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Abstract
1.	 Functional diversity is a multidimensional concept, with different dimensions cap-

turing how functional traits are distributed within communities. Exploring how 
these dimensions scale with island area (functional diversity–area relationships 
[FDARs]) is key to understanding how habitat size shapes diversity and commu-
nity assembly.

2.	 Using avian abundance and richness data from three habitat-island systems in 
southern Brazil, we analysed FDARs using three dimensions - functional richness 
(FRic), divergence (FDiv) and regularity (FReg) - to test how species abundance 
influences FDAR form, how FDARs differ among dimensions, and how standard-
ized functional diversity values scale with island area.

3.	 FDARs were modelled using a multimodel approach to assess their form, while 
null models were used to obtain standardised effect sizes (SES) of all indices.

4.	 Abundance had little influence on FDAR form due to strong correlations with 
species richness. FRic increased more steeply with area than FDiv, while FReg 
declined, revealing distinct scaling patterns and showing that habitat loss affects 
FD dimensions differently. SES showed no relationship with area, underscoring 
that species richness is the main driver of FDARs in these habitat island systems.

5.	 Community assembly seemed to be largely driven by neutral dynamics, with only 
a relatively small number of islands characterised by trait clustering and little 
evidence of overdispersion. However, the prevalence of non-random assembly 
patterns varied with island size and across habitat island systems and functional 
diversity dimensions, the latter finding suggesting that different dimensions may 
capture distinct assembly processes.

6.	 These findings underscore the importance of using multidimensional functional 
diversity approaches to disentangle complex assembly processes and guide con-
servation strategies in patchy ecosystems.

K E Y W O R D S
community assembly patterns, functional divergence, functional regularity, functional 
richness, kernel density n-dimensional hypervolumes
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1  |  INTRODUC TION

Assessing the spatial scaling of diversity is essential if we are to 
understand how habitat area and habitat loss affect ecological sys-
tems. This is often approached through the study of species–area 
relationships, which model how species richness is related to area 
(Lomolino, 2000; Matthews & Rigal, 2021). However, diversity ex-
tends beyond species richness, the basis of traditional species–area 
relationships, to include a functional facet (Cadotte et  al.,  2013; 
Mazel & Thuiller, 2021). The alpha diversity (FDα) of this functional 
facet can be assessed through measuring three complementary 
dimensions: functional richness (FRic), the sum of trait differences 
among taxa; functional divergence (FDiv), the average difference 
between taxa; and functional regularity (FReg, sometimes called 
‘functional evenness’), how regular the differences between taxa 
are (the ‘Pavoine–Bonsall’ scheme; Mammola et al., 2021; Pavoine 
& Bonsall, 2011). Due to the complementary nature of diversity fac-
ets, evaluating area effects beyond species richness within a unified 
analytical framework is essential if we are to develop a mechanistic 
understanding of biodiversity patterns and ecosystem functioning 
(Mazel & Thuiller, 2021).

Island functional diversity–area relationships (FDARs) describe 
how some measure of functional diversity scales with island area 
(Mazel & Thuiller, 2021; Smith et al., 2013). Since functional traits 
mediate interactions between organisms and their environment, 
these relationships assist in revealing how spatial processes in-
fluence community structure, assembly and ecosystem function-
ing on islands (Matthews et al., 2023; Mazel & Thuiller, 2021). A 
common approach in FDAR studies is to assess the shape and 
slope of the relationship using data from multiple island systems 
(Matthews, 2021; Matthews et al., 2023). Different model shapes 
and slopes carry distinct theoretical and practical implications, 
underscoring the relevance of this approach for informing con-
servation strategies (Matthews et al., 2023). For example, convex 
and asymptotic curves may emphasize the conservation value 
of small patches by reflecting rapid trait accumulation with area 
across small habitat islands and, in the case of the latter, even-
tual saturation in FDα with increasing area, while sigmoidal and 
non-saturating curves reveal thresholds or non-asymptotic in-
creases in FDα with area that highlight the relatively greater im-
portance of larger habitat patches (Matthews et al., 2023; Mazel 
& Thuiller, 2021).

Traditionally, FDARs have been explored using the rich-
ness dimension of FDα, with FRic typically best fitted by con-
vex or sigmoidal, upward-oriented, non-asymptotic models from 
the power and exponential families (Dias et  al.,  2020; Gao & 
Wang, 2024; Karadimou et al., 2016; Matthews et al., 2023; Mazel 
& Thuiller,  2021). Work to date has shown that FRic FDARs are 
largely driven by species richness, since controlling for the effect 
of richness leads to weak, flat or downward-oriented relationships 
(Dias et  al.,  2020; Gao & Wang,  2024; Matthews et  al.,  2023). 
Comparative studies have also shown that species richness 
tends to accumulate faster with area than FRic (Dias et al., 2020; 

Matthews et al., 2023). Despite such advances, key gaps remain 
in our understanding of FRic FDARs. For example, the impact of 
species abundance on FRic FDARs is unknown due to data and 
methodological limitations. Species abundance patterns influence 
species–area relationships (Chase et al., 2019; Tjørve et al., 2008) 
and likely affect FRic–area patterns as well, but exactly how abun-
dance shapes the form of abundance-weighted FRic FDARs re-
mains unknown.

In contrast to FRic, the scaling of other FDα dimensions with 
area has received comparatively less attention. FDiv tends to show 
highly idiosyncratic patterns, while FReg has been shown to decline 
with area, suggesting less even trait distributions in larger habitats 
(Ding et al., 2013; Ferrari et al., 2023; Gao & Wang, 2024; Karadimou 
et al., 2016). Yet, the extent to which these trends hold across spatial 
scales remains unclear (Karadimou et al., 2016). How FDiv and FReg 
scale with area, once any effect of species richness on these indices 
is controlled for, also remains poorly understood (Ding et al., 2013; 
Ferrari et al., 2023; Mouchet et al., 2010).

Studies assessing how FDα scales with area independently of 
species richness have usually employed null models to derive stan-
dardized effect sizes (SES; Dias et al., 2020; Gao & Wang, 2024; 
Matthews et al., 2023). FDα.SES values are of additional importance 
as they provide insight into island trait-based community assem-
bly, with negative SES values indicating trait clustering and posi-
tive values indicating trait overdispersion (Mazel & Thuiller, 2021). 
Clustering is typically seen as being indicative of the process of 
environmental filtering, whereby specific trait values are sam-
pled from the species pool (i.e. species are functionally more 
similar than expected by chance in local communities; Mazel & 
Thuiller, 2021; Weiher & Keddy, 1995). Interspecific competition, 
which is expected to promote resource partitioning among spe-
cies, is predicted to result in a pattern of trait overdispersion (i.e. 
species being functionally less similar than expected by chance in 
local communities) if traits stabilize niche differences, or a pattern 
of trait clustering if traits equalize fitness differences (Mayfield 
& Levine, 2010; Mazel & Thuiller, 2021; Weiher & Keddy, 1995). 
While some previous studies using FRic.SES have shown that trait-
based community assembly on islands is largely shaped by ran-
dom processes (Dias et al., 2020; Gao & Wang, 2024; Matthews 
et al., 2023), we still lack a general understanding of how assembly 
patterns (i.e. clustering, overdispersion, random) scale with island 
area, particularly in habitat islands.

Here, we combined high-resolution data on avian functional 
traits with kernel density n-dimensional hypervolumes to gener-
ate FDα indices measuring the richness, divergence and regular-
ity dimensions of FDα, and model avian FDARs in three habitat 
island systems with varying species pool sizes, matrix contrasts 
and habitat diversity (Dias et  al.,  2020). Habitat islands are de-
fined as isolates surrounded by non-aquatic and relatively per-
meable matrix habitats that allow some island species to colonize 
the matrix and vice versa (Matthews, 2021). Due to their mobility, 
habitat dependence and the availability of detailed data on their 
functional traits, birds are ideal model organisms for investigating 
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    |  3DIAS et al.

how habitat island area influences functional diversity and asso-
ciated community assembly patterns (Dias et al., 2020; Matthews 
et  al.,  2023; Tobias et  al.,  2022). The use of n-dimensional hy-
pervolumes enabled us to employ a unified analytical framework 
that allows for the calculation of multidimensional measures of 
FDα (FRic, FDiv and FReg) while also incorporating abundance 
data (Mammola et al., 2021; Mammola & Cardoso, 2020; Palacio 
et  al.,  2022). We addressed three primary knowledge gaps in 
FDAR research: (i) How does the inclusion of abundance data af-
fect the form of FRic–area relationships; (ii) what are the similar-
ities and differences between FDARs calculated using different 
FDα dimensions; and (iii) how standardized FD values (i.e. FDα.
SES values) scale with habitat island area and how different trait-
based community assembly patterns are distributed across the 
area gradient.

1.1  |  Theoretical expectations

1.1.1  |  Knowledge gap I

We expect that the form of abundance-weighted FRic FDARs 
would resemble presence–absence FRic FDARs, both being char-
acterized as positive convex-upward relationships, due to the cor-
relations between FRic, species richness and abundance (Ding 
et  al.,  2013; Ferrari et  al.,  2023; Gao & Wang,  2024; Karadimou 
et al., 2016). We focussed solely on FRic to address this knowledge 
gap because existing analyses of FDiv and FReg already commonly 
incorporate abundance data (Mammola et  al.,  2021; Mammola & 
Cardoso, 2020).

1.1.2  |  Knowledge gap II

FDiv is expected to increase with area, as larger habitat islands facili-
tate the coexistence of many functionally distinct abundant species, 
either across the entire functional space or in dispersed clusters, 
owing to increased niche space (Mouchet et  al.,  2010; Villéger 
et al., 2008). FReg, on the other hand, is expected to negatively cor-
relate with area. In smaller areas, where interspecific competition 
may be more intense, the few species present are expected to exhibit 
trait differentiation that reduces resource use overlap and results in 
more even spacing of species in trait space, increasing FReg (Ding 
et  al., 2013; Ferrari et  al., 2023; Karadimou et  al., 2016). In larger 
areas, FReg is expected to decline if certain trait combinations be-
come overrepresented due to increased abundance or redundancy 
effects, leading to uneven distributions of species and individuals 
in trait space despite increased species richness (Ding et al., 2013; 
Ferrari et al., 2023; Karadimou et al., 2016). We predict that there 
will be an initial rapid increase in FDiv with area, followed by a slow-
ing rate for larger habitat islands, and thus that FDiv FDARs will be 
best fitted by convex, non-asymptotic models, mirroring FRic FDARs 
(Ding et al., 2013; Gao & Wang, 2024; Karadimou et al., 2016). The 

same is expected for FReg FDARs, except that the relationship is 
predicted to be negative.

1.1.3  |  Knowledge gap III

We expect that correcting for the effect of species richness on 
FDα indices will yield flat FDARs, as strong relationships between 
raw FDα values and area typically arise from correlations between 
functional and taxonomic diversity (Dias et  al.,  2020; Matthews 
et al., 2023). Habitat islands are typically ‘noisy’ and relatively dis-
turbed systems where communities are predicted to assemble pri-
marily through neutral dynamics (Dias et  al.,  2020; MacArthur & 
Wilson, 1967; Matthews, 2021; Matthews et al., 2023). Given this, 
and the results of previous studies (Dias et  al.,  2020; Matthews 
et al., 2023), we expect that most islands in our dataset will exhibit 
random community assembly patterns, with no systematic relation-
ship between FDα.SES values and island size.

2  |  MATERIAL S AND METHODS

2.1  |  Habitat islands

Our data comprise three independent, natural small-scale habitat 
island systems in Brazil (images of habitat-islands and additional 
details on the sites are available in Dias et al., 2020): (i) wet grass-
land patches in swales and depressions surrounded by drier grass-
lands (n = 46 habitat islands; min–max area = 0.003–0.160 km2; total 
area sampled = 1.696 km2; extent of the landscape where sampling 
was conducted = 5297.69 km2); (ii) bulrush patches in flooded, low-
lying herbaceous vegetation (n = 42; 0.0001–0.0708; 0.3024 km2; 
19.05 km2); and (iii) washouts on a sandy marine beach (n = 22; 
0.0003–0.0432 km2; 0.1158 km2; ca. 70 km stretch). The limits of the 
habitat islands were marked in the field using a handheld GPS (±5 m 
error). These data were uploaded to Google Earth where the area 
was calculated in km2. Our sample of habitat islands represents the 
range of their variability in the landscape. The grassland system has 
a larger spatial extent, larger habitat islands, higher habitat hetero-
geneity and a more permeable matrix (Dias et al., 2020). The bulrush 
and washout systems are smaller and more homogeneous, with the 
former displaying a high contrast with the matrix (Dias et al., 2020).

2.2  |  Replication statement

Scale of inference

Scale at which the 
factor of interest 
is applied

Number of replicates 
at the appropriate 
scale

Habitat island 
systems in the 
landscape

Individual habitat 
islands

46, 42 and 22 
habitat islands in 
three habitat island 
systems
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4  |    DIAS et al.

2.3  |  Bird sampling

Bird counts were carried out at dawn and dusk when birds are 
more detectable (Dias et  al.,  2020). Each island was surveyed 
once by two observers walking its full length along the longest 
axis. The survey covered all points located 10 m inside the pe-
rimeter of the island. All birds seen or heard on each sampled 
island were counted. We used low-volume playback to enhance 
detection of a few elusive species strictly associated with island 
habitats, while minimizing the risk of attracting individuals from 
neighbouring islands. Although we acknowledge that the small 
size of some habitat islands may allow for transient or partially 
resident individuals to be counted, most bird species detected, 
even on the smallest islands, were residents adapted to habitat 
conditions that differed markedly from the surrounding matrix 
(Dias et al., 2020). In grassland and bulrush islands, surveys were 
conducted during the breeding season to further minimize the 
likelihood of detecting transient individuals. Species richness (SR) 
is higher in grasslands, with a range of 3–45 species per island 
and a total of 112 species (Dias et al., 2020). Bulrushes had the 
lowest overall richness with 38 species and only 2–18 species per 
habitat island, while washouts harboured 42 species with 3–30 
species per island (Dias et al., 2020). We obtained permission to 
work on livestock ranches directly from landowners or managers. 
No specific animal ethics approvals were required for this study, 
as birds were only observed in the field and were not captured or 
manipulated.

2.4  |  Functional traits

We used six continuous traits measured from regional museum 
specimens that summarize functional information about avian body 
size and their feeding, walking and flying apparatuses: (i) body mass, 
(ii) length of the exposed culmen/length of the cranium, (iii) culmen 
curvature, (iv) toe span, (v) curvature of the claw of the middle toe 
and (vi) length of the closed wing (Dias et al., 2020). All length meas-
urements were divided by the cubic root of body mass to account for 
allometric differences. Traits have a low correlation with each other 
(r < 0.7) and are not phylogenetically conserved (Dias et al., 2020). As 
such, we used the individual traits to calculate FD rather than first 
undertaking dimensionality reduction analyses.

The selected traits describe complementary aspects of avian 
functional diversity. Body mass correlates with metabolic rate, for-
aging behaviour, longevity and home range size (Luck et al., 2012). 
The morphology of the bill and feet is related to various aspects 
of foraging behaviour, such as the type of food consumed, food 
location and consumption (Botero-Delgadillo & Bayly,  2012; Luck 
et al., 2012). Wing morphology is linked to movement capacity and 
resource use. Longer wings relative to body size enable birds to 
disperse and migrate over long distances, linking resources more ef-
ficiently among isolated habitats (Botero-Delgadillo & Bayly, 2012; 
Claramunt et al., 2011).

2.5  |  FD indices

We built a species-trait matrix including all species across the three 
datasets (i.e. a single ‘global’ trait space), using raw trait values, 
except for body mass which was log-transformed to correct for 
skewness, and a community matrix with the abundance of each 
species in each island (Tables S1.1–S1.6). The trait data were then 
centralized and normalized (i.e. z-scores). These six traits were 
used to build Gaussian kernel density n-dimensional hypervolumes 
for each island, based on Euclidean distances (Blonder et al., 2014, 
2018; Mammola & Cardoso,  2020) with the ‘kernel.build’ func-
tion of the BAT R package version 2.9.2 (Cardoso et al., 2022) for 
R version 4.2.2 (R Core Team,  2023). We used consistent band-
width values across all hypervolumes; these bandwidth values 
were calculated using the ‘estimate_bandwidth’ function from the 
hypervolume R package and the trait data for all species across 
our datasets (Ali et al., 2023; Blonder et al., 2018). The Gaussian 
method approximates trait values as clouds of stochastic points 
sampled from the set of observed trait values of the species in the 
community (Blonder et al., 2018). When abundance data are used, 
each observation is weighted by replicating it times the abun-
dance in the estimation of the hypervolume. We used the ‘kernel.
alpha’, ‘kernel.dispersion’ and ‘kernel.evenness’ functions of the 
BAT package to calculate indices of functional richness (FRic), 
functional divergence (FDiv) and functional regularity (FReg, 
which is sometimes termed functional evenness). All three indices 
were calculated using abundance data, and FRic was also calcu-
lated using presence–absence data. FRic is expressed as the total 
volume of the n-dimensional hypervolume (Cardoso et  al., 2022; 
Mammola & Cardoso, 2020). FDiv was calculated with the ‘kernel 
divergence’ method and is expressed as the average distance be-
tween stochastic points within the hypervolume and the centroid 
of these points (Cardoso et al., 2022; Carmona et al., 2019). FReg 
describes the functional evenness of a community and is calcu-
lated as the overlap between the observed hypervolume and a 
theoretical hypervolume where traits and abundances are evenly 
distributed within the range of their values (Cardoso et al., 2022; 
Carmona et al., 2016, 2019). We built a correlation table for each 
island system to explore relationships between the three FDα in-
dices, SR and abundance. As some authors have warned against 
using relatively large numbers of axes in hypervolume construction 
when sample size is limited (e.g. Blonder et al., 2014), we re-built 
the hypervolumes (with abundance data) using only three axes 
(re-calculating the bandwidth values using these three axes) and 
correlated the resultant three FDα indices with the equivalent ver-
sions from our main analyses. To generate the three axes, we per-
formed a Principal Component Analysis using our full species-trait 
matrix, extracting the first three axes.

We used null models to calculate SES of the FDα indices. Our 
procedure involved randomizing the species in the trait matrix 
to avoid species having trait combinations that lack biological sig-
nificance, such as breaking allometry rules. This method is analo-
gous to the ‘taxa.labels’ method of the R package picante (Kembel 
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    |  5DIAS et al.

et al., 2010). This randomized trait matrix was then used to calcu-
late the three FDα indices. We repeated this procedure 999 times. 
The null model treats each island independently, and island species 
richness is fixed at the observed value. We estimated SES and as-
sociated p-values for each of the three FDα indices using the BAT 
function ‘ses’ to assess the significance of the deviation of observed 
values from the null expectations. Statistically significant (p < 0.05) 
positive FD.SES values indicate overdispersion, while clustering is 
indicated by statistically significant (p < 0.05) negative FD.SES val-
ues. Non-significant FD.SES values indicate random community as-
sembly patterns. We reran the null models using the effect size (ES) 
approach (Matthews et  al.,  2023) and obtained consistent results 
(Figure S1.7). We only computed SES for abundance-weighted FRic, 
omitting presence–absence FRic due to their strong correlation, and 
because we also calculated abundance-weighted FDiv and FReg, 
thus ensuring comparability.

2.6  |  Knowledge gaps I and II—FDAR modelling 
procedures

We modelled FDARs in arithmetic space by comparing the fit of 20 
SAR models using the ‘sar_average’ function of the sars R package 
version 2.0.0 (Matthews et al., 2019) and an Information Theoretic 
approach (Burnham & Anderson,  2002). Models were fit in arith-
metic space to enable clearer ecological interpretation, ensure 
comparability across indices and systems, and avoid artefacts intro-
duced by log-transformations, which can alter model forms and ob-
scure differences in functional diversity–area relationships (Tjørve, 
2003, 2009; Triantis et al., 2012). In arithmetic space, models were 
assessed for normality via the Shapiro–Wilk test and for homosce-
dasticity of residuals via a Pearson's product–moment correlation 
between residuals and area (α = 0.05 for both tests). Normality and 
homoscedasticity tests were not performed during the initial run of 
the ‘sar_average’ function for ease, but were conducted afterwards, 
only for the most plausible models (see below). The model selection 
was run separately for each of the three island systems and each 
of FRic, FDiv and FReg. Simple linear regression was used for the 
linear model, while the remaining models were fitted using nonlinear 
regression (Matthews et al., 2019). In the latter case, the selection of 
model starting parameter values was undertaken using a grid search 
method (we set the ‘grid_start’ argument to ‘exhaustive’ with 1000 
sampling points). It should be noted that functionality in the sars R 
package places constraints on some models (to enable better fitting 
properties in most use cases) such that they are not able to pro-
vide good fits to negative relationships. As such, a small number of 
the 20 models are unlikely to provide good fits to the hypothesized 
FReg–area relationships. The observed shape of a model fit is de-
termined using a sequential algorithm that identifies whether the fit 
is a straight line or, if not, classifies the observed shape as convex 
or sigmoidal based on analysis of the second derivative of the fit. 
We evaluated model performance using the second-order Akaike 

information criterion (AICc), selecting the model with the lowest AICc 
value as the most plausible (Burnham & Anderson, 2002). Models 
with ΔAICc (i.e., the relative difference in AICc values between each 
model and the most plausible model) <2 were considered to have 
similar empirical support. We used AICc weights (wAICc) to estimate 
the probability of each model being the best fit for the data among 
the set of models considered.

In the bulrush and washout datasets, the distribution of island 
area values is uneven, with a small number of relatively large habitat 
islands and many relatively small islands. To assess whether the in-
dividual larger islands have an undue influence on the model fits, we 
undertook a jackknife-type cross-validation procedure, testing the 
effect of the three largest islands. For a given dataset, we removed 
the largest island and re-ran the model fitting and comparison. We 
then re-instated this data point and removed the second largest is-
land, and so on.

We further evaluated if the rate of change in diversity with in-
creasing area differed among the three dimensions of FDα. We 
used the ‘lin_pow’ function from the sars R package to fit log–log 
power models for all our datasets and obtain comparable z-values 
(Tjørve, 2009).

2.7  |  Knowledge gap III—Modelling FDAR.SES 
values and assessing the scaling of trait-based 
community assembly patterns

To determine whether there was any systematic change in FDα.
SES values along the habitat island area gradient, given that strong 
FDARs often result from correlations between functional diver-
sity and species richness (Dias et al., 2020; Matthews et al., 2023), 
for each island system separately we compared the fit of a null 
(intercept-only) model, a linear model and two piecewise breakpoint 
regression models, using the ‘sar_threshold’ function in the sars R 
package (Matthews & Rigal,  2021). Piecewise breakpoint regres-
sion models were used because dominant community assembly 
processes may vary across spatial scales (Gao & Wang, 2024), and 
these models have previously been shown to be useful for model-
ling how SES values scale with area (Matthews et al., 2020). We did 
not fit the set of 20 SAR models used above here as there are no 
theoretical reasons to expect convex or sigmoidal shaped relation-
ships for SES–area relationships (Matthews et al., 2023). The break-
point models comprised the one-threshold continuous model and 
the one-threshold zero slope model (where the first segment has a 
slope of zero). Within the ‘sar_threshold’ function, we set the ‘inter-
val’ argument to 0.001 and the ‘nisl’ argument (the minimum number 
of islands to be contained within each segment, in the case of the 
breakpoint models) to five. Models were compared using AICc and, 
following Matthews et al. (2020, 2023), we fitted the models in semi-
log space (log10). If the null model had the lowest AICc value or a 
ΔAICc value <2, we considered there to be no relationship between 
SES values and area.
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3  |  RESULTS

3.1  |  Avian abundance and FD

Bird abundance was highest in washouts, followed by grass-
lands and bulrushes (Tables  S1.8–S1.10). FRic values based on 
presence–absence data were higher than values associated with 
abundance-weighted data but showed the same trend, with the 
highest values in grasslands and the lowest in bulrushes. FDiv was 
similar in grasslands and washouts but slightly lower in bulrushes, 
while FReg was highest in bulrushes and lowest in washouts. In 
all island systems, strong positive correlations (r ≥ 0.7) were ob-
served between abundance, SR and the abundance-weighted and 
presence–absence FRic values (obtained from a correlation table; 
Table S1.11). FDiv and FReg exhibited strong negative correlations 
in grasslands and bulrushes (r = −0.9 and −0.8, respectively), but 
less so in washouts (r = −0.5).

For both FRic and FDiv, the FDα values generated using hy-
pervolumes built with three trait axes were highly correlated with 
those used in our main analyses (Pearson's r > 0.90; Table  S1.12). 
The correlations involving FReg were lower, which makes sense as 
this metric involves calculating and overlapping two hypervolumes, 
although only substantially so for washouts (grassland: r = 0.84; bul-
rush: r = 0.69; washout: r = 0.27).

3.2  |  Knowledge gaps I and II—FDAR models

From the 20 candidate models, between 1 and 4 models were se-
lected for each dimension of FDα per habitat island system based 
on the criteria of lowest AICc and wAICc >0.1 (Table 1; Figure 1; 
complete results of the modelling procedures are detailed in 
Tables  S1.13–S1.16). Presence–absence versus abundance-
weighted FRic FDARs were best fit by the same model types and 
displayed similar patterns. No single model was included among 
the most plausible models best fitting FRic FDARs across the three 
island systems. FRic FDARs were convex-upwards in bulrushes, 
mostly sigmoidal in washouts, and both convex-upward and sig-
moidal model fits were observed in grasslands. Non-asymptotic 
FDARs were found in bulrushes for both presence–absence and 
abundance-weighted FRic. In grasslands, abundance-weighted 
FRic FDARs were asymptotic, as they were for both presence–
absence and abundance-weighted FRic in washouts. Of the most 
plausible models in bulrushes and washouts, presence–absence 
FRic FDAR models violated the assumption of homogeneity of 
variances, while abundance-weighted FRic models violated this 
assumption only in the bulrush system. Area explained most of the 
variation in all FRic analyses, with adjusted R2 values of the most 
plausible models varying between 0.62 and 0.83.

The most plausible models best fitting FDiv and FReg FDARs 
also differed across our island systems. Only in grasslands was 
the most plausible FDiv FDAR model convex-upward and asymp-
totic. In the remaining island systems, FDiv FDAR model fits were 

non-asymptotic and mostly sigmoidal. FReg FDAR model fits were 
largely convex-downward and non-asymptotic, except in washouts, 
where they were sigmoidal or convex-upward in one instance. All 
the most plausible models best fitting FReg in bulrushes violated the 
assumption of homogeneity of variances. Adjusted R2 values of the 
most plausible FDiv and FReg FDAR models were lower than for the 
FRic models, varying between 0.17 and 0.28 in the former and 0.11 
and 0.43 in the latter.

Our jackknife cross-validation sensitivity test indicated that the 
selection of the best model (i.e., the model with the lowest AICc 
value) was relatively robust to the removal of individual larger is-
lands (Table S1.17). In the 36 jackknife model comparisons (3 data-
sets × 4 FD indices × 3 individual data point removals), the original 
best model remained the best model in 30 cases and was only out of 
the top three in two cases.

The z-values of the log–log power model demonstrated that 
FRic (mean z = 0.35 for presence–absence and 0.29 for abundance-
weighted) accumulated faster with increasing area than FDiv (mean 
z = 0.04; Table 2; Figure 2). FReg (mean z = −0.17) declined with area, 
in grasslands and bulrushes rather abruptly.

3.3  |  Knowledge gap III—Modelling FDAR.SES 
values and assessing the scaling of trait-based 
community assembly patterns

Standardized effect sizes of FD indices showed no relationship 
with area, as intercept-only models were consistently the best fit 
or within 2 AICc units of the top model (Table 3; Figure 3). Across 
all islands in the three systems, most SES values for the three FDα 
indices were non-significant (59%–80% in grasslands, 79%–90% in 
bulrushes 73%–91% in washouts), indicating random trait-based 
community assembly (Figure  3). Overall, FRic.SES and FDiv.SES 
exhibited similar assembly patterns (i.e., most islands had non-
significant SES values), though the use of FRic.SES resulted in rela-
tively more islands with a significantly clustered pattern (31% of the 
total 110 islands vs. 24% for FDiv.SES). Overdispersion was detected 
only with FReg.SES, occurring in 9%–20% of islands across all three 
systems. Grasslands had the highest number of islands with a signifi-
cantly clustered assembly pattern for both FRic.SES and FDiv.SES, 
while washouts showed the lowest occurrence of significant overd-
ispersion for FReg.SES. FRic.SES and FDiv.SES clustering spanned 
the full area gradient in grasslands and washouts but was rarer in the 
smallest washouts. In bulrushes, clustering was detected mostly for 
mid-sized islands. FReg.SES overdispersion was limited to small and, 
particularly, mid-sized islands.

Most habitat islands with non-random assembly patterns (i.e., 
significant clustering or overdispersion) in one dimension also 
showed non-random patterns in others, but not always the same 
pattern (Figure  S1.18). For example, islands displaying significant 
clustering with FRic.SES often showed this same pattern with FDiv.
SES, while islands displaying significant overdispersion with FReg.
SES often also displayed clustering with FRic.SES and FDiv.SES. 
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    |  9DIAS et al.

Some grassland and bulrush islands exhibited non-random patterns 
across all three dimensions.

4  |  DISCUSSION

Previous FDAR studies have primarily focused on FRic, or, when ad-
dressing other FD dimensions, failed to explore a diverse range of 
model types (e.g., Dias et al., 2020; Karadimou et al., 2016; Matthews 
et  al.,  2023). Using an analytical framework that evaluated differ-
ent FDAR models across multiple dimensions of FDα, we identified 
high variability in their type and shape, including asymptotic and 

sigmoidal patterns. Despite such variability, FRic and FDiv tended 
to increase with area, the former more rapidly, while FReg tended to 
decline. Our findings also showed that FRic FDARs were consistent 
across presence–absence and abundance-weighted data, reflecting 
the strong correlation between species richness and abundance. 
Controlling for species richness nullified the observed FDARs, con-
firming that species richness is the main driver of variation in func-
tional diversity with area in habitat islands, as shown previously for 
presence-absence FRic (Dias et  al.,  2020; Matthews et  al.,  2023). 
The limited evidence of significant trait clustering and overdisper-
sion suggests that stochastic processes dominate trait-based com-
munity assembly in our study systems. Our findings reinforce the 

F I G U R E  1  Functional richness– (FRic, both presence–absence based and abundance-weighted), divergence– (FDiv), and regularity– 
(FReg) area relationships in three habitat island systems. Only the most plausible model fit (i.e. the model with the lowest AICc value; solid 
line) is shown in each case.
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10  |    DIAS et al.

importance of using a multidimensional FDα framework, which can 
uncover assembly patterns not detectable through single-dimension 
analyses.

4.1  |  Knowledge gap I—Effect of species 
abundances on FRic FDARs

Using kernel density n-dimensional hypervolumes allowed us to com-
pare presence-absence and abundance-weighted FRic FDARs. We 
found no major differences in the type and characteristics of models 
best fitting these relationships within island systems. However, pres-
ence–absence models had steeper slopes than abundance-weighted 
models, likely because the stochastic points in hypervolume-based 
trait space tend to cluster around the traits of abundant species, 
leaving unoccupied regions elsewhere and thereby reducing the ex-
pansion of FRic as area increases.

4.2  |  Knowledge gap II—Comparing model 
shape and slope of FRic, FDiv and FReg FDARs

Contrary to our expectations, we found considerable variability in 
the type, shape, orientation and the presence (or absence) of an as-
ymptote in models best fitting FDARs. While previous studies using 

presence–absence data, functional dendrograms and the same set 
of 20 candidate models have demonstrated that FRic FDARs were 
primarily characterized by non-asymptotic convex-upward models 
of the power and exponential families (Dias et al., 2020; Matthews 
et  al.,  2023), our results revealed a broader spectrum of relation-
ship forms. Specifically, we identified asymptotic and sigmoidal re-
lationships in some cases, which suggests that FDα either stabilizes 
beyond certain thresholds or exhibits inflection points. However, it 
should be noted that the best fit models in a small number of cases 
have forms that are difficult to explain ecologically (e.g., FDiv in 
washout; Figure 1), a common occurrence in island species–area re-
lationship model comparison analyses (Triantis et al., 2012).

FRic FDARs consistently had higher R2 values than those of FDiv 
and FReg, indicating that habitat size more strongly predicts the 
total volume of trait space (i.e. the cloud of stochastic points sam-
pled from species-level trait observations) than the internal structure 
of that space, such as the distribution or evenness of those points 
(Ding et al., 2013; Ferrari et al., 2023; Karadimou et al., 2016). The 
faster accumulation of FRic with area suggests that very small islands 
may fail to capture the full range of functional traits in a given system 
(Mammola et al., 2021; Matthews et al., 2023; Mazel & Thuiller, 2021; 
Mouchet et al., 2010). The decline in FReg with increasing area has 
been associated with the presence of more rare species and the 
higher abundances of common species in larger islands, which tend 
to expand the overall trait space but lead to a more uneven spread 

z-value 
(log–log)

z-value 
(arithmetic) R2(adj) Nor Hom

Richness dimension

Grassland system—presence–
absence FRic

0.40 0.34 0.68 🗶 ✔

Grassland system—abundance-
weighted FRic

0.37 0.31 0.64 ✔ ✔

Bulrush system—presence–
absence FRic

0.31 0.33 0.67 ✔ ✔

Bulrush system—abundance-
weighted FRic

0.24 0.25 0.56 ✔ ✔

Washout system—presence-
absence FRic

0.35 0.39 0.64 ✔ ✔

Washout system—abundance-
weighted FRic

0.26 0.31 0.50 ✔ ✔

Divergence dimension

Grassland system—FDiv 0.06 0.06 0.28 ✔ ✔

Bulrush system—FDiv 0.05 0.06 0.18 ✔ 🗶

Washout system—FDiv 0.02 0.02 −0.02 ✔ ✔

Regularity dimension

Grassland system—FReg −0.32 −0.41 0.32 ✔ ✔

Bulrush system—FReg −0.27 −0.27 0.02 🗶 ✔

Washout system—FReg 0.07 0.01 −0.04 ✔ ✔

Note: z-values of power models fitted in arithmetic space and adjusted R2 values of the log–log 
power model fits are also given. The ‘✔’ and ‘🗶’ indicate satisfaction or violation, respectively, of 
the normality of the residuals (Nor) and the homogeneity of variances (Hom) assumptions for the 
log–log power model fits.

TA B L E  2  z-values of log–log power 
models fitted to multidimensional 
functional diversity–area relationships in 
three habitat island systems.
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    |  11DIAS et al.

F I G U R E  2  Functional diversity–area relationships fitted using a log–log transformation. The fit of a linear model (i.e. the log–log power 
model; solid line) is shown, with the associated z-value and R2 value also presented. Note these are the standard R2 values and thus differ 
slightly from the adjusted R2 values provided in Table 2.
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TA B L E  3  Summary of the fit of piecewise, linear and intercept-only models of the relationship between island area and the standardized 
effect sizes of multidimensional avian functional diversity in three habitat island systems.

AICc R2 Threshold 1 Segment 1 Segment 2

Richness dimension

Grassland system—abundance-weighted FRic.SES

Intercept-only 157.70 0.00 - - -

Linear 159.15 0.02 - - -

ZslopeOne 159.82 0.05 −1.13 41 5

ContOne 162.35 0.05 −1.13 41 5

Bulrush system—abundance-weighted FRic.SES

Intercept-only 135.25 0.00 - - -

Linear 137.57 0.00 - - -

ZslopeOne 138.98 0.02 −1.79 37 5

ContOne 140.53 0.05 −2.67 22 20

Washout system—abundance-weighted FRic.SES

Intercept-only 79.88 0.00 - - -

Linear 81.05 0.07 - - -

ZslopeOne 84.29 0.06 −3.25 5 17

ContOne 84.51 0.18 −2.90 12 10

Divergence dimension

Grassland system—FDiv.SES

ZslopeOne 146.88 0.11 −1.20 41 5

Intercept-only 147.35 0.00 - - -

Linear 147.74 0.04 - - -

ContOne 149.40 0.11 −1.20 41 5

Bulrush system—FDiv.SES

Intercept-only 124.54 0.00 - - -

Linear 126.69 0.00 - - -

ZslopeOne 128.38 0.02 −1.79 37 5

ContOne 128.62 0.08 −3.34 6 36

Washout system—FDiv.SES

ContOne 59.24 0.39 −2.91 12 10

Linear 59.84 0.15 - - -

Intercept-only 60.84 0.00 - - -

ZslopeOne 63.11 0.15 −3.25 5 17

Regularity dimension

Grassland system—FReg.SES

Intercept-only 171.16 0.00 - - -

Linear 172.16 0.03 - - -

ZslopeOne 174.94 0.02 −1.68 15 31

ContOne 175.46 0.06 −1.20 40 6

Bulrush system—FReg.SES

Intercept-only 152.14 0.00 - - -

Linear 154.16 0.01 - - -

ZslopeOne 154.35 0.06 −1.79 37 5

ContOne 156.85 0.06 −1.79 37 5
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    |  13DIAS et al.

of species and individuals within trait space (Ding et al., 2013; Ferrari 
et al., 2023; Karadimou et al., 2016). This suggests that larger natu-
ral habitat islands may be less resilient to environmental change, as 
low functional redundancy in some regions of trait space may con-
strain the capacity of the system to respond effectively to distur-
bance (Karadimou et al., 2016; Mazel & Thuiller, 2021). The steeper 
FDAR slopes observed in the grassland system, where bird and habi-
tat diversity are higher and the matrix is more permeable, may signal 
greater functional sensitivity to area reduction compared to the other 
systems. While limited sample size precludes comparisons, this pat-
tern suggests that in more homogeneous and isolated habitat island 

systems (such as the bulrush and washout systems here), a few spe-
cies adapted to the prevailing habitat conditions may occur across the 
entire island size gradient and maintain key functions despite area loss 
(Bastazini et  al.,  2019; González-del-Pliego et  al.,  2024; Henderson 
et al., 2020). Nonetheless, we acknowledge the debate over apply-
ing species–area relationships backwards to estimate diversity loss 
(Fattorini & Borges,  2012; He & Hubbell,  2013) and recognize that 
similar concerns likely extend to FDARs.

Large islands lacked the combination of relatively low FRic and 
FDiv with high FReg, while small and mid-sized islands exhibited 
greater variability in FDiv and FReg. This pattern is consistent 

AICc R2 Threshold 1 Segment 1 Segment 2

Washout system—FReg.SES

ContOne 64.70 0.40 −2.87 13 9

Intercept-only 66.69 0.00 - - -

Linear 68.78 0.03 - - -

ZslopeOne 71.94 0.02 −3.25 5 17

Note: Models are ranked using the corrected Akaike's information criterion (AICc). ‘ZslopeOne’ is a left-horizontal model (i.e., the first slope is fixed 
at zero) with a single threshold, while ‘ContOne’ is a continuous model (i.e., both slopes can vary) with a single threshold. The models were fitted in 
semi-log space. Values of the coefficient of determination (R2), the threshold values and the number of data points within each segment are given. 
Threshold 1 is the log10 threshold value, and Segment 1 and Segment 2 provide the number of data points within each segment.

TA B L E  3  (Continued)

F I G U R E  3  Relationships between standardized effect sizes (SES) of abundance-weighted FRic, FDiv and FReg and log10(area) in three 
habitat island systems. In all cases, the intercept-only model (not shown) was more, or as equally, plausible as the other candidate models. 
Red circles indicate islands with significantly more functional diversity than expected based on a null model (overdispersion), green circles 
indicate significantly less functional diversity than expected (clustering), and blue circles indicate functional diversity not different from 
expected (random assembly), given the regional species pool.
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14  |    DIAS et al.

with expectations, as low FRic and FDiv would indicate less and 
underutilized functional space, which is unlikely on large islands 
with greater resource availability (Ferrari et  al.,  2023; Mammola 
et al., 2021; Mouchet et al., 2010). In contrast, relatively high FDiv 
on some small and mid-sized islands may reflect the presence of 
a few abundant, functionally distinct species that partition lim-
ited resources more efficiently (Matthews et  al.,  2023; Mouchet 
et al., 2010). Why this only occurs on certain small and mid-sized 
islands is unknown. The variable FReg values observed in small 
islands likely reflect differences in species abundance and trait 
distributions, where some island assemblages comprise species 
with evenly spaced traits, possibly due to limiting similarity, while 
others are dominated by a few distinct species, leading to trait 
clustering (Ferrari et  al.,  2023; Karadimou et  al.,  2016; Mouchet 
et al., 2010). These patterns suggest that small and mid-sized is-
lands may contribute to functional diversity in ways not captured 
by species richness alone, supporting the relevance of FDARs for 
identifying conservation value across the full range of island sizes 
(Dias et  al.,  2020). However, we acknowledge the need for cau-
tion in this interpretation given the potential influence of transient 
functionally distinct species that can disproportionately influence 
FDα indices (Basile, 2022), particularly on small and mid-sized hab-
itat islands.

4.3  |  Knowledge gap III—SES.FDAR models and the 
scaling of trait-based community assembly patterns

As expected, abundance-weighted SES.FRic, SES.FDiv, and SES.
FReg showed no discernible relationship with island area, confirming 
that the scaling of unstandardized FDα indices with habitat island 
area is primarily due to increasing SR rather than systematic shifts 
in dominant community assembly processes (Dias et al., 2020; Ding 
et  al.,  2013; Matthews et  al.,  2023). Irrespective of the dimension 
investigated, random FDα values (i.e., FDα values not significantly 
different than expected based on our null model) dominated across 
systems. This finding supports previous studies arguing that neu-
tral dynamics are likely the primary drivers of community assem-
bly in habitat islands (Dias et al., 2020; MacArthur & Wilson, 1967; 
Matthews et al., 2023). However, these results could also be gener-
ated through a combination of different processes (e.g. habitat filter-
ing and competition) acting simultaneously and effectively cancelling 
each other out.

Significant clustering (FDα values significantly lower than ex-
pected) was observed for FRic and FReg along the entire grassland 
area gradient but was absent on the smallest bulrush and washout, 
and largest bulrush, islands. While mostly non-significant, SES.FRic 
and SES.FDiv values were usually negative, indicating a weak ten-
dency for clustering, consistent with other island community assem-
bly research (Dias et al., 2020; Matthews et al., 2023; Si et al., 2022). 
Trait clustering is often associated with environmental filtering, a 
process that is theorized to act more strongly on islands with low 
habitat diversity, which typically are small (Dias et  al.,  2020; Ding 

et al., 2013; Matthews et al., 2023), but it may also be influenced by 
processes such as competition, which is also theorized to be stron-
ger in relatively smaller habitat islands (Mayfield & Levine,  2010; 
Mouchet et al., 2010; Villéger et al., 2008).

Our results further emphasize the rarity of trait overdispersion 
(FDα values significantly higher than expected) in habitat islands (Dias 
et  al.,  2020; Gao & Wang,  2024; Matthews et  al.,  2023). Significant 
trait overdispersion was only detected when using FReg, a metric 
theoretically sensitive to competition effects at small scales (Mazel & 
Thuiller, 2021; but see Mouchet et al., 2010; Villéger et al., 2008 for 
discussion on its sensitivity to habitat filtering). Significant trait overdis-
persion was absent from the smallest and largest islands, particularly 
in bulrushes and washouts. Mid-sized islands may be more prone to 
trait overdispersion as they provide more niche space than smaller 
islands but remain limited compared to larger ones, potentially inten-
sifying interspecific competition. This may result in the presence of 
multiple guilds, each containing a few species due to intensified inter-
specific competition, leading to functional overdispersion (Matthews 
et al., 2023).

Interestingly, some islands showed contrasting patterns across 
FDα dimensions, with significant clustering in one index and sig-
nificant overdispersion in another. Rather than indicating a sin-
gle dominant process, such divergence may reflect the operation 
of different filters acting on different aspects of trait structure 
(Mazel & Thuiller, 2021; Mouchet et al., 2010; Villéger et al., 2008). 
Nonetheless, interpretations of SES.FDiv and SES.FReg should be 
undertaken with caution given that the effects of richness correc-
tion on these dimensions are less understood.

5  |  CONCLUSION

Our findings challenge traditional approaches to FDAR research 
by demonstrating the value of integrating multidimensional FDα 
in a unified analytical framework. This approach not only revealed 
variability in FDARs across FDα dimensions but also highlighted the 
potential influence of both within-island and between-island char-
acteristics in shaping this variability. We encourage future FDAR 
research to systematically assess the relationships between species 
richness, abundance, and FDα metrics prior to model fitting to bet-
ter understand the influence of taxonomic structure on functional 
diversity and to strengthen result interpretation. The complemen-
tary use of FRic, FDiv and FReg is essential to disentangle dominant 
community assembly processes and identify priority patches for 
conservation. Expanding this framework to other insular systems 
and exploring mechanisms such as environmental filtering and com-
petition on community assembly at finer scales will enhance the 
generalizability of our findings. Simulation-based studies could also 
provide deeper insights into the occurrence of both trait clustering 
and overdispersion within habitat islands. Ultimately, a multidimen-
sional perspective on FDARs is vital to advancing our understand-
ing of community assembly and guiding conservation strategies in 
patchy environments.
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body mass.
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