim-
ilar results, and only the latter is used to represent a landscape
structure variable of spatial regularity at the plot scale (Figure S3;
Table S1).

We calculated the habitat amount as the sum of all murundu is-
land areas at the plot scale. For landscape structure, we calculated
the average murundu area, average distance among all islands, aver-
age distance among large islands and proximity index (island area/
average island distance within plots). Habitat fragmentation was de-
fined by the number of islands and island density within the plots.
Finally, we inserted metacommunity scale parameters (total abun-
dance, beta diversity and gamma diversity) as predictor links for
Bayesian Structural Equation Models (BSEMs).

The rationale for including emerging patterns in landscape-
metacommunity theory emphasises the interaction of multiple-scale
processes that may influence local diversity (a-diversity). In neutral
metacommunity dynamics, the fundamental biodiversity parameter
(6) depends on the total abundance of species in the metacommunity
(J) and the speciation rate (v) (Hubbell, 2001). The parameter J is es-
timated directly from the sum of the island abundances of all species
on each murundu island as follows:

S
J= (2)

where n;, lis the abundance of species i in the local I, and S is the num-
ber of species in the local I.
Analogously, the size of a metacommunity (J, ) is as follows:

L
In= Dy (3)

where L is the number of sites.
In a neutral model, the expected a-diversity is a function of 6
and J:

J 1
E[S] = 9 Zk:l 9+k——1’ (4)

where 6=2J _v/(1-1) (Hubbell, 2001).

An increase in J and @ increases the chance of higher a-diversity.
Given that we do not have an effective measure of the speciation
rate for any taxon to accurately estimate 8, we used the parameter
J log-transformed (logJ) and plot scale Chao species richness esti-
mates (as a proxy for y-diversity) to infer metacommunity fundamen-
tal biodiversity effects on local diversity patterns.

We defined a-diversity as the local Chao species richness esti-
mated (S[Chao]) at the island scale and then averaged it within plots.
The effect of y-diversity on a-diversity is somehow dependent on
the magnitude of environmental control on g-diversity, owing to
turnover if there are positive niche effects on the spatial distribu-
tion of species, consequently increasing y-diversity, or to nestedness

if the effect of area solely relates to the sampling effect or target

effect with smaller islands as subsets of the diversity of the largest
islands. Beta diversity was calculated via the multiplicative formula-
tion of Whittaker (1960):

(5)

=
Il
ST

For these aggregated data at 11 1-ha plots, we fit the BSEMs with
Gaussian distributions and linked logarithms to assess the individual,
direct and indirect effects of the models on alpha diversity: (1) habitat
amount, (2) landscape structure, (3) fragmentation and (4) metacom-
munity (scaled gamma diversity, beta diversity and the logJ) parameter).
The indirect effects of habitat amount, landscape structure and habitat
fragmentation on metacommunity parameters were tested for Models
1-3. For Model 4, only metacommunity parameters were considered,
and indirect effects of logJ on y-diversity and y-diversity on g-diversity

were also considered.

3 | RESULTS
3.1 | Physical properties of the murundus fields

We encountered a total of 373 murundus in the 11 1-ha plots, with
individual areas varying from 0.12 to 121.6m?, and total plot-
level murundu area ranging from 811 to 1432m? (Figure $2). The
nearest-neighbour distances ranged from 3.9 to 36 m among all
murundus and from 4.6 to 3é m among the large murundus. The
spatial distribution of murundus was clearly non-random within
most plots (Table S1), with the observed values of Ripley's K-
function consistently smaller than those expected under the CRS
distribution (Figure S3).

We detected active termite nests in 99.6% of the murundus, but
the number of nests varied greatly (0-13/murundu), and this num-
ber was weakly correlated with the murundu area (Figure S4), which
we used as an independent predictor of habitat heterogeneity/avail-
ability for termites. The correlations between the predictors and is-
land area were generally moderate to low (rho <0.60), except for the
strong, non-linear positive associations between the murundu area,
volume and height (rho=0.68-0.94; Figure S4), resulting in increas-
ing environmental heterogeneity as murundus became larger when
the plant-related variables were considered (rho=0.71). The environ-
mental heterogeneity varied widely among murundus of different sizes
(Figure S4). Most murundus were small (ca. 2.5 m?), had intermediate
nearest-neighbour distances (ca. 13 m), contained a single termite nest,
had moderate height (0.9 m) and exhibited low habitat heterogeneity
(Euclidean distance to the Betadisper centroid, ca. 1.1 to 12.1, for
termites and vegetation, respectively). In addition, environmental het-
erogeneity differed significantly among plots and in terms of disper-
sion to the centroid for vegetation (adonis R=0.180, F(1o, 362):7.959,
p=0.001; betadisper Fiio, 362=2-261, p=0.014, respectively) and for
termites (adonis R=0.355, F(1o, 362)=19.971, p=0.001; betadisper
F(1o, 362)=9.97O, p <0.001, respectively; Figure S5A,B).
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FIGURE 3 Species diversity analyses across 11 1-ha plots of murundu fields sampled in Araguaia State Park, Mato Grosso, Brazil, showing
individual-based rarefaction and extrapolation curves for order =0 (a-c), sample-coverage curves as a function of the number of individuals
sampled (d-f), and species diversity plotted against sample coverage (g-i) for trees (a, d, g), herbs (b, e, h) and termites (c, f, i). Each colour

denotes one 1-ha plot.

3.2 | Metacommunity patterns

In total, we sampled 250 species distributed among trees (98 species),
herbs (80) and termites (72). Total species richness varied from one to
21 per individual murundu, and from 17 to 56 across the 11 1-ha plots
(Figure 3a; Table 1). At the individual murundus level, tree species rich-
ness ranged from zero to 18, herb richness ranged from nine to 51,
and termite richness ranged from zero to 13 species (Figure 3a-c;
Table 1). Trees were recorded in 99% of all murundus, herbs in 96%
and termites in 86%. Regarding sampling effort, both trees and herbs
presented high sample completeness across all murundus fields, with
coverage values ranging from 95.9% to 98.9% for trees and from
94.6% to 100% for herbs (Table 1). In contrast, termite sampling cov-
erage was more heterogeneous among plots, ranging from 59.8% to

96.5%, reflecting greater uncertainty in richness estimates for campo
de murundus CM2, CMé6 and CM9 (Table 1; Figure 3). For all the taxo-
nomic groups, the shape of the density distribution followed a known
left-skewed pattern of abundance and species counts, whereas the
magnitude of the rare species concentration varied among them
(Figure Sé).

3.3 | Drivers of local species richness
3.31 | Trees

At the local community scale, the set of predictors tested
(area, isolation and environmental heterogeneity), along with
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TABLE 1 Sample coverage (%), species

Trees Herbs Termites richness and abundance of trees, herbs

Plots Cov Ric Abu Cov Ric Cov Ric Abu and termites in 11 1-ha plots of campo de
murundus (CM) sampled in Araguaia State

CM1 98.2 43 554 97.5 20 92.5 14 65 Park, Mato Grosso, Brazil.

CM2 98.6 28 217 97.9 14 59.8 15 27

CM3 97.7 17 173 100.0 9 91.3 26 137

CM4 98.6 40 661 98.7 21 96.5 41 342

CM5 98.9 45 661 99.4 20 90.3 16 61

CMé6 98.6 41 429 98.0 18 87.2 30 101

CM7 96.7 24 182 94.6 15 93.9 21 113

CM8 97.2 56 544 98.2 26 93.3 40 223

CM9 96.6 44 327 977 24 78.2 20 55

CM10 98.7 34 296 97.6 14 90.6 22 117

CM11 95.9 22 193 100.0 18 92.0 24 112

Plots range 0.2-1.0 1-21 1-63 0.1-0.8 0-18 0.2-1.0 0-13 0-21

Abbreviations: Abu, abundance; Cov, sample coverage (%); Ric, observed richness.

TABLE 2 Results from Bayesian generalised mixed-effects mixture models for estimated tree species richness via a hurdle negative

binomial distribution.

Terms Estimate SE L-ClI

Intercept 2.04 0.13 1.79
shape_Intercept 1.51 0.17 1.20
Area 0.79 0.04 0.71
Distance -0.17 0.15 -0.47
Heterogeneity -0.02 0.02 -0.06
MEM_PlotCM10_10 0.43 0.12 0.20
MEM_PlotCMé6_19 -0.29 0.09 -0.47
MEM_PlotCM4_20 0.21 0.09 0.02
MEM_PlotCM8_22 0.23 0.09 0.06
MEM_PlotCM4_33 0.29 0.09 0.11
MEM_PlotCM9_23 -0.16 0.09 -0.34
MEM_PlotCM4_25 -0.19 0.09 -0.38
MEM_PlotCM4_30 -0.20 0.09 -0.37
MEM_PlotCM4_39 -0.15 0.09 -0.32
MEM_PlotCM4_24 -0.24 0.10 -0.45
MEM_PlotCM5_23 0.22 0.08 0.06
MEM_PlotCM4_43 -0.14 0.08 -0.29
MEM_PlotCM4_13 -0.15 0.09 -0.34
Shape heterogeneity 0.06 0.06 -0.06

Note: Significant terms, based on their 95% confidence intervals, are shown in bold.

U-Ci Rhat Bulk_ESS Tail_ESS
2.29 1.00 2261 3346
1.86 1.00 5339 5194
0.86 1.00 5304 5407
0.13 1.00 5308 5476
0.03 1.00 5226 5053
0.66 1.00 4840 4896

-0.13 1.00 4828 5024
0.40 1.00 4841 4899
0.40 1.00 5355 5105
0.46 1.00 4926 5105
0.01 1.00 5135 4869

-0.01 1.00 5226 4966

-0.02 1.00 4658 5138
0.03 1.00 4959 5148

-0.04 1.00 4970 4888
0.37 1.00 4918 4574
0.02 1.00 4895 5324
0.02 1.00 5072 5211
0.17 1.00 5180 5208

Abbreviations: L-Cl, lower 95% confidence interval; SE, standard error; U-Cl, upper 95% confidence interval.

multi-scale MEMs nested within plots, explained 66% of the
variation in estimated tree species richness (R2:0.65710.028;
Cl=0.598-0.707). The primary driver of tree species richness
was murundu island area (Table 2). Several intermediate- and
fine-scale MEMs were associated with tree species richness, in-
creasing model complexity as indicated by the high information

criterion (LOOIC=2253.6), but were necessary to account for re-
sidual spatial autocorrelation and satisfy normality assumptions.
Isolation and environmental heterogeneity did not significantly
explain tree species richness. The exclusion of area while retain-
ing all other predictors drastically reduced the model's perfor-
mance (ALOOIC=298.7 +34.1). Overall, a 10% increase in the
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TABLE 3 Results from Bayesian generalised mixed-effects mixture regression models (BRMs) for estimated herb species richness via a

hurdle negative binomial distribution.

Terms Estimate SE

Intercept 2.32 0.18
shape_Intercept 0.82 0.19
hu_Intercept -4.21 0.50
log_Area 0.69 0.05
log_Dist_Big 0.11 0.19
log_Heter_veg_center 0.07 0.04
MEM_PlotCM10_10 -0.09 0.14
MEM_PlotCMé6_19 -0.02 0.13
MEM_PlotCM8_49 0.20 0.08
MEM_PlotCM8_11 -0.24 0.08
MEM_PlotCM3_18 -0.34 0.19
MEM_PlotCM5_23 0.14 0.09
MEM_PlotCM4_43 -0.15 0.10
shape_log_Heter_veg_center 0.26 0.10
hu_log_Area -1.23 0.31
hu_log_Dist_Big 0.17 0.75
hu_log_Heter_veg_center 0.27 0.23
hu_MEM_PlotCM3_18 0.01 0.77
hu_MEM_PlotCM4_43 0.02 0.69
hu_MEM_PlotCMé6_8 -0.70 0.69
hu_MEM_PlotCM8_11 -0.26 0.54
hu_MEM_PlotCM8_21 -0.22 0.52
hu_MEM_PlotCM8_49 -0.31 0.60
hu_MEM_PlotCM9_4 -0.21 0.57

L-CI U-CI Rhat Bulk_ESS Tail_ESS
1.96 2.69 1.00 1259 2213
0.45 1.19 1.00 3023 2911

-5.34 -3.33 1.00 3195 3389
0.59 0.79 1.00 3366 3547

-0.28 0.49 1.00 3741 3492

-0.02 0.16 1.00 2870 3350

-0.38 0.20 1.00 3613 3114

-0.29 0.23 1.00 3340 3334
0.05 0.37 1.00 3508 3463

-0.41 -0.07 1.00 3527 3475

-0.72 0.02 1.00 3608 3586

-0.05 0.32 1.00 3261 3336

-0.35 0.05 1.00 3435 3045
0.04 0.45 1.00 2883 3427

-1.87 -0.66 1.00 3266 3661

-1.27 1.66 1.00 3595 3389

-0.14 0.74 1.00 3543 3598

-1.49 1.51 1.00 3676 3628

-1.35 1.33 1.00 3618 3388

-2.03 0.70 1.00 3784 3678

-1.35 0.81 1.00 3707 3369

-1.22 0.84 1.00 3657 3197

-1.47 0.85 1.00 3856 3699

-1.30 0.94 1.00 3458 3496

Note: Credible terms based on their 95% confidence intervals are shown in bold.

Abbreviations: L-Cl, lower 95% confidence interval; SE, standard error; U-Cl, upper 95% confidence interval.

murundu area resulted in a 7.8% increase in tree species richness
(95% Cl: 7.0-8.6).

3.3.2 | Herbs

For herbs, the predictors (area, isolation and environmental het-
erogeneity), along with medium- to fine-scale MEMs nested within
plots, explained 63% of the variation in estimated herb species rich-
ness (R?=0.628+0.037; CI=0.533-0.686; LOOIC=2572.8 +48.1).
The main driver of herb species richness was again the murundu
island area (+0.69; CI=0.59-0.79; Table 3). We found strong evi-
dence that area was the main predictor of herb species richness,
since the model run without area presented a substantially greater
LOOIC (ALOOIC=142.4 +24.8). An increase of 10% in the murundu
area resulted in a 7% increase (95% Cl: 6.0-8.1) in local herb species
richness (Figure 4). Several intermediate- and fine-scale MEMs were
associated with herb species richness, but residual spatial autocor-
relation and normality were adequately controlled by jointly mod-

elling random effects among plots together with MEMs. Isolation

and environmental heterogeneity did not significantly explain herb

species richness.

3.3.3 | Termites

Modelling termites was challenging. At the local community scale,
the set of predictors tested (area, isolation and environmental het-
erogeneity), along with multi-scale MEMs nested within plots, ex-
plained 48% of the variation in estimated termite species richness
(R?=0.477+0.068; Cl=0.328-0.586). No ecological predictor
explained the variation in the estimated termite species richness
(Table 4). Removing area from the predictors did not affect the ex-
planatory power of the BRM model (ALOOIC=0.7 +2.7), and isola-
tion and environmental heterogeneity also did not explain termite
species richness. However, the probability of the presence of ter-
mite species modelled by a hurdle negative binomial distribution
does suggest a positive effect of area increase. Accordingly, a 10%
increase in area increased the probability of a murundu site having at

least one termite species by 4.8%.
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FIGURE 4 Bayesian mixed models of species richness for 11 1-ha plots in murundu fields sampled in Araguaia State Park, Mato Grosso,
Brazil. Predicted species richness of trees as a function of murundu area (a), habitat heterogeneity (b) and isolation (c), and corresponding
relationships for herbs (d-f) and termites (g-i). Solid lines indicate predictors with credible effects (a and d), whereas dashed lines indicate
predictors without credible effects (b, c, e-i). Shaded bands represent 95% credible intervals.

Termite species richness was also associated with multiple-scale
spatial filters (Table 4). Even with several MEMs to account for residual
spatial autocorrelation, we could not satisfy normality assumptions via
the BRM. However, the interpretation of our model for termites should
be viewed with caution given several intervening factors, such as in-
complete samples in some plots, non-normality of residuals as a whole
and at the plot scale, and spatial autocorrelation in CM5.

A lower general explanation of the predictors for termite com-
munities combined with greater random effects (location) indicates

that different processes operate through the landscape or even that
the species pool is restricted given the low dispersion capacity of
termite species.

3.4 | Landscape-metacommunity patterns

There was no evidence of a direct effect of habitat amount
(Figures 5a-7a) on trees, herbs and termites a-diversity. However,
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TABLE 4 Results from Bayesian generalised mixed-effects mixture regression models (BRMs) for estimated termite species richness via a
hurdle negative binomial distribution.

Terms Estimate SE L-Cl U-Cli Rhat Bulk_ESS Tail_ESS
Intercept 1.10 0.30 0.51 1.68 1.00 2602 4146
shape_Intercept -0.14 0.24 -0.64 0.30 1.00 4465 5012
hu_Intercept -2.82 0.50 -3.83 -1.88 1.00 3680 4657
log_Area -0.09 0.08 -0.25 0.06 1.00 5246 5020
log_Dist_Big 0.25 0.31 -0.37 0.88 1.00 5420 5426
log_Heter_veg_center 0.05 0.05 -0.03 0.17 1.00 5150 4950
MEM_PlotCM3_8 0.38 0.20 -0.04 0.78 1.00 5243 4770
MEM_PlotCM1_31 0.37 0.27 -0.16 0.91 1.00 5094 5216
MEM_PlotCMé_30 0.98 0.31 0.42 1.63 1.00 4945 5047
MEM_PlotCM8_46 0.43 0.19 0.06 0.82 1.00 4860 4829
MEM_PlotCM4_9 0.45 0.18 0.11 0.81 1.00 5301 4971
MEM_PlotCM8_11 -0.31 0.18 -0.67 0.04 1.00 5110 4176
MEM_PlotCM4_42 0.40 0.16 0.10 0.72 1.00 4840 4911
MEM_PlotCM5_27 -0.51 0.23 -0.97 -0.07 1.00 4917 4843
MEM_PlotCM9_1 -0.73 0.32 -1.37 -0.13 1.00 5366 5193
MEM_PlotCM4_6 0.30 0.16 0.00 0.62 1.00 4961 5047
MEM_PlotCM8_35 0.33 0.16 0.03 0.64 1.00 4687 4890
MEM_PlotCM4_29 0.29 0.14 0.00 0.57 1.00 4764 4897
MEM_PlotCMé6_31 -0.57 0.22 -1.01 -0.15 1.00 4691 4868
MEM_PlotCMé6_28 -0.72 0.29 -1.32 -0.19 1.00 4632 5033
MEM_PlotCM9_27 -0.60 0.29 -1.19 -0.05 1.00 4702 4954
MEM_PlotCM4_49 0.27 0.17 -0.07 0.61 1.00 4929 4957
MEM_PlotCMé6_16 -0.62 0.29 -1.22 -0.07 1.00 4997 5016
shape_log_Heter_veg_center 0.02 0.11 -0.19 0.24 1.00 4708 5402
hu_log_Area 0.49 0.18 0.16 0.85 1.00 5487 5324
hu_log_Dist_Big -0.78 0.63 -2.02 0.48 1.00 5391 5279
hu_log_Heter_veg_center -0.11 0.10 -0.29 0.11 1.00 5435 5381
hu_MEM_PlotCM3_8 0.08 0.76 -1.40 1.57 1.00 4812 4709
hu_MEM_PlotCM1_31 -0.82 0.39 -1.63 -0.09 1.00 5085 4851
hu_MEM_PlotCM6_30 0.05 0.66 -1.23 1.39 1.00 5002 4767
hu_MEM_PlotCM8_46 0.12 0.54 -0.93 1.19 1.00 5239 4787
hu_MEM_PlotCM4_9 0.01 0.72 =AL.85 1.45 1.00 5040 4706
hu_MEM_PlotCM8_11 0.42 0.53 -0.60 1.52 1.00 4598 4742
hu_MEM_PlotCM4_42 -0.05 0.70 -1.43 1.29 1.00 4939 4924
hu_MEM_PlotCM5_27 0.63 0.35 -0.02 1.35 1.00 5161 4922
hu_MEM_PlotCM9_1 0.78 0.37 0.08 1.53 1.00 5121 4838
hu_MEM_PlotCM4_6 -0.04 0.74 -1.47 1.44 1.00 5088 5044
hu_MEM_PlotCM8_35 0.40 0.55 -0.66 1.52 1.00 4655 4742
hu_MEM_PlotCM4_29 -0.02 0.72 -1.44 1.40 1.00 4754 4809
hu_MEM_PlotCMé6_31 0.11 0.66 -1.15 1.43 1.00 5177 4998
hu_MEM_PlotCM6_28 0.06 0.66 -1.24 1.31 1.00 4876 5112
hu_MEM_PlotCM9_27 0.41 0.37 -0.28 1.14 1.00 5145 5228
hu_MEM_PlotCM4_49 0.05 0.69 -1.28 1.43 1.00 4887 4901
hu_MEM_PlotCMé_16 0.92 0.67 -0.36 2.28 1.00 4952 5241

Note: Credible predictors based on their 95% confidence intervals are shown in bold.
Abbreviations: L-Cl, lower 95% confidence interval; SE, standard error; U-Cl, upper 95% confidence interval.
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FIGURE 5 Landscape-scale effects on tree species richness for 11 1-ha plots of murundu fields sampled at Araguaia State Park, Mato
Grosso, Brazil. The average effect sizes of the Bayesian Structural Equation Model and 95% confidence intervals are provided.

the indirect effect of landscape structure on tree a-diversity was
mediated by trees total abundance (weak and positive), g-diversity
(positive) and y-diversity (negative), and these metacommunity
metrics had positive, negative and positive effects, respectively.
Landscape average area also had strongly positive effect on aver-
age a-diversity of herbs (Mean+SD: 7.86 + 3.40), specially driven by
direct, indirect and mediated negative effect of g-diversity and posi-
tive effect of y-diversity.

p-diversity indirectly and negatively affected termites a-diversity,
likely because of nestedness. Residual correlations among metacom-
munity metrics (abundance, y-diversity and g-diversity) direct and

indirectly influence tree and herb a-diversity. Although there were
no positive effects of habitat amount directly on metacommunity a-
diversity, the observed effects through abundance, y-diversity and
p-diversity need more investigation, especially because our analysis
relies on just 11 1-ha plots, resulting in high uncertainty and few ef-
fects, if any, besides our BSEM was able to converge with goodness-
of-fit for all taxons.

Potential paths to elucidate landscape-metacommunity links
should seek predictors that control the response of a-diversity,
p-diversity and y-diversity to the processes acting across multiple
scales, including landscape structure. Habitat amount was not the
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FIGURE 6 Landscape-scale effects on herb species richness for 11 1-ha plots of murundu fields sampled at Araguaia State Park, Mato
Grosso, Brazil. The average effect sizes of Bayesian Structural Equation Model and 95% confidence intervals are provided.

only candidate mechanism driving a-diversity neither fragmenta-
tion. Moreover, the effects of landscape structure and metacom-
munity metrics vary among the groups likely because of dispersive

constraints and other life-history traits.

4 | DISCUSSION

Overall, our results clearly show that in natural islands within South
American hyperseasonal savannas, plant richness was positively
related to murundu area locally, whereas at the landscape-scale

habitat amount increased regional diversity and indirectly enhanced
local richness, particularly for trees and herbs., whereas termite
richness does not respond to any ecological, spatial or landscape
processes consistently. These plant patterns largely corrobo-
rate the species-area relationships predicted by IBT (MacArthur
& Wilson, 1967, 1969; Warren et al., 2015) and likely function as
metacommunity connected by dispersion limitation and differential
quality of bigger islands sustaining unfavourable ones, and partially
corroborate Fahrig's Hypothesis (Fahrig, 2013), confirming that the
amount of habitat in the landscape, rather than landscape configura-
tion, is the key determinant of species diversity because it affects
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FIGURE 7 Landscape-scale effects on termite species richness in 11 1-ha plots of murundu fields sampled at Araguaia State Park, Mato
Grosso, Brazil. The average effect sizes of Bayesian Structural Equation Model and 95% confidence intervals are provided.

metacommunity abundance, g-diversity and y-diversity. Importantly,
the lack of effect of ‘fragmentation’ locally here is very different
from the fragmentation of forest habitat seen regionally in the ‘Arc
of Deforestation’. Rather, it reflects the apparent unimportance of
matrix patchiness in a context where species establishment is con-
trolled by seasonal flooding dynamics not by human activities.

For plants, species richness increased significantly with murundu
area, partially confirming our first hypothesis (1) that tree richness
is influenced by area, likely due to a lower probability of extinc-
tion, seed recruitment and sampling effects. However, there was
no evidence of species-sorting along environmental heterogeneity

gradients, refuting niche-based processes. Neither isolation nor en-
vironmental heterogeneity significantly affected plant or termite
species richness at the local scale. The mass effects of metacom-
munity processes also emerge as a candidate mechanism for trees.
For herbs, species richness was also strongly and positively re-
lated to the murundu area, confirming our second hypothesis (2) that
herbaceous species respond primarily to island size, which is con-
sistent with mass-effect metacommunity dynamics. As with trees,
isolation and local heterogeneity did not significantly affect rich-
ness, supporting the view that dispersal limitation is weak in these
systems. Herbaceous species typically produce numerous, small,
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wind-dispersed propagules, allowing efficient colonisation across
the landscape. Consequently, area, rather than distance between is-
lands, dictates local richness. Although environmental heterogene-
ity did not systematically increase herb species richness, it increased
variation among murundus, suggesting that more heterogeneous
mounds sustain more variable species assemblages even if they are
not consistently richer. These results corroborate hypothesis (2)
and are in line with mass-effect expectations (Leibold et al., 2004),
where dispersal from larger or more productive islands maintains
local diversity and nested dissimilarity is more likely to prevail
over spatial turnover. At broader scales, the positive link between
landscape habitat amount and regional herb richness supports the
Habitat Amount Hypothesis (Fahrig, 2013), indicating that the total
habitat area across the landscape, rather than the patch configura-
tion, is the key determinant of species diversity.

These findings indicate that island size locally (not habitat
heterogeneity or isolation at this scale ~1 ha), and habitat amount
rather than spatial configuration at landscape scale, primarily de-
termines vegetation diversity. The strong area effect locally may
reflect both stochastic processes and increased environmental
gradients favouring more environmental niches in larger murun-
dus, which is consistent with passive sampling effects (Marimon
et al.,, 2015). Positive species-area relationships have also been
reported in other murundu fields in Central Brazil (Oliveira-Filho,
1992a, 1992b), suggesting that local area is the dominant driver of
plant diversity in these mound systems and perhaps in hypersea-
sonal savannas more broadly.

The absence of isolation effects likely reflects effective seed
dispersal across the short distances separating murundus, aided by
wind, water and autochory. Many plant species exhibit abiotic or
self-dispersal mechanisms, such as wind dispersal or explosive de-
hiscence, which buffer against geographic isolation (Connell, 1971;
Janzen, 1970). Additional propagule input from trees in surrounding
flood-prone grasslands (e.g. Curatella americana, Vochysia rufa) or
nearby upland Cerrado habitats (e.g. Caryocar brasiliense) (Marimon
etal., 2012, 2015; Marimon & Lima, 2001) further reduces the effect
of isolation. Although environmental heterogeneity was present, it
was unrelated to plant richness, suggesting that the ability of species
to colonise contrasting microhabitats (e.g. mound summits vs. edges)
compensates for local environmental variation.

The termite assemblages displayed markedly different patterns.
Model performance was lower and more variable among plots, with
no clear effect of area, isolation or environmental heterogeneity on
species richness. Thus, hypothesis (3) was only partially supported:
although termite occurrence increased slightly with area, richness
itself did not. Instead, the spatial dynamics of colonisation and ex-
tinction and colony-level processes appear to dominate. The regu-
lar spatial distribution of murundus suggests competitive avoidance
among colonies in the formation of nests, which is consistent with
earlier observations of over-dispersed termite nest distribution
(Bourguignon et al., 2011; Davies et al., 2016; Mathews, 1977).
In fact, our analysis supports a regular spatial distribution of
murundus throughout the landscape (Figure S3). Interspecific and
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intraspecific competition during colony establishment likely pre-
vents the close co-occurrence of active nests, resulting in spatial
regularity. Additionally, larger murundus and taller mounds may
provide safer refuges from seasonal flooding, favouring the per-
sistence of established colonies and explaining the weak positive
area effect on termite presence as modelled by a hurdle negative
binomial Bayesian mixed effect model. These results indicate that
biotic interactions and colony life-history traits, rather than classi-
cal island attributes, structure termite assemblages. This outcome
supports Mathews' (1977) long-standing hypothesis that colony
competition and nest dynamics drive termite distribution in these
ecosystems. Hence, termites are true ecosystem engineers of the
murundus whose metacommunity dynamics exemplify non-neutral,
interaction-driven assembly, which is likely governed by patch dy-
namics, where biotic factors outweigh area, niche-based or disper-
sal constraints, and seasonal flooding and fire dynamics control the
success of colony establishment.

Taken together, our findings demonstrate that different ecolog-
ical processes govern assemblage structure across the three groups
studied. For trees and herbs, species richness depends mainly on
habitat area, thus corroborating IBT predictions at local islands and
the Habitat Amount Hypothesis at the landscape scale. In contrast,
termite richness reflects complex biotic interactions, colony estab-
lishment dynamics and scale-dependent spatial structuring, par-
tially supporting the hypothesis (iv) that plants depend more on the
total habitat amount and area, whereas termites depend more on
colonisation-extinction trade-offs, as expected under patch dynam-
ics (Leibold et al., 2004).

The murundu fields therefore represent a natural model system
for testing and integrating classical local and contemporary land-
scape-metacommunity theories. They reveal how species-area
relationships, mass effects, biotic interactions and colonisation-ex-
tinction mechanisms (e.g. patch dynamics) interact to shape biodiver-
sity across spatial scales. Future studies combining long-term field
monitoring and remote-sensing approaches could clarify the tempo-
ral dynamics of mound formation, colony turnover and plant colo-
nisation, enhancing the understanding of these unique Neotropical
Island ecosystems. Predicting species-area relationships and the rate
of species turnover (p-diversity) due to island size—and the relative
contribution of turnover and nestedness—may also provide the rules
needed to accurately predict landscape-level y-diversity. Finally, the
work helps illustrate not only the natural uniqueness of the campos de
murundus ecosystem, but also its contribution to ecological science as
a model system for testing ecological theory. Our hope is that these
values can help strengthen conservation strategies and action in the

ASP, which is facing external threats to the viability of murundus.
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SUPPORTING INFORMATION
Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Figure S1. Satellite images of campos de murundus (earth-mound
fields) in Araguaia State Park, Mato Grosso, Brazil, taken at altitudes
of 2000m (a) and 700m (b), and a ground-level photograph (c).
Satellite images source: Google Earth®; ground-level photograph by
B. H. Marimon-Junior.

Figure S2. Density estimation of the occurrence and spatial
distribution of murundus in 11 1-ha plots of campo de murundus (CM,;
earth-mound fields) sampled in Araguaia State Park, Mato Grosso,
Brazil. Higher concentrations of murundus are indicated by multiple
closed density-contour circles.

Figure S3. Analysis of both observed and expected spatial
distribution patterns, based on Ripley's K-function, for 11 1-ha plots
of campo de murundus (CM; earth-mound fields) sampled in Araguaia
State Park, Mato Grosso, Brazil. Observed values of Ripley's K are
shown as a solid black line, whereas theoretical expectations are
shown in red.

Figure S4. Descriptive analysis of environmental predictors of
variation in species richness of trees, herbs and termites in 11
1-ha plots of campo de murundus (earth-mound fields) sampled at
Araguaia State Park, Mato Grosso State, Brazil. Histograms along
the diagonals show absolute values of murundu area (m?) and height
(m), distance between murundus (m), number of termite nests per
murundu and environmental heterogeneity for plants and termites.
Scatter plots in the lower left zone show relationships between
environmental predictors, with best-fit splines, with the equivalent
linear correlations (Pearson's r) displayed in the top right zone.
Figure S5. Habitat heterogeneity, defined for plants based on
murundu height and volume, and for termites based on the number
of nests, both quantified as the distance to the centroid of 11 1-ha
plots derived from the ‘betadisper’ function with Euclidean distance.
Figure S6. Metacommunity abundance density and asymptotic
species richness density distribution for 373 murundus islands within
11 1-ha plots. For all taxonomic groups the shape of the density
distribution follows a known left-skewed pattern of abundance and
species counts, whereas the magnitude of rare species concentration
varies among taxonomic groups.

Figure S7. Evaluation of BRM model predictions and simulated tree
species richness at plot scale for the metacommunity features.
Landscape-scale BRM model assumptions are not shown due to the
absence of credible effects.

Figure S8. Evaluation of BRM model predictions and simulated
herb species richness at plot scale for the metacommunity features.
Landscape-scale BRM model assumptions are not shown due to the
absence of credible effects.

Figure S9. Evaluation of BRM model predictions and simulated
termite species richness at plot scale for the metacommunity
features. Landscape-scale BRM model assumptions are not shown
due to the absence of credible effects.

Figure S10. DHARMa residual analysis of the BRM model for
estimated tree species richness and overall model performance. (A)
Posterior predictive checks indicate that hurdle negative binomial
distribution adequately captures the overall pattern of species
richness. (B) Residuals were uniformly distributed according to the

85UBDI T SUOWWIOD dAERID 3|qeljdde ayy Aq pausenob ae sajoie VO ‘8sh Jo s3I0} Akeidi SUIUO A3 UO (SUONIPUOI-PUe-SWLBYW0Y A3 1M AReid Ul [Uo//SdL) SUONIPUOD Pue SWie | 8U) 38S *[9202/50/S0] Uo Aeiqiauluo A3)1IM ‘Aeiqi uopayloid ay 1 spse JO AISIBAIUN AQ SOE0Z 'Sk22-GOET/TTTT OT/I0p/woo’ A3 1M Akeiq 1 puljuo's feunosaq/:sdny Wwoiy pspeojumoq ‘v ‘9202 ‘Gv/2S9ET


https://doi.org/10.1111/j.2041-210X.2012.00261.x
https://doi.org/10.1111/j.2041-210X.2012.00261.x
https://cran.r-project.org/package=vegan
https://cran.r-project.org/package=vegan
https://doi.org/10.1017/S0266467400006027
https://doi.org/10.1017/S0266467400006817
https://doi.org/10.2307/2845673
https://doi.org/10.1111/nyas.14785
https://www.r-project.org
https://doi.org/10.1017/S0960428603000064
https://doi.org/10.1086/320863
https://doi.org/10.1086/320863
https://doi.org/10.1111/j.2517-6161.1977.tb01615.x
https://cran.r-project.org/package=GGally
https://doi.org/10.1007/s11104-010-0329-y
https://mc-stan.org/
https://doi.org/10.1111/ele.12398
https://doi.org/10.1111/ele.12398
https://doi.org/10.2307/1943563
https://doi.org/10.2307/1943563

MEWS ET AL.

Kolmogorov-Smirnov test (D=0.064, p=0.091), with no evidence of
overdispersion (dispersion=0.713, p=0.174) or outliers (p=1.000),
confirming that the BRM model provides a good fit to the data and
yields credible estimates.

Figure S11. DHARMa residual analysis of the BRM model for
estimated herb species richness and overall model performance.
(A) Posterior predictive checks indicate that the hurdle negative
binomial distribution adequately captures the overall pattern of
species richness. (B) Residuals were uniformly distributed according
to the Kolmogorov-Smirnov test (D=0.570, p=0.614), with no
evidence of outliers (p-value=0.840) and only slight overdispersion
(dispersion=0.506, p=0.044), confirming that the BRM model
provides a good fit to the data and yields credible estimates.

Figure S12. DHARMa residual analysis of the BRM model for
estimated termite species richness showed the following results:
(A) Posterior predictive checks indicate that the hurdle negative
binomial distribution provides a good fit to the data, and (B)
some deviation from normality according to the Kolmogorov-
Smirnov test (D=0.150, p<0.0001), insignificant overdispersion
(dispersion=0.300, p=0.104), and no evidence of outliers (p =0.240).
Despite the slight non-normality observed in the residuals of the
BRM fitted with a hurdle negative binomial distribution, we chose
to interpret the results because they were consistent with those
obtained from the GAM model fitted with a smooth spline for area
and likely reflect local species extinctions in small murundu islands
(Table S4).

Table S1. Diggle-Cressie-Loosmore-Ford (DCLF) test of complete
spatial randomness (CSR) within 11 1-ha plots. Significance of the
summary statistic L(r) was tested using a Monte Carlo test based on
999 simulations.

Table S2. DHARMa Moran's | test of spatial autocorrelation in
the residuals of the BRM model estimating tree species richness
across murundu plots. For each plot, as well as for the aggregated
dataset, the DHARMa Moran's | test did not detect distance-based
autocorrelation (observed=-0.124, expected=-0.100, SD=0.087,
p=0.776).

Table S3. DHARMa Moran's | test of spatial autocorrelation in the

residuals of the BRM model estimating herb species richness across
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murundu plots. For the aggregated plots, the DHARMa Moran's [ test
did not detect distance-based autocorrelation (observed=-0.144,
expected=-0.100, SD=0.088, p-value=0.618), although significant
spatial autocorrelation was detected in the residuals for plot CM7
and CM9.

Table S4. DHARMa Moran's | test of spatial autocorrelation in the
residuals of the BRM model estimating termite species richness
across murundu plots. For the aggregated plots, the DHARMa
Moran's | test did not detect distance-based autocorrelation
(observed=-0.1999, expected=-0.100, SD=0.088, p=0.263),
although significant spatial autocorrelation was detected in the
model residuals for plot CM5.

Table S5. Shrub and tree species and their abundances, along with
seed dispersal modes, sampled in 11 1-ha plots of campo de murundus
(earth-mound fields) in Araguaia State Park, Mato Grosso, Brazil. The
complete plant species list is available in Marimon et al. (2012, 2015).
Table S6. Average effect sizes from the Bayesian Structural Equation
Model for landscape-scale tree species richness, with corresponding
standard deviations and 2.5% and 97.5% credible intervals. Values
shown in bold indicate statistically significant effects.

Table S7. Average effect sizes from the Bayesian Structural Equation
Model for landscape-scale herb species richness, with corresponding
standard deviations and 2.5% and 97.5% credible intervals. Values
shown in bold indicate statistically significant effects.

Table S8. Average effect sizes from the Bayesian Structural
Equation Model for landscape-scale termite species richness, with
corresponding standard deviations and 2.5% and 97.5% credible
intervals. Values shown in bold indicate statistically significant
effects.
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