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The impact of rapid habitat loss and fragmentation on biodiversity is a major issue.
However, we still lack an integrative understanding of how these changes influence biodiversity dynamics over time. In this study, we investigate the effects of these changes
in terms of both niche-based and neutral dynamics. We hypothesize that habitat loss
has delayed effects on neutral immigration–extinction dynamics, while edge effects
and environmental heterogeneity in habitat patches have rapid effects on niche-based
dynamics.
We analyzed taxonomic and functional composition of 100 tree communities in a
tropical dry forest landscape of New-Caledonia subject to habitat loss and fragmentation. We designed an original, process-based simulation framework, and performed
Approximate Bayesian Computation to infer the influence of niche-based and neutral processes. Then, we performed partial regressions to evaluate the relationships
between inferred parameter values of communities and landscape metrics (distance
to edge, patch area, and habitat amount around communities), derived from either
recent or past (65 yr ago) aerial photographs, while controlling for the effect of soil
and topography.
We found that landscape structure influences both environmental filtering and
immigration. Immigration rate was positively related to past habitat amount surrounding communities. In contrast, environmental filtering was mostly affected by
present landscape structure and mainly influenced by edge vicinity and topography.
Our results highlight that landscape changes have contrasting spatio-temporal influences on niche-based and neutral assembly dynamics. First, landscape-level habitat loss
and community isolation reduce immigration and increase demographic stochasticity,
resulting in slow decline of local species diversity and extinction debt. Second, recent
edge creation affects environmental filtering, incurring rapid changes in community
composition by favoring species with edge-adapted strategies. Our study brings new
insights about temporal impacts of landscape changes on biodiversity dynamics. We
stress that landscape history critically influences these dynamics and should be taken
into account in conservation policies.
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www.ecography.org

© 2020 The Authors. Ecography published by John Wiley & Sons Ltd on behalf of Nordic Society Oikos
This is an open access article under the terms of the Creative Commons
Attribution License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited.
1

Keywords: assembly processes, ecological modelling, edge
effects, extinction debt, habitat loss, neutral dynamics

Introduction
Habitat loss and fragmentation are global concerns for biodiversity conservation (Myers et al. 2000, Haddad et al.
2015, Taubert et al. 2018), and how they affect species persistence and coexistence in space and time is a critical question in community ecology (Niebuhr et al. 2015, Fahrig
2018, Figueiredo et al. 2019, Miller-Rushing et al. 2019).
Specifically, understanding how dispersal and stochastic
demography, on one hand and environmental filtering, on
the other hand, jointly influence diversity patterns in a context of habitat loss and fragmentation remains challenging
(Matthews and Whittaker 2014, Püttker et al. 2015).
The equilibrium theory of island biogeography (ETIB,
MacArthur and Wilson 1967) provides a conceptual foundation
to understand how the balance between stochastic immigration and extinction processes influences biodiversity in habitat patches (MacArthur and Wilson 1967, Wilson and Willis
1975). ETIB predicts that immigration decreases with increasing
patch isolation, and extinctions increase with decreasing patch
area (MacArthur and Wilson 1967, Wilson and Willis 1975,
Laurance 2008, Püttker et al. 2015). From another perspective,
the habitat amount hypothesis (HAH, Fahrig 2013) states that
immigration–extinction equilibrium in a given site primarily
depends on the amount of habitat in the surrounding landscape.
Both ETIB and HAH emphasize that local biodiversity rely on
immigration and local stochastic extinction (i.e. ecological drift,
Vellend et al. 2014) and assume that species have equivalent
probabilities to establish in local habitat, so that they lean on
neutral assembly dynamics (Hubbell 2001, Volkov et al. 2003,
Püttker et al. 2015). However, environmental heterogeneity
within and among patches can differentially filter species according to their ecological attributes (i.e. functional traits), which
determine their ecological strategies and influence their probability to establish and persist in a given environment (Chase
2005, McGill et al. 2006, Violle et al. 2007, Püttker et al. 2015).
Hence, if species are functionally different, local community
composition in heterogeneous habitat patches should depend on
both immigration–extinction dynamics and trait-based environmental filtering (McGill 2010, Matthews and Whittaker 2014).
Although landscape changes may affect both immigration–extinction dynamics and environmental filtering,
their respective signature on diversity patterns can emerge
with different tempos. First, reaching a new immigration–
extinction equilibrium after habitat reduction and/or isolation may involve a substantial delay and incur an extinction
debt, especially because this relies on stochastic demography
(Kuussaari et al. 2009, Jackson and Sax 2010). Second, edge
effects can entail strong changes in environmental conditions within patches, so that habitat fragmentation should
affect environmental filtering (Ewers and Didham 2005,
Harper et al. 2005, Didham et al. 2012). However, such environmental change can directly affect species persistence and
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should more quickly influence local community composition
(Gilbert et al. 2006, Kuussaari et al. 2009). Nonetheless, how
such distinctive temporal influences affect observed diversity
patterns at a given time remain little studied.
Extensive process-based simulation of community dynamics has proved helpful to disentangle the respective influences
of stochastic and trait-based assembly processes on diversity
patterns (Jabot et al. 2008, Zurell et al. 2010, Munoz et al.
2018, Denelle et al. 2019). Indeed, community functional
composition should reflect the imprint of environmental filtering (McGill et al. 2006), while taxonomic diversity should
better capture the influence of stochastic immigration–extinction dynamics (Munoz et al. 2007). Comparing community
composition simulated under various immigration rates and
environmental filters to an observed community pattern
allows to explicitly infer the contribution of these processes to
community assembly (Zurell et al. 2010, Munoz et al. 2018).
Tropical forests have been largely studied through the
prism of habitat loss and fragmentation (Laurance et al. 2011,
Haddad et al. 2015, Taubert et al. 2018). Likewise, the imprint
of neutral and deterministic processes on tropical forest composition have been a major focus of community ecology during the last two decades (Hubbell 2001, Gilbert et al. 2006,
Kraft et al. 2008, Swenson 2013). Yet, the pace at which such
processes influence tree community patterns in the context of
landscape changes remains poorly addressed.
Here, we investigated the influence of habitat loss
and fragmentation on tree community assembly in NewCaledonia’s highly threatened tropical dry forest (Gillespie
and Jaffré 2003), with two main purposes: 1) deciphering the
respective contributions of neutral and niche-based assembly
processes, and 2) identifying different tempos of their influence on diversity patterns. We characterized functional and
taxonomic composition of 100 observed tree communities,
and inferred plausible contributions of neutral and traitbased processes with intensive coalescent-based simulations
and approximate Bayesian computation (Munoz et al. 2018).
We examined how estimated parameters were related to past
and present landscape structure, in terms of distance to edge,
patch area and habitat amount surrounding communities.
We also assessed the influence of soil and topography within
habitat patches, which should contribute to environmental
filtering apart from spatial habitat structure (Jucker et al.
2018, Blanchard et al. 2019). We hypothesized that immigration–extinction dynamics depended on community isolation and has a delayed influence on community composition,
while compositional shifts due to environmental filtering
should occur more quickly and be related to edge influence
on local environmental conditions.

Material and methods
Study area

New Caledonia is an archipelago located in southwest Pacific (20–23°S, 164–167°E). The study area is a
20 × 20 km landscape located in a plain surrounded by

low-elevation mountains (500–1000 m), on the west coast
of the main island (Kone–Pouembout plain). It receives
~1000–1400 mm yr−1 rainfall and the mean annual temperature is ~23–24°C (WorldClim2 database, Fick and Hijmans
2017). The vegetation is a mosaic of evergreen dry forest
patches (‘tropical dry forest’, Holdridge 1947) surrounded
by secondary thickets and farmlands. All patches considered
in this study were located on volcano-sedimentary substrate
below 300 m a.s.l. The whole area was probably mainly covered by forest before anthropogenic landscape modification
(Jaffré et al. 1998). Then, the current forest cover results from
clearing and fires dating from both pre-European (i.e. since
3500 yr ago) and post-European time (i.e. since about 200 yr
ago), with an intensification over the last century (Jaffré et al.
1998). Overall, tropical dry forest of New-Caledonia has
been reduced to 2% of its original extent, which makes it
the world’s most endangered tropical dry forest (Gillespie and
Jaffré 2003).
Sampling design and landscape metrics

We first characterized the present-day landscape structure by
digitizing all forest patches at a scale of 1:3000 scale (i.e. 1 cm
on the map represents 30 m), using recent georeferenced aerial photographs (2012). We also digitized past georeferenced
aerial photographs (1954) to assess past landscape structure. Both recent and past aerial photographs were available
online (< www.georep.nc >). We used Qgis software (QGIS
Development Team) for digitization.
Then, we designed a random sampling scheme stratified
by patch area. Based on a present landscape map, we selected
36 accessible patches spanning a wide range of area (0.5–
272.2 ha, median 23.6). We excluded areas recently colonized
by the forest (i.e. areas currently covered by forest, but which
were open in 1954). Then, we applied a 25 × 25 m square
grid and, in each patch, we randomly selected a number of
grid nodes proportionally to the logarithm of patch area. The
resulting number of points per patch ranged from 1 to 12,
with a total of 100 points. Within a circular 400 m2 plot (i.e.
11.30 m radius) at each selected point, we identified all trees
with diameter at breast height (DBH, 1.3 m above ground)
above 10 cm. We ensured that the entire plots were actually
within forest patches by relocating the center of plots away
from the edge if necessary. All the plots were established during years 2017 and 2018.
For both past and present landscapes, we calculated three
metrics characterizing landscape structure around sampling
points: 1) the minimum distance to patch edge, 2) the area
of the embedding fragment and 3) the proportion of surrounding forest area (i.e. the habitat amount). Forest habitat amount was calculated within buffers of 250, 500, 1000
and 2000 m around sampling points. As suggested by Fahrig
(2013) we used the Akaike information criterion (AIC)
to select the buffer yielding the best univariate relationship between species richness (i.e. the number of species in
sampled plots) and habitat amount. Using this method, we
retained a 500 m buffer for past landscape and a 250 m buffer

for present landscape (Supplementary material Appendix 1).
Distance to edge and patch area were log-transformed prior
to analyses.
As variation in water and nutrient availability related
to soil and topography may influence environmental filtering (Blanchard et al. 2019), we calculated topographic
indices, including elevation, curvature, aspect and topographic wetness index, from a 10 m DEM (Direction of
Technologies and Information of New Caledonia, DTSI).
In addition, we extracted the log-transformed distance to
the nearest river (Direction of Infrastructures, Topography
and Land Transport of New Caledonia, DITTT) and
the lithology of the soil substrate, defined as volcanic or
sedimentary (Direction of Industry, Mines and Energy of
New Caledonia, DIMENC).
Trait sampling

For all sampled species, we measured five wood and leaf
functional traits involved in resource-use strategies and
stress resistance, following standardized protocols in PérezHarguindeguy et al. (2013). Trait were collected during years
2017 and 2018. For leaf traits, we collected five leaves per
individual and sampled five individuals per species. For compound leaves, we considered a leaflet as the laminar unit.
Petioles and petiolules were removed from leaves before measurement. We measured leaf area (the area of a leaf in cm2),
specific leaf area (the leaf area per dry mass in cm2 g−1) and
leaf dry-matter content (the leaf dry mass per fresh mass in
mg g−1). Specific leaf area and leaf dry-matter content capture species investment in leaves, and represent a trade-off
between acquisitive (high specific leaf area) and conservative
(high leaf dry-matter content) strategies along the leaf economic spectrum (Wright et al. 2004). Leaf area represents the
light-capturing and transpiration surface and is thus related
to water-use efficiency (Moles 2018). We measured the wood
density of one wood sample per individual and five individuals per species. Wood density is a key trait of the wood economic spectrum, from water use efficiency and high growth
rate to lower growth rate and drought resistance (Chave et al.
2009). Furthermore, we measured bark thickness. Thick bark
provides stem protection from heat and fire (Pausas 2015),
as well as from other damages (Rosell 2016). For bark thickness, we calculated the mean of two bark measures on individual trees, and sampled at least 15 individuals per species
(mean = 17.8). For wood density and bark thickness of 38
species, data were complemented from the New Caledonian
plant inventory and permanent plot network (NC-PIPPN)
database, in which trait measurements were carried out using
identical protocols (Ibanez et al. 2017a). In subsequent analyses, we used the mean trait value per species for leaf traits
and wood density. As bark thickness varies with DBH (Pausas
2015), we used the maximum value per species, to better
approximate an upper bound reached during tree growth. We
used a Box–Cox transformation (Box and Cox 1964) on each
trait to get distributions closer to normality. The five functional traits were finally informed for 99 species, representing
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90% of the identified species (n = 110), and more than 99%
of the identified individuals (n = 3089). We used this subset
of 99 species in further analyses.
Species ecological strategies

We evaluated trait covariation to identify main functional
dimensions (trait spectra) across species by performing a
principal component analysis (PCA) of species traits values,
with varimax orthogonal rotation of the three first components. Trait values were centered and scaled to unit variance
before performing PCA. We considered species scores on the
first three rotated PCA (RPCA) axes as synthetic trait values
representing species ecological strategies along the main functional dimensions. The synthetic trait values where standardized between 0 and 1 prior to further analyses.
Community assembly model

We used the coalescent-based model of community assembly
provided by Munoz et al. (R package ‘ecolottery’) to simulate
community composition under a joint effect of deterministic and neutral processes. This model rebuilds the genealogy
of individuals in a community by sampling their immigrant
ancestors from a reference species pool, while conditioning
establishment success and subsequent persistence to both
trait-based environmental filtering and stochastic demography (Munoz et al. 2018).
In the model, immigration determines how stochastic
species extinctions in the community are counterbalanced by
an influx of new immigrants. The balance of migration and
stochastic demography is quantified with the migration rate
m, which represents the probability that a dead individual in
the community is replaced by a migrant from the pool (1 − m
being the probability that the dead individual is replaced by
the offspring of the remaining individuals of the community).
When the value of m is 1, there is no effect of local stochastic demography and the community is a random sample of
the source pool of immigrants. As m decreases, the influence
of demographic stochasticity conversely increases. We also
examined the related immigration parameter I = m(J − 1)/
(1 − m), where J is the number of individuals in the community. I represents the number of immigrants competing
with local offspring to replace a dead individual in the community, and is insensitive to sample size (Etienne and Olff
2004, Munoz et al. 2008, 2018).
Then, environmental filtering is defined as the probability
that the immigrants establish in the community depending
on how their trait values differ from a functional optimum
related to local abiotic conditions. This probability can classically be defined as a Gaussian function of t (species trait
values), centered around some optimal trait value topt, with
standard deviation σ quantifying how fast the performance
decreases away from the optimum (Loranger et al. 2018,
Munoz et al. 2018, Denelle et al. 2019). As we considered
three main axes of ecological strategies (synthetic traits) in
our study, the probability of establishment and persistence of
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migrants was defined as the product of three Gaussian filters
each representing environmental filtering on one of the synthetic traits. Thus, the function defining environmental filtering depended on six parameters, namely, topt1, σ1, topt2,
σ2, topt3, σ3.
Parameter estimation and predictive accuracy of
assembly models

We estimated parameter values of neutral and deterministic processes for the sampled tropical tree communities
by performing approximate Bayesian computation (ABC,
Csilléry et al. 2012). The method relies on intensive simulation of community composition for a range of parameter
values defined in prior distributions. Then, statistics summarizing community composition, called summary statistics,
were compared between simulated and observed communities, so as to characterize the most plausible parameter values
complying with actual composition (Munoz et al. 2018).
We simulated the composition of each community over
a broad range of parameter values of migration and environmental filtering (coalesc function in R package ecolottery,
Munoz et al. 2018). In each simulation, the values of migration parameter (m) and the mean values of the three Gaussian
filters (top1, topt2, topt3) were each randomly assigned from
a uniform prior distribution between 0 and 1. The standard deviation values of the three Gaussian filters (σ1, σ2,
σ3) were each randomly assigned from a uniform prior distribution between 0.01 and 0.25, which represents a wide
range in filter intensity from strong to weak, respectively. The
observed number of individuals was kept unchanged in each
simulation and set to actual sample sizes. In addition, a larger
σ could represent a looser filter, and thus a community closer
to neutrality.
We quantified summary statistics representing 1) taxonomic composition, i.e. species richness (S, the number of
species) and Shannon diversity (ES), and 2) functional composition, i.e. community weighted mean (CWM) and community weighted variance (CWV) of each synthetic trait.
Because ecological drift reduces species diversity (Hubbell
2001, Gilbert and Levine 2017), we expected immigration
intensity to be positively linked to SR and ES. For each synthetic trait, we expected CWM to be related to topt and
CWV to be related to σ, as the variance of the theoretical
Gaussian filter is equal to σ2. As filtering intensity could
reduce species diversity, we also expected σ to be positively
related to SR and ES.
We performed 10 000 simulations for each of the 100
observed communities, and characterized the posterior distributions of parameters using ABC. The medians of the posterior distributions of parameters provided reference parameter
estimates for each community. We log-transformed the immigration parameter I for further analyses. We performed crossvalidation to evaluate the reliability of parameter estimation,
and to choose the best tolerance level for ABC (a tolerance
of 0.05 was chosen, see R package abc, Csilléry et al. 2012).

In order to evaluate the predictive accuracy of the
assembly model, we designed posterior predictive checks
(Csilléry et al. 2010). First, we used the same model with 100
sets of parameter values randomly sampled from their posterior distribution to generate 100 simulated communities for
each observed community. Then, we obtained the posterior
predictive distributions of each summary statistics from the
simulated communities. We used graphical checks to compare the obtained posterior predictive distributions with the
observed values of summary statistics (Csilléry et al. 2010).
Statistical analyses

In order to analyze the effect of past and present landscape
structure on community assembly dynamics, we tested the
relationships between estimated parameters of the community assembly model, representing filtering and neutral
processes, and landscape metrics of both past and present
landscape. We also tested the effect of soil and topographic
conditions, since we expected them to influence environmental filtering.
First, we selected for each parameter the combination of
topographic and soil predictors yielding the lowest corrected
AIC when regressed against the parameter (AICc, corrected
for sample size and number of predictors). Then we grouped
predictors in three matrices: 1) present landscape metrics,
2) past landscape metrics and 3) soil and topography (i.e.
the previously selected subset). We performed partial regressions (varpart and rda functions of the vegan R package,
Oksanen et al. 2019) to partition the total and independent
effects (i.e. adjusted R2) of the three groups of predictors on
each parameter of deterministic and neutral processes. Then,
we partitioned the nested total and independent effect of each
landscape metric (i.e. distance to edge, patch area and habitat amount) for both past and present metrics. We assessed
the significance of the total and independent effects of each
predictor and groups of predictors using a permutations test
with 9999 permutations (Legendre and Legendre 2012).
Finally, in order to evaluate if the effect of landscape structure
varied when considering only communities far from the edge,
we carried out the analysis on forest interior communities
only (i.e. communities being at more than 50 m from past
and current edges, n = 32). All analyses were performed using
R (R Core Team, R Foundation for Statistical Computing,
Vienna, Austria).

Results
Changes in landscape structure

From 1954 to 2012, forest cover declined from 3350 ha to
2050 ha (i.e. a 37% reduction), while the number of forest
patches more than doubled (from 137 to 296, Fig. 1). Over
this period, distance to edge decreased by more than 10 m
for 36 communities, while it increased by more than 10 m
for 20 communities (Supplementary material Appendix 2).

Surrounding patch area and habitat amount increased for 13
and 27 communities, while they decreased for 87 and 73 communities, respectively (Supplementary material Appendix 2).
Species ecological strategies

The three first axes of the rotated principal component analysis (RPCA) represented more than 82% of species functional
variation (Fig. 2). The first axis of the RPCA (31.87%) was
positively related to species investment in leaves, and to a
lesser extent in wood, running from high specific leaf area
to high leaf dry-matter content and wood density. The first
axis thus represented species strategies along an acquisitive–conservative spectrum. The second axis of the RPCA
(28.1%) represented a trade-off between high hydraulic
efficiency (high leaf area, low wood density) on the negative
side, and drought resistance provided by low transpiration
(low leaf area, high leaf dry-matter content) and low embolism risk (high wood density) on the positive side. The third
axis (22.1%) was positively related to bark thickness, and
to a lesser extent negatively correlated with species investment in wood and leaves (wood density and leaf dry-matter
content). Therefore, we referred to these axes as acquisitive–
conservative (axis 1), drought resistance (axis 2), and stem
protection (axis 3).
Parameter inference and posterior predictive checks

The estimated immigration parameter (I) was highly variable
among communities (min = 2.3, max = 180.5, mean = 40.7).
With the selected tolerance of 0.05, mean prediction errors
from cross validation were between 0.20 and 0.25 for topt
values, and between 0.5 and 0.65 for σ and I (Supplementary
material Appendix 3). As expected, estimated optimal trait
values (topt1, topt2, topt3) were strongly correlated with
observed values of CWM for each of the three synthetic traits
(Supplementary material Appendix 4). Likewise, estimated
standard deviations of the Gaussian filters (σ1, σ2, σ3) were
strongly correlated with CWV values for related synthetic
traits, and positively correlated with taxonomic diversity (SR:
species richness and ES: Shannon diversity). Estimated values
of the immigration parameter were strongly and positively
correlated with taxonomic diversity (Supplementary material
Appendix 4). Using sampled values of parameters from their
posterior distributions obtained with ABC, the model was
able to simulate communities whose summary statistics accurately fitted to the observed values for CWM and SR values,
and with reasonable accuracy for ES (Supplementary material
Appendix 5). However, CWV values were less well predicted
as they tended to be lower than the observed ones when they
become large (Supplementary material Appendix 5).
Influence of landscape structure on community
parameters

Estimated immigration mainly depended on past landscape
metrics, with a significant independent effect (Table 1).
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Figure 1. Maps of forest patches in the Kone–Pouembout plain (light grey), derived from recent (2012, left) and past (1954, right) aerial
photographs. The positions of the 100 sampled plots are indicated on each map (black points).

Immigration increased with edge distance, patch area and
habitat amount, with a stronger and independent effect of
habitat amount (Table 1, Fig. 3a).
Estimated parameters of environmental filtering mainly
depended on present landscape metrics and topography.
Along the acquisitive–conservative axis (RPCA axis 1), the
optimal trait value (topt1) of communities was positively
linked to present landscape metrics (distance to edge, patch
area and habitat amount, Table 1, Fig. 3b), with significant
independent effect. We also detected independent effects of
past landscape metrics on the intensity of filtering along the
acquisition–conservation functional dimension (σ1), with an
additional effect of topography. Specifically, we found weak
but positive independent effect of habitat amount on σ1
(Table 1, Fig. 3c).
Environmental filtering related to drought resistance
(RPCA axis 2) mainly depended on soil and topography
(Table 1), as the optimal trait value (topt2) increased with
distance from rivers, terrain convexity and on sedimentary
soils (Supplementary material Appendix 6). Conversely,
we found significant negative effects of current distance to
edge on topt2 (Fig. 3d). The intensity of drought-induced
filtering decreased (i.e. σ2 increased) with past distance to
edge (Fig. 3e).
Environmental filtering related to stem protection (RPCA
axis 3) depended on both past and present landscape metrics, with an independent effect of past landscape metrics
(Table 1). topt3 decreased with increasing distance to edge
(Fig. 3f ), patch area and habitat amount, without any independent effects. Filtering intensity on stem protection (σ3)
also depended on past and present landscape metrics, as well
as on topography (Table 1). σ3 increased with present edge
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distance (which had an independent effect, Table 1, Fig. 3g),
past edge distance, past patch area and past habitat amount.
Forest interior communities

In communities far from the edge (> 50 m), the effects of
landscape metrics on environmental filtering were generally
weaker or no more significant (Fig. 3, Supplementary material Appendix 7). Yet, environmental filtering depended more
on topography and soil in these communities (Supplementary
material Appendix 7, 8). Contrastingly, the immigration
parameter was still related to past habitat amount for communities of forest interior (Fig. 3, Supplementary material
Appendix 4).

Discussion
We estimated parameters of deterministic and neutral assembly processes by performing intensive community simulation
and approximate Bayesian computation (ABC) (Munoz et al.
2018). We found that both types of processes drove tree
community dynamics in a dry tropical forest landscape that
experienced recent habitat loss and fragmentation. Despite a
relatively moderate explained variance, all inferred parameters
were significantly affected by landscape metrics, emphasizing
the pervasive influence of landscape structure on community
dynamics. Specifically, landscape structure influenced both
deterministic and stochastic assembly processes, but yet with
different tempos. Recent changes in landscape structure (<
65 yr) could entail local shifts in tree community composition through rapid environmental filtering of persisting species depending on their functional strategies. Contrastingly,

Figure 2. Rotated principal component analysis of mean values of
the five measured species traits (SLA: specific leaf area; LA: leaf area;
LDMC: leaf dry-matter content; WD: wood density; BT: bark
thickness). Traits coordinates are projected on the two first axes on
the upper plot, and on the first and the third axes on the lower plot.
The three axes represent more than 82% of species functional variation and are considered as synthetic traits.

the immigration parameter representing how dispersal can
balance demographic extinction depended on past landscape
structure. Landscape influence on immigration–extinction
dynamics across habitat patches could thus impact community composition more slowly, leading to possible extinction
debt in recently isolated communities.
Effects of landscape structure on immigration

Most empirical studies addressing the effects of landscape
structure on biodiversity are based on measuring diversity

(e.g. species richness), and interpreting non-random patterns
in terms of underlying mechanisms. Here we used a processbased framework to explicitly assess the imprint of immigration–extinction dynamics in empiric data. Immigration is a
key parameter of community dynamics and is expected to
reflect community isolation (Munoz et al. 2008). Our results
show that immigration was highly variable among communities and mostly linked to past habitat amount (i.e. forest
cover within a 500 m-radius buffer in 1954). Furthermore,
immigration still depended on habitat amount in forest interior communities, indicating that this relationship did not
only concern edge vicinity. Therefore, in line with recent
works on plant communities (Martín-Queller et al. 2017,
MacDonald et al. 2018), our study supports more the HAH
(i.e. habitat amount determines immigration, Fahrig 2013)
than the ETIB. Indeed, the amount of habitat in the ‘local
landscape’ surrounding communities represent primary
sources of immigration, and should therefore appropriately
describe community isolation from immigrants (i.e. the less
surrounding habitat there is, the more isolated the community is, see Fahrig 2013). Yet, if this amount of habitat correspond to the area of the surrounding patch, community
immigration–extinction dynamics should essentially rely on
patch-level metrics, in agreement with the ETIB. In addition,
the extent to which immigration–extinction dynamics rely
on patch area also depends on species capacity to disperse
between patches (Fahrig 2013, Bueno and Peres 2019). In
this respect, HAH and ETIB are not opposing theories, but
represent the extremes paradigms of a continuum of scenarios
depending on habitat spatial structure and matrix permeability to species dispersal (Bueno and Peres 2019). Our studied
landscape includes patches with highly variable size, shape
and isolation, within a fast-changing heterogeneous matrix,
which could explain why community immigration–extinction dynamics appears more related to the HAH paradigm.
However, if further habitat loss results in smaller and more
isolated patches, community dynamics could switch to a
patch-centric context as promoted by ETIB. Species-specific
dispersal ability – which could depend on particular traits not
considered here – may also influence their response to landscape structure (Ewers and Didham 2005, Bueno and Peres
2019). Although our approach did not account for such differences among species, our study clearly emphases the negative influence of habitat loss on dispersal dynamics.
Time-lag in ecological drift

Although there is compelling evidence that landscape changes
can have delayed effects on biodiversity patterns (Ewers and
Didham 2005, Metzger et al. 2009), few studies have tested
the influence of past landscape properties on present species diversity (Cousins 2009, Collins et al. 2017). Specifically,
stochastic species extinctions following habitat reduction
and isolation are hypothesized to happen slowly, entailing some delay (i.e. extinction debt) before reaching some
immigration–extinction equilibrium (Jackson and Sax 2010,
Halley et al. 2014, Huth et al. 2015, Figueiredo et al. 2019).
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Table 1. Partition of the effects of present landscape metrics, past landscape metrics and topographic and soil variables on parameter estimates of environmental filtering (top1, σ1, topt2, σ2, topt3 and σ3) and immigration (log-transformed immigration parameter) for all communities (n = 100). The effects of landscape metrics were first tested for groups of predictors (present landscape metrics, past landscape
metrics, topography and soil), and then for each metric (edge distance, E.D.; patch area, P.A.; habitat amount, H.A.). For each predictor and
group of predictors, the adjusted R2 (Adj. R2, i.e. the total effect) and the conditional R2 (Adj. R2c, i.e. the independent effect) are reported
when significant (ns: p-value ≥ 0.05; *: p-value < 0.05; **: p-value < 0.01; ***: p-value < 0.001). For landscape metrics, the sign of the
significant effects (coefficients) are indicated. For each parameter, the unexplained variance are also reported.
Parameter
log(I)

Groups
Present landscape
Past landscape

topt1

Topography and soil
Unexplained
Present landscape
Past landscape

σ1

Topography and soil
Unexplained
Present landscape
Past landscape

topt2

Topography and soil
Unexplained
Present landscape
Past landscape

σ2

Topography and soil
Unexplained
Present landscape
Past landscape

topt3

Topography and soil
Unexplained
Present landscape
Past landscape

σ3

Topography and soil
Unexplained
Present landscape
Past landscape
Topography and soil
Unexplained
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Pred.

Coef.

E.D.
P.A.
H.A.
E.D.
P.A.
H.A.
.
.
E.D.
P.A.
H.A.
E.D.
P.A.
H.A.
.
.
E.D.
P.A.
H.A.
E.D.
P.A.
H.A.
.
.
E.D.
P.A.
H.A.
E.D.
P.A.
H.A.
.
.
E.D.
P.A.
H.A.
E.D.
P.A.
H.A.
.
.
E.D.
P.A.
H.A.
E.D.
P.A.
H.A.
.
.
E.D.
P.A.
H.A.
E.D.
P.A.
H.A.
.
.

(+)
.
.
(+)
(+)
(+)
.
.
(+)
(+)
(+)
.
.
.
.
.
.
.
.
.
.
(+)
.
.
(−)
.
.
.
.
.
.
.
.
.
.
(+)
.
.
.
.
(−)
(−)
(−)
(−)
(−)
(−)
.
.
(+)
.
.
(+)
(+)
(+)
.
.

Adj. R2
0.04*
ns
ns
0.08**
0.07**
0.16***
.
.
0.14***
0.16***
0.09**
ns
ns
ns
.
.
ns
ns
ns
ns
ns
ns
.
.
0.04*
ns
ns
ns
ns
ns
.
.
ns
ns
ns
0.04*
ns
ns
.
.
0.12***
0.09**
0.11***
0.14***
0.07**
0.09**
.
.
0.08**
ns
ns
0.09**
0.04*
0.09**
.
.

Adj. R2c
ns
ns
ns
ns
ns
0.07**
.
.
ns
ns
ns
ns
ns
ns
.
.
ns
ns
ns
ns
ns
0.06**
.
.
ns
ns
ns
ns
ns
ns
.
.
ns
ns
ns
ns
ns
ns
.
.
ns
ns
ns
ns
ns
ns
.
.
0.03*
ns
ns
ns
ns
ns
.
.

Adj. R2
ns

Adj. R2c
ns

0.15***

0.13**

ns
0.84
0.19***

ns
0.13**

ns

ns

0.04*
0.82
ns

ns

ns

0.05*

0.03*
0.91
ns

0.06**

ns

ns

0.28***
0.73
ns
ns

ns

ns

0.24***
ns
ns

ns
0.98
0.12**

ns

0.15***

0.05*

ns

ns
0.83
0.08*

ns

0.1**

ns

0.09**
0.84

ns

ns

Figure 3. Effects (linear regressions) of landscape metrics on estimated parameters of immigration (log-transformed immigration parameter)
and environmental filtering (top1, σ1, topt2, σ2, topt3 and σ3) for all communities (n = 100 plots) and forest interior communities (n = 32
plots). Adjusted R2 are reported when significant (ns: p-value ≥ 0.05; *: p-value < 0.05; **: p-value < 0.01; ***: p-value < 0.001).
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Our results indicate that immigration is better explained by past
forest cover (i.e. 65 yr ago). While the time to reach a new immigration–extinction equilibrium after landscape change can be relatively short (i.e. some years) for short-lived species (Ferraz et al.
2003, Grelle 2005), it should be far longer for trees (Cousins
2009, Hylander and Ehrlén 2013). Although quantifying this
delay is beyond the aim of this study (Kuussaari et al. 2009,
Figueiredo et al. 2019), our results suggest that local extinctions
could still be delayed after 65 yr of landscape changes. Conversely,
immigration should increase in the few communities for which
the amount of surrounding habitat has recently increased. As
immigration and establishment of species could also be delayed,
these communities may be subject to an immigration credit (i.e.
a future gain of diversity, see Jackson and Sax 2010). However,
since most parts of the landscape underwent habitat loss since
1954, immigration is likely to decrease in most habitat patches.
Nonetheless, we focused on adult tree community (DBH >
10 cm), which could partly explain the observed delay in community response to immigration–extinction dynamics. Finally,
further habitat reduction and isolation may reduce this delay by
accelerating local extinctions (Haddad et al. 2015).
Intertwined effects of landscape structure on
environmental filtering

Niche-based mechanisms encompass environmental filtering,
that can be of various type including stabilizing or disruptive (Loranger et al. 2018), and competitive interactions, that
can drive limiting similarity (Abrams 1983). While we only
considered stabilizing filters in our study (i.e. gaussian filters), our approach allowed us to identify non-random variations of functional optimums and filtering intensity related
to landscape metrics. As suggested by the posterior predictive checks, our model could overestimate filtering intensity
in communities with high trait variance, which could result
from the multiplicative nature of the gaussian filtering function. Although we were able to distinguish the effects of past
and present landscape structure on assembly processes, independent effects of distance to edge, patch area and habitat
amount on environmental filtering were generally weak or not
discernable, highlighting some interdependence. In addition,
these joint effects of landscape metrics on environmental filtering were weaker or absent in forest interior. Confounding
effects of edge vicinity and habitat area has already been
reported in highly fragmented landscapes (Ewers et al. 2007,
Didham et al. 2012, Ibanez et al. 2017b). Indeed, distance to
edges geometrically decreases along with patch size, leading
to cumulative edge effects (Laurance et al. 2011). Thus, we
hypothesize that the interdependence between the effects of
patch area and distance to edge reflects a pervasive influence
of edge effects in small patches.
Edge-related environmental filtering at the forefront
of community changes

In tropical forests, edge vicinity is known to influence abiotic
conditions (Laurance et al. 2002, Broadbent et al. 2008), and
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then to entail shifts in community composition (Harper et al.
2005, Laurance et al. 2006). However, the underlying nichebased processes have rarely been explicitly linked to traitbased ecological strategies (Magnago et al. 2014, Benchimol
and Peres 2015). Our study demonstrates that edge effects
directly impact the nature and the strength of trait-based
environmental filtering in communities, by driving shifts in
species selection with respect to distinct ecological dimensions. In addition, we showed that landscape changes slowly
influence immigration–extinction dynamics, while edgeeffect immediately determine establishment success and persistence of species.
Edge vicinity entails modifications in forest abiotic conditions, including increasing drought intensity, temperature,
light availability and wind disturbance. These modifications
entail increasing tree damages and mortality (Laurance et al.
2011, Magnago et al. 2015), and more open canopy closer
to the edge (Harper et al. 2005). Rapid increase in abundance of pioneer species can results from edge-mediated environmental changes in South America (Laurance et al. 2006,
Magnago et al. 2014, Benchimol and Peres 2015). Our results
highlight that edge-mediated shifts in community composition reflect trait-based filtering of species with respect to their
position along a basic acquisitive–conservative ecological
axis. Indeed, species with light-demanding, acquisitive strategies (high specific leaf area, low leaf dry-matter content) were
favored in communities located near recent edges, suggesting
that such compositional shift occurs quickly after edge creation, as suggested by Laurance et al. (2006).
Furthermore, we found that decreasing distance to edge
favored species with thicker bark and increased filtering
intensity on bark thickness. Our results thus provide strong
support for an important role of stem protection in species
establishment and survival in communities near the edge.
One consequence of forest fragmentation and edge vicinity
is increasing exposure to fire (Cochrane 2003, Laurance et al.
2011). Edge-related fire disturbance has been reported to
increase tree mortality (Brando et al. 2014), and to impact
tree community composition (Michalski et al. 2007). As
bark thickness has a key role in species resistance to fire
(Hoffmann et al. 2009, Pausas 2015, Pellegrini et al. 2017),
fire regime can have substantial influence on species filtering
in the studied landscape. Nevertheless, greater herbivory and
mechanic injuries at the edge could also favor species with
thick bark (Rosell 2016). In addition, filtering related to bark
thickness depended on both present and past landscape, suggesting both rapid and persistent influences of edge vicinity
after landscape changes.
Conversely, we found weak influence of distance to edge
on environmental filtering along the drought resistance axis,
with more drought-resistance species (i.e. species with denser
wood and smaller leaves) favored near the edge. While edge
proximity favored acquisitive species, drought resistance was
also involved in species survival near the edge. Indeed, edge
proximity is known to increase temperature and drought
intensity (Harper et al. 2005, Ibanez et al. 2013). However,
these effects are expected to be weaker in dry forests than

in rainforests (Arroyo-Rodríguez et al. 2017). In our study,
topographical heterogeneity mainly influenced species filtering depending on hydraulic strategies, as suggested by
Jucker et al. (2018) and Blanchard et al. (2019). Thus, local
community composition not only depends on landscape
structure and edge effects but also on habitat heterogeneity
within patches.
Conclusion

Our study suggests that temporal and spatial variations in
landscape structure influence both niche-based and neutral
mechanisms of community assembly in tropical tree communities. However, the resulting impacts on community composition differ in space and time. On one hand, our results
suggest that landscape-level changes slowly impact immigration–extinction dynamics, entailing a slow decrease in diversity along with an extinction debt following habitat loss and
isolation. On the other hand, edge creation locally modifies
environmental filtering and entails rapid and directional shifts
in community composition through the selection of species
with edge-adapted ecological strategies. Our study highlights
the need to develop approaches that encompass trait-based
ecology, ecological modelling, as well as spatial and historical
data to better understand and predict how habitat loss and
fragmentation can impact biodiversity dynamics in space and
time. This is particularly relevant in landscapes with highly
reduced habitat density, which are a priority in conservation
strategies (Vellend et al. 2013).
Data availability statement

Data available from the Dryad Digital Repository: < https://
doi.org/10.5061/dryad.jwstqjq5r > (Blanchard et al. 2020).
Acknowledgements – We address special thanks to Hervé Vandrot,
Vanessa Hequet and Jérémy Girardi for help on the field and species
identification, and to the team of the Nouméa herbarium (NOU)
for technical support. We thank the conservatory of natural spaces
of New Caledonia (CEN), landowners and tribes of the Kone–
Pouembout plain for providing access to forest patches. We also
thank Thomas Ibanez for his comments on the manuscript.
Funding – We thank the Inst. Agronomique néo-Calédonien
(IAC) for co-funding GB’s PhD and for logistical support. This
study was funded by the Agency for Economic and Environmental
Development (DDEE) of the North Province of New Caledonia.
Author contributions – GB, FM and PB conceived the study. GB
planned the field campaign and collected the data. GB and FM did
the analyses. GB, FM and PB wrote the paper.
Conflicts of interest – The authors declare that there is no conflict
of interest.

References
Abrams, P. 1983. The theory of limiting similarity. – Annu. Rev.
Ecol. Syst. 14: 359–376.

Arroyo-Rodríguez, V. et al. 2017. Does forest fragmentation cause
an increase in forest temperature? – Ecol. Res. 32: 81–88.
Benchimol, M. and Peres, C. A. 2015. Edge-mediated compositional and functional decay of tree assemblages in Amazonian
forest islands after 26 years of isolation. – J. Ecol. 103: 408–420.
Blanchard, G. et al. 2019. Regional rainfall and local topography
jointly drive tree community assembly in lowland tropical forests of New Caledonia. – J. Veg. Sci. 30: 845–856.
Blanchard, G. et al. 2020. Data from: Extinction–immigration
dynamics lag behind environmental filtering in shaping the
composition of tropical dry forests within a changing landscape.
– Dryad Digital Repository, <https://doi.org/10.5061/dryad.
jwstqjq5r>.
Box, G. E. P. and Cox, D. R. 1964. An analysis of transformations.
– J. R. Stat. Soc. B 26: 211–252.
Brando, P. M. et al. 2014. Abrupt increases in Amazonian tree mortality due to drought–fire interactions. – Proc. Natl Acad. Sci.
USA 111: 6347–6352.
Broadbent, E. N. et al. 2008. Forest fragmentation and edge effects
from deforestation and selective logging in the Brazilian Amazon. – Biol. Conserv. 141: 1745–1757.
Bueno, A. S. and Peres, C. A. 2019. Patch-scale biodiversity retention in fragmented landscapes: reconciling the habitat amount
hypothesis with the island biogeography theory. – J. Biogeogr.
46: 621–632.
Chase, J. M. 2005 Towards a really unified theory for metacommunities. – Funct. Ecol. 19: 182–186.
Chave, J. et al. 2009. Towards a worldwide wood economics spectrum. – Ecol. Lett. 12: 351–366.
Cochrane, M. A. 2003. Fire science for rainforests. – Nature 421:
913–919.
Collins, C. D. et al. 2017. Fragmentation affects plant community
composition over time. – Ecography 40: 119–130.
Cousins, S. A. O. 2009. Extinction debt in fragmented grasslands:
paid or not? – J. Veg. Sci. 20: 3–7.
Csilléry, K. et al. 2010. Approximate bayesian computation (ABC)
in practice. – Trends Ecol. Evol. 25: 410–418.
Csilléry, K. et al. 2012. abc: an R package for approximate Bayesian
computation (ABC). – Methods Ecol. Evol. 3: 475–479.
Denelle, P. et al. 2019. Distinguishing the signatures of local environmental filtering and regional trait range limits in the study
of trait–environment relationships. – Oikos 128: 960–971.
Didham, R. K. et al. 2012. Rethinking the conceptual foundations
of habitat fragmentation research. – Oikos 121: 161–170.
Etienne, R. S. and Olff, H. 2004. A novel genealogical approach
to neutral biodiversity theory. – Ecol. Lett. 7: 170–175.
Ewers, R. M. and Didham, R. K. 2005. Confounding factors in
the detection of species responses to habitat fragmentation.
– Biol. Rev. 81: 117.
Ewers, R. M. et al. 2007. Synergistic interactions between edge and
area effects in a heavily fragmented landscape. – Ecology 88:
96–106.
Fahrig, L. 2013. Rethinking patch size and isolation effects: the
habitat amount hypothesis. – J. Biogeogr. 40: 1649–1663.
Fahrig, L. 2018. Habitat fragmentation: a long and tangled tale.
– Global Ecol. Biogeogr. 28: 33–41.
Ferraz, G. et al. 2003. Rates of species loss from Amazonian forest
fragments. – Proc. Natl Acad. Sci. USA 100: 14069–14073.
Fick, S. E. and Hijmans, R. J. 2017. WorldClim 2: new 1-km
spatial resolution climate surfaces for global land areas. – Int.
J. Climatol. 37: 4302–4315.

11

Figueiredo, L. et al. 2019. Understanding extinction debts: spatio–
temporal scales, mechanisms and a roadmap for future research.
– Ecography 42: 1973–1990.
Gilbert, B. and Levine, J. M. 2017. Ecological drift and the distribution of species diversity. – Proc. R. Soc. B 284: 20170507.
Gilbert, B. et al. 2006. Can neutral theory predict the responses of
Amazonian tree communities to forest fragmentation? – Am.
Nat. 168: 304–317.
Gillespie, T. W. and Jaffré, T. 2003. Tropical dry forests in New
Caledonia. – Biodivers. Conserv. 12: 1687–1697.
Grelle, C. E. V. 2005. Predicting extinction of mammals in the
Brazilian Amazon. – Oryx 39: 347–350.
Haddad, N. M. et al. 2015. Habitat fragmentation and its lasting
impact on Earth’s ecosystems. – Sci. Adv. 1: e1500052.
Halley, J. M. et al. 2014. Extinction debt and the species–area
relationship: a neutral perspective. – Global Ecol. Biogeogr. 23:
113–123.
Harper, K. A. et al. 2005. Edge influence on forest structure and
composition in fragmented landscapes. – Conserv. Biol. 19:
768–782.
Hoffmann, W. A. et al. 2009. Tree topkill, not mortality, governs
the dynamics of savanna–forest boundaries under frequent fire
in central Brazil. – Ecology 90: 1326–1337.
Holdridge, L. R. 1947. Determination of world plant formations
from simple climatic data. – Science 105: 367–368.
Hubbell, S. P. 2001. The unified neutral theory of biodiversity and
biogeography. – Princeton Univ. Press.
Huth, G. et al. 2015. Long-distance rescue and slow extinction
dynamics govern multiscale metapopulations. – Am. Nat. 186:
460–469.
Hylander, K. and Ehrlén, J. 2013. The mechanisms causing extinction debts. – Trends Ecol. Evol. 28: 341–346.
Ibanez, T. et al. 2013. Sharp transitions in microclimatic conditions
between savanna and forest in New Caledonia: insights into the
vulnerability of forest edges to fire: microclimate at the forest
edge. – Austral Ecol. 38: 680–687.
Ibanez, T. et al. 2017a. Community variation in wood density along
a bioclimatic gradient on a hyper-diverse tropical island. – J.
Veg. Sci. 28: 19–33.
Ibanez, T. et al. 2017b. How does forest fragmentation affect tree
communities? A critical case study in the biodiversity hotspot
of New Caledonia. – Landscape Ecol. 32: 1671–1687.
Jabot, F. et al. 2008. Reconciling neutral community models and
environmental filtering: theory and an empirical test. – Oikos
117: 1308–1320.
Jackson, S. T. and Sax, D. F. 2010. Balancing biodiversity in a
changing environment: extinction debt, immigration credit and
species turnover. – Trends Ecol. Evol. 25: 153–160.
Jaffré, T. et al. 1998. Threatened plants of New Caledonia: is the
system of protected areas adequate? – Biodivers. Conserv. 7:
109–135.
Jucker, T. et al. 2018. Topography shapes the structure, composition and function of tropical forest landscapes. – Ecol. Lett. 21:
989–1000
Kraft, N. J. B. et al. 2008. Functional traits and niche-based tree
community assembly in an Amazonian forest. – Science 322:
580–582.
Kuussaari, M. et al. 2009. Extinction debt: a challenge for biodiversity conservation. – Trends Ecol. Evol. 24: 564–571.
Laurance, W. F. 2008. Theory meets reality: how habitat fragmentation research has transcended island biogeographic theory.
– Biol. Conserv. 141: 1731–1744.

12

Laurance, W. F. et al. 2002. Ecosystem decay of Amazonian forest
fragments: a 22-year investigation. – Conserv. Biol. 16:
605–618.
Laurance, W. F. et al. 2006. Rapid decay of tree-community composition in Amazonian forest fragments. – Proc. Natl Acad. Sci.
USA 103: 19010–19014.
Laurance, W. F. et al. 2011. The fate of Amazonian forest fragments:
a 32-year investigation. – Biol. Conserv. 144: 56–67.
Legendre, P. and Legendre, L. F. J. 2012. Numerical ecology.
– Elsevier.
Loranger, J. et al. 2018. What makes trait–abundance relationships
when both environmental filtering and stochastic neutral
dynamics are at play? – Oikos 127: 1735–1745.
MacArthur, R. and Wilson, E. 1967. The theory of island biogeography. – Princeton Univ. Press.
MacDonald, Z. G. et al. 2018. The theory of island biogeography,
the sample-area effect and the habitat diversity hypothesis: complementarity in a naturally fragmented landscape of lake islands.
– J. Biogeogr. 45: 2730–2743.
Magnago, L. F. S. et al. 2014. Functional attributes change but
functional richness is unchanged after fragmentation of Brazilian Atlantic forests. – J. Ecol. 102: 475–485.
Magnago, L. F. S. et al. 2015. Microclimatic conditions at forest
edges have significant impacts on vegetation structure in large
Atlantic forest fragments. – Biodivers. Conserv. 24: 2305–2318.
Martín-Queller, E. et al. 2017. Islands, mainland and terrestrial
fragments: how isolation shapes plant diversity. – Ecol. Evol. 7:
6904–6917.
Matthews, T. J. and Whittaker, R. J. 2014. Neutral theory and the
species abundance distribution: recent developments and prospects for unifying niche and neutral perspectives. – Ecol. Evol.
4: 2263–2277.
McGill, B. J. 2010. Towards a unification of unified theories of
biodiversity: towards a unified theory. – Ecol. Lett. 13: 627–642.
McGill, B. J. et al. 2006. Rebuilding community ecology from
functional traits. – Trends Ecol. Evol. 21: 178–185.
Metzger, J. P. et al. 2009. Time-lag in biological responses to landscape changes in a highly dynamic Atlantic forest region. – Biol.
Conserv. 142: 1166–1177.
Michalski, F. et al. 2007. Disturbance-mediated drift in tree functional groups in Amazonian forest fragments. – Biotropica 39:
691–701.
Miller-Rushing, A. J. et al. 2019. How does habitat fragmentation
affect biodiversity? A controversial question at the core of conservation biology. – Biol. Conserv. 232: 271–273.
Moles, A. T. 2018. Being John Harper: using evolutionary ideas to
improve understanding of global patterns in plant traits. – J.
Ecol. 106: 1–18.
Munoz, F. et al. 2007. Estimating parameters of neutral communities: from one single large to several small samples. – Ecology
88: 2482–2488.
Munoz, F. et al. 2008. Beta diversity in spatially implicit neutral
models: a new way to assess species migration. – Am. Nat. 172:
116–127.
Munoz, F. et al. 2018. ecolottery: simulating and assessing community assembly with environmental filtering and neutral
dynamics in R. – Methods Ecol. Evol. 9: 693–703.
Myers, N. et al. 2000. Biodiversity hotspots for conservation priorities. – Nature 403: 853–858.
Niebuhr, B. B. S. et al. 2015. Survival in patchy landscapes: the
interplay between dispersal, habitat loss and fragmentation.
– Sci. Rep. 5: 11898.

Oksanen, J. et al. 2019. vegan: community ecology package. – Version 2.5-5.
Pausas, J. G. 2015. Bark thickness and fire regime. – Funct. Ecol.
29: 315–327.
Pellegrini, A. F. A. et al. 2017. Convergence of bark investment
according to fire and climate structures ecosystem vulnerability
to future change. – Ecol. Lett. 20: 307–316.
Pérez-Harguindeguy, N. et al. 2013. New handbook for standardised measurement of plant functional traits worldwide. – Aust.
J. Bot. 61: 167–234.
Püttker, T. et al. 2015. Ecological filtering or random extinction?
Beta-diversity patterns and the importance of niche-based and
neutral processes following habitat loss. – Oikos 124: 206–215.
Rosell, J. A. 2016. Bark thickness across the angiosperms: more
than just fire. – New Phytol. 211: 90–102.
Swenson, N. G. 2013. The assembly of tropical tree communities
– the advances and shortcomings of phylogenetic and functional trait analyses. – Ecography 36: 264–276.

Taubert, F. et al. 2018. Global patterns of tropical forest fragmentation. – Nature 554: 519–522.
Vellend, M. et al. 2013. Historical ecology: using unconventional
data sources to test for effects of global environmental change.
– Am. J. Bot. 100: 1294–1305.
Vellend, M. et al. 2014. Assessing the relative importance of neutral
stochasticity in ecological communities. – Oikos 123: 1420–1430.
Violle, C. et al. 2007. Let the concept of trait be functional! – Oikos
116: 882–892.
Volkov, I. et al. 2003. Neutral theory and relative species abundance
in ecology. – Nature 424: 1035–1037.
Wilson, E. O. and Willis, E. O. 1975. Applied biogeography. – In:
Cody, M. L. and Diamond, J. M. (eds), Ecology and evolution
of communities. Harvard Univ. Press, pp. 522–534.
Wright, I. J. et al. 2004. The worldwide leaf economics spectrum.
– Nature 428: 821–827.
Zurell, D. et al. 2010. The virtual ecologist approach: simulating
data and observers. – Oikos 119: 622–635.

Supplementary material (available online as Appendix ecog04870 at < www.ecography.org/appendix/ecog-04870 >).
Appendix 1–8.

13

