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Abstract 

Questions: The taxonomic and functional composition of plant communities capture different 

dimensions of diversity. Functional diversity (FD) – as calculated from species traits – typically 

increases with species richness in communities and is expected to be higher in less extreme 

environments, where a broader range of functional strategies can persist. Further, woody and 

herbaceous plant families may contribute disproportionately to FD in different bioregions. To build 

an understanding of these questions using Australia as a case study we aimed to quantify how FD 

varies: (1) with species richness, (2) with climate, and (3) between major plant families representing 

different growth forms.  

Location: Australia.

Methods: Data on species distribution and functional traits for 14,003 species were combined and 

FD approximated using hypervolumes (i.e. multidimensional species assemblage trait niche) based on 

three traits key to understanding plant ecological strategies: leaf size, seed mass and adult height. Plant 

assemblage hypervolumes were calculated including all species with suitable habitat in each 10 × 10 

km grid cell across Australia, and in each of 85 bioregions. Within bioregions FD was also calculated 

separately for a suite of largely woody and herbaceous plant families. Relationships between FD, 

species richness and climate were explored. 

Results: As predicted, FD was positively related to species richness and annual precipitation, and 

negatively related to summer maximum temperature, both in analyses of 10 × 10 km grid cells and of 

bioregions (all p <0.005). However, FD was lowest at intermediate winter minimum temperatures. 

Patterns identified in families representing different growth forms varied to those observed for all 

species analysed together. 

Conclusions: Strong links between FD and climate could mean significant shifts in the FD of 

ecosystems with climate change. Monitoring changes in FD and associated ecosystem functions 

requires a detailed understanding of FD, which we begin to develop in this study.

Key words: macroecology; hypervolume; Hutchinson’s niche; plant diversity; species traits
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Introduction

Plant communities are composed of a broad diversity of species, all of which pursue the same basic 

needs: water, light, and mineral nutrition (Warming & Vahl 1909). Despite this convergence in needs, 

plants exhibit a wide range of morphological, phenological, physiological and chemical traits, 

underpinning their functional and ecological “strategies” (Díaz et al. 2016). Within a single site or 

environment, mixtures of different strategies – as indexed by combinations of functional traits – can 

co-exist (Kraft et al. 2015). At a broader spatial scale, shifts in traits and strategies are seen along key 

environmental gradients (Šímová et al. 2018; Wieczynski et al. 2019). For instance, on average, species 

in warmer and wetter sites have larger leaves, and plants in drier environments are shorter (Klein et al. 

2015; Wright et al. 2017). Combining multiple traits into a composite metric of functional diversity 

and assessing how factors such as latitude, climate, species richness and disturbance shape functional 

diversity provides insight into the functioning of ecosystems and mechanisms influencing biodiversity 

patterns (Laliberté et al. 2013; Mouillot et al. 2013; Bruelheide et al. 2018; Durán et al. 2019). 

The term functional diversity (FD) describes the range and variability in the traits of a suite of 

species of interest, regardless of their taxonomic identity (Díaz & Cabido 2001). The concept of FD 

has been applied to understand how plant communities assemble and species co-exist, and how 

essential functions such as nutrient cycling are maintained (Laureto et al. 2015). While FD generally 

increases with species richness, this relationship becomes saturated as redundant trait combinations 

are accumulated among co-existing species (Lamanna et al. 2014; Šímová et al. 2015). Metrics of FD 

have been used to investigate the relative importance of environmental filtering and niche 

complementarity in shaping plant communities (Mason et al. 2013) and FD has become an 

informative lens through which to view and predict the functioning of ecosystems regionally 

(Lamanna et al. 2014) and globally (Violle et al. 2014; Cadotte et al. 2015). 

The concept of the n-dimensional hypervolume, initially introduced to quantify the niche 

space of individual species (Hutchinson 1957), is now often used to quantify the FD of a community 

(Blonder et al. 2014; Blonder, Morrow, et al. 2018; Mammola & Cardoso 2020). Although multivariate 

distance-based metrics of FD and simpler approximations of occupied trait space – such as convex 

hulls – are also widely used (Cornwell et al. 2006; Laliberte & Legendre 2010), probabilistic 

hypervolumes offer solutions to some emergent issues with these methods. For instance, using traits 

as axes, hypervolumes measure the total volume in multivariate space occupied by a given set of 

species, excluding areas of unoccupied trait or strategy space. In macroecological studies, coupling A
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data on species geographic ranges with data on species traits to produce hypervolumes can capture 

the diversity of functions across discrete landscape units (e.g.  grid cells or bioregions) (Blonder 2018). 

The resulting hypervolume estimates can then be used to explore correlates of FD - such as 

temperature, precipitation and species richness - to understand the underlying physiological drivers of 

biodiversity patterns. 

Surprisingly, in Australia – a continent with relatively well described, high levels of plant 

diversity and endemism – a baseline understanding of plant FD is still lacking. The Australian flora 

has more than 25,000 species drawn from 259 of the 452 global vascular plant families (Australian 

Plant Census (APC)  https://biodiversity.org.au/nsl/services/apc; Willis 2017) and the majority of 

species occur nowhere else globally (>85% of species are endemic: Kier et al. 2009; Gallagher et al. 

2020). The Australian flora also offers several features which make it a useful case study for the 

examination of macroecological patterns of FD. For example, the flora is distributed along strong 

precipitation and temperature gradients and experiences a range of extreme conditions and 

disturbances that may help inform the projected effects of changes in climate on global vegetation in 

coming decades. These marked climate gradients (e.g. increasing mean annual temperature from south 

to north; summer rainfall to the north, winter rainfall to the south) developed throughout the 

continent in response to the separation of Australia from Antarctica 55 MYA and the subsequent drift 

towards the equator (Crisp & Cook 2013). Further, patterns of diversity in Australia have been shown 

to differ markedly from other biogeographic regions of the world, making case studies of this 

continent a useful counterpoint to understanding mechanisms which maintain diversity (Keil & Chase 

2019). Therefore, macroecological patterns of Australian vegetation can therefore be used to increase 

our global capacity to predict and manage vegetation response to threats such as climate change, land 

clearing and mega-fires – responses that are in part shaped by plant functional traits (Gallagher et al. 

2021).  

Several globally important vegetation types and families are dominant in Australia. Two-thirds 

of the continent is arid or semi-arid deserts, shrublands, grasslands, and woodlands, rich in genera 

from largely woody families such as Fabaceae (e.g. Acacia) and Myrtaceae (e.g. Eucalyptus) and in 

genera from herbaceous, graminoid or semi-woody families such as Poaceae (e.g., Aristida, Spinifex, 

Triodia, Themeda) and Asteraceae (e.g., Leucochrysum). Globally, explorations of how FD varies between 

herbaceous and woody families across continental scales and environmental gradients remain scarce. 
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North-eastern Australia is home to moist broadleaf tropical forests composed of many species 

with evolutionary origins in south-east Asia and affiliations with other Gondawanan continents (Byrne 

et al. 2011). Further south, temperate forests which are dominated by Eucalyptus are found, with a 

diverse understory of species drawn from several contrasting woody (e.g. Proteaceae) and 

herbaceous/semi-woody (e.g. Goodeniaceae) plant families. Mediterranean climates with predictable 

summer drought and winter rainfall shape the flora of the Southwest Australian Floristic Region 

(SWAFR) which is a recognised global hotspot of plant species endemism (Kier et al. 2009). Finally, 

soils also play an important structuring role in the occurrence of different Australian vegetation. For 

the most part Australia’s geological stability over many millions of years has led to soils exceedingly 

low in nutrients (Kooyman et al. 2017) which are punctuated by pockets of high nutrient material of 

volcanic origin. In sum, diverse climate and soil conditions have led to the development of a wide 

range of vegetation types and plant functional strategies across Australia. 

Here, we use data on three fundamental functional traits – leaf size (area), seed mass and 

maximum height at maturity – to begin to explore variation in FD of the Australia flora, and its 

potential climatic drivers, both considered en masse and in a suite of woody and herbaceous plant 

families. These traits offer complementary lines of evidence about the basic functions that plants 

undertake, namely competing for light (height), maintaining suitable temperatures for photosynthesis 

(leaf size) and producing offspring (seed mass) (Westoby et al. 2002). Of course, many other 

dimensions of plant function diversity could be captured – including dispersal capacity (Pigot et al. 

2016) and nutrient acquisition (Valverde-Barrantes et al. 2017). 

We specifically consider how three factors are associated with FD in the Australian flora: 

species richness, temperature, and precipitation. We expect the relationship between species richness 

and FD to be positive – but saturating – due to redundancy in ecological strategies as richness 

increases (Rosenfeld 2002). We use null modelling to assess the deviation of observed FD with 

increasing richness and explore patterns across the seven biomes of Australia. We also hypothesised 

that FD would be generally lower in more challenging and stressful climates where lineages must 

evolve tolerances to physiological constraints (such as areas of extreme or seasonal dryness, and areas 

of extreme winter cold or summer heat) and that FD would be higher in regions with a more benign 

climate, where a broader range of functional strategies are viable. We consider all these predictions at 

three scales of interest – in uniformly sized 10 km grid cells across Australia, across different 

bioregions and in contrasting suites of herbaceous and woody plant families. A
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Methods

We combined data on species distributions (habitat suitability maps) with trait observations of leaf 

size, seed mass and height (raw, modelled and gap-filled) to calculate hypervolumes estimating FD in 

(i) 78,349, 10 × 10 km grid cells across Australia, and (ii) 85 bioregions as described below. 

Relationships between FD and (i) species richness (the number of species with suitable habitat in each 

grid cell) and (ii) climate were explored using null models, linear regression and GAMs. All analyses 

were performed in R (Core R Team 2016) and scripts are provided in the Supplementary Materials as 

Appendix S3. 

Species distributions 

Point occurrence data (spatial coordinates of observed occurrences) were downloaded from the Atlas 

of Living Australia (ALA) application programming interface http://api.ala.org.au/ for all taxa listed 

in the kingdom Plantae in December 2019. Occurrences were filtered to exclude any records of taxa 

with no ratified name according to the Australian Plant Census (CHAH 2020) or of non-native origin, 

or taxa with cultivated status, and/or flagged geographic issues in the ALA. Only higher plant taxa 

were retained (i.e. angiosperms and gymnosperms). Individual records lacking a vouchered specimen 

for verification and/or collected prior to 1950 were also excluded. Duplicate records sharing the same 

collector, latitude and longitude coordinates were removed. The final dataset consisted of 3,014,394 

occurrence records for 22,062 species (occurrence records per species: mean = 109; median = 53; 

range 1-2,732). Taxonomy follows the Australian Plant Census 

https://biodiversity.org.au/nsl/services/apc. 

Species range maps were created by coupling cleaned occurrence data from vouchered 

specimens to climate and soil variables and applying (i) Poisson point process modelling (PPPM; n = 

17,479 taxa; (Renner et al. 2015); (ii) range bagging (n = 3,044 taxa; (Drake 2015); or (iii) area of 

occupancy (AOO; n = 1,539) as described below. A full list of packages used to complete range 

mapping procedures is provided in Appendix S1. 

(i) Poisson point process models (PPPMs)
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PPPMs were applied to all taxa with 10 or more unique occurrence records at a 10 x 10 km grid cell 

resolution and were created using regularized down-weighted Poisson regression (Renner et al. 2015) 

based on 20,000 background points. Predictions were limited to a spatial domain that encompassed 

ecoregions from Dinerstein et al. (2017) occupied by the species across its Australian range. PPPMs 

were trained on mean annual temperature (°C), mean diurnal temperature range (°C), annual 

precipitation (mm), precipitation seasonality (coefficient of variation), annual mean radiation (W m-2), 

aridity index, bedrock depth (m), soil bulk density (fine earth) in kg/m3, clay mass fraction (%), silt 

mass fraction (%), and pH. These climate and soil factors were chosen as they reflect major abiotic 

factors shaping plants growth and nutrition and have correlation coefficients of < 0.7. Climate data 

was accessed from WorldClim2 (Fick & Hijmans 2017) http://www.worldclim.org/v2/, except for 

aridity which was created by the CGIAR Consortium for Spatial Information (CGIAR-CSI) and 

accessed at https://cgiarcsi.community/data/global-aridity-and-pet-database/. Annual mean radiation 

was downloaded from CliMond (https://www.climond.org/BioclimRegistry.aspx#Table1). Gridded 

soil data is described in Hengl et al. (2017) and provided by International Soil Reference and 

Information Centre at https://www.isric.org/explore/soilgrids. Soil data was averaged across the top 

30cm of the soil profile and aggregated to 10 x 10 km grid cell resolution. PPPMs were calibrated 

using the range modelling workflow applied for the BIEN database (Maitner et al. 2018). 

PPPMs were fit with 5-fold spatially structured cross validation and a combination of features 

were applied: linear (all species), quadratic (species with >100 records) and product (species with 

>200 records). The degree of regularization applied to models was determined using 10-fold cross-

validation as the value which was 1 standard deviation below the minimum deviance (Hastie et al. 

2009). The five resulting models for each species were combined into a single unweighted ensemble 

and the continuous predictions of these ensembles were converted to binary presence/absence 

predictions by choosing a threshold based on the 5th percentile of the ensemble predictions at 

training presence locations. PPPM models had a mean test area under the curve (AUC) of 0.81 (s.d. 

0.16).

(ii) Range bagging 

For 3,044 species with between 3 and 9 unique occurrences in a 10 x 10 km grid, distribution was 

modelled using the range-bagging algorithm (Drake 2015). This is a hull-based, machine learning 

method which uses an ensemble of convex hulls created from a reduced set of niche parameters (the 

marginal niche of the species) and refined via bootstrap aggregation, or bagging (Drake 2015). The A
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range was estimated by generating 100 randomly sampled subsets of occupied locations (p; here, 0.33) 

and environmental covariates (d; here, 2) and building convex hulls in environmental space, before 

projecting them into geographic space. By counting the number of submodels, or ‘votes’, that each 

grid cell receives, we obtain a probabilistic estimate of whether a given cell is within the species niche. 

Areas were retained as part of the niche if the proportion of votes was greater than 0.165, which is 

half the proportion of occupied locations subsampled (0.33) in each iteration (i.e., the location will be 

part of the known range in a given subset 50% of the time). The simplicity of the method relative to 

PPM makes it suitable for fitting to sparsely sampled species and visual inspection indicated that range 

bagging models made conservative estimates of species ranges. Range bagging models could not be 

meaningfully evaluated because they were based on extremely small sample sizes (3-9); the binary 

maps had perfect sensitivity (1) because the threshold used to make them was chosen sufficiently low 

to include the handful of known presence for each species.

 (iii) Area of Occupancy (AOO)

Where species had fewer than 3 occurrences (n = 1,539), we simply mapped their range as the known 

occurrences at a 10 x 10 km grid cell resolution.

Trait data

We extracted trait values for leaf area (n = 3,806 species), leaf length (n = 12,127), leaf width (n = 

11,689), seed mass (n = 8,822), seed length (n = 7,115) and maximum plant height (n = 14,749) from 

the AusTraits database (Falster et al. 2021). All trait observations were log transformed (natural log) 

and a mean value taken where more than one observation was available for a species. 

Using Linear Mixed Models (LMM), we estimated leaf area and seed mass from length and 

width dimensions for species where direct observations of area or mass were not available. The leaf 

area model used leaf length and width as continuous fixed effects and family as a random factor with 

an interaction with leaf length so random factor levels (families) had independent intercepts and 

slopes. Similarly, seed mass was estimated using seed length as a fixed effect with an interaction with 

the random factor of family. The LMMs were run using the R package lme4 (Bates et al. 2015) using 

the predict() function to estimate trait values. Conditional R2 (Johnson 2014) for both trait models 

was high (leaf area: cR2 = 0.81; marginal R2 = 0.75, seed mass: cR2 = 0.84; marginal R2 = 0.63). 

A Bayesian hierarchical extension of probabilistic matrix factorization (BHMPF) was used to 

gap-fill trait values for species without direct observations in AusTraits using the GapFilling() A
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function from the BHPMF R package (Schrodt et al. 2015). Filling gaps in trait data can aid in 

reducing systematic bias in the distribution of missing data which may affect downstream analyses 

(Blonder, Enquist, et al. 2018; Kim et al. 2018). BHMPF uses the taxonomic hierarchy and correlation 

structure in sparse matrices of trait data to impute missing values (Schrodt et al. 2015). Gap filling was 

run with a matrix of all log transformed trait values for height, leaf area, length, and width, and seed 

mass and length; species with no available trait data for any of the six traits, were dropped from the 

gap filling analysis and all subsequent analyses (n = 14,003 species retained). All gap filled values 

outside the original range of log transformed trait values were removed. The distribution of observed 

and imputed values is plotted in Figure S1 (see supplementary figures in Appendix S2).

In sum, following derivation of trait values from measurements and gap-filling, 14,003 of the 

22,540 species currently represented in AusTraits had data for all three traits and also range models. 

This is approximately 55% of species in the current Australian Plant Census. Out of the retained 

species for all three traits 18.7% of trait values were gap-filled (13.3% plant height, 25.6% seed mass 

and 17.3% leaf area).

Quantifying functional diversity 

To assess functional diversity comprehensively across Australia three-dimensional 

hypervolumes were calculated for 10 x 10 km equal area grid cells (n = 78,349) across Australia by 

combining species level trait and distribution data for all species with suitable habitat in each cell. The 

median number of species with trait data in each grid cell was 797, ranging between 10-1987. Forty-

one grid cells were removed as they had an implausibly low number of species with trait observations 

available (100 or fewer) and were typically from remote areas where species occurrence data is rarely 

collected. Trait values for all species were scaled (mean = 0, s.d. = 1) before hypervolumes were 

calculated to make values comparable within and between analyses. One unit of hypervolume is 

similar to one cubic unit in a 3D trait niche considering we use only three traits, because traits are 

scaled for s.d. to equal 1 this unit is also equal to one cubic standard deviation.  All hypervolumes 

were calculated using the HYPERVOLUME package (Blonder, Morrow, et al. 2018) in R using the 

hypervolume_svm function that uses Support Vector Machine (SVM) estimation to calculate 

hypervolumes. All hypervolumes were calculated using the default settings. The SVM hypervolumes 

have a smooth fit around data points and can capture outlier species with more extreme trait values. 

Species richness in each grid cell was estimated as (i) the number of species with suitable habitat A
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present from distribution modelling, and (ii) the number of species with suitable habitat present from 

distribution modelling also with trait data available. These measures of species richness were tightly 

correlated (Linear model: Estimate = 1.64, t78347 = 1103, P < 0.005, R2 = 0.94). Both metrics have 

been applied in subsequent analyses relative to the questions being addressed.  

To explore spatial variation in FD at a broader resolution with more ecological context to our 

partitioning of areas, we investigated FD in different bioregions. Trait hypervolumes were calculated 

for spatial units in the Interim Biogeographic Regionalisation for Australia (IBRA) classification 

(Version 7; https://www.environment.gov.au/land/nrs/science/ibra). These 85 bioregions are 

classified on the basis of common climate, geology, terrain, vegetation and species (Thackway & 

Cresswell 1997) and can be aggregated to seven biomes using the WWF Terrestrial Ecoregions 

classification (Dinerstein et al. 2017). We calculated FD using trait data for species with suitable 

habitat in each bioregion. 

In each bioregion, we also calculated species richness and the FD for six common families 

that are representative of different growth forms. These families were the two woody families of 

Myrtaceae (n = 1791) and Fabaceae (n = 2054), the two herbaceous families Asteraceae (n = 584) and 

Goodeniaceae (n = 370), as well as two graminoids families Poaceae (n = 985) and Cyperaceae (n = 

284). Species richness was standardised by bioregion area (i.e. dividing by the number of locality grid 

cells per bioregion before loge transformation) to control for area as with the grid cell analysis for 

comparison. 

Statistical analysis 

To assess spatial variation in FD, scatter plots were used to compare functional diversity with species 

richness and three climate variables that represent the climate stressors of dry, hot and cold. Trend 

lines were added to scatter plots using linear regression (normal error distribution). To account for 

spatial autocorrelation GAM models were also run with a spatial spline for each of the plotted 

relationships (Appendix S2, Table S1). Null models were used to assess how closely observed patterns 

in FD track expectations of random sampling of species from the entire flora. For a given level of 

richness, we used 100 random draws of species traits from the complete list of species with traits (n = 

14,254) to calculate hypervolumes. We then calculated the mean and 95% limits for expected FD 

given species richness. The null model expected FD for the species richness of grid cells was 

compared to observed FD of grid cells by calculating the Standardised Effect Size (SES) = [Observed A
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FD - mean expected FD]/s.d. expected FD. The SES shows how many s.d. the observed FD is above 

or below the mean expected value from the null model. 

Climate data were accessed from Worldclim2 (Fick & Hijmans 2017). The three bioclimatic 

Worldclim variables targeted were: annual precipitation (Bio12), maximum temperature of warmest 

month (Bio5, hence referred to as “summer maximum”), and minimum temperature of the coldest 

month (Bio6, hence “winter minimum”). Although annual precipitation was also used in models of 

species distributions alongside other temperature and soil variables, species-level trait data was 

sourced independently without consideration of climate. This reduces the potential for circularity in 

analyses of FD climate relationships; only in hypothetical instances where traits were randomly 

distributed among co-occurring species would we anticipate no trends between FD and climate.  

Relationships between bioregional FD and both species richness and the mean climate per 

bioregion were also explored in woody and herbaceous families using Hierarchical Generalised 

Additive Models (GAMs). The GAMs were run using the gam() function from the mgcv package 

(Wood 2017) using group-level smoothers for each family with independent shapes, but with a fixed 

penalty to smoother ‘wiggliness’ (a lack of smoothness in the fit) for all levels (Pedersen et al. 2019). 

Independent models were fitted for species richness, and the three climate variables with each family 

being modelled separately. To account for the confounding factors of variation in bioregion size and 

climate variability with bioregions these factors were also included as covariates (Appendix S2, Table 

S2). 

Results

Functional diversity at continental scale using equal-area grid cells

Plant FD derived from hypervolumes of leaf area, seed mass and adult height varied markedly across 

Australia (Figure 1a). Across all 10 × 10 km grid cells considered (n = 78,349), functional diversity 

ranged between 16 and 106 standardised units (6.5-fold difference, mean = 51 units). By comparison, 

a hypervolume containing all species encompassed 117 standardised units, indicating that individual 

grid cells capture 13.7-90.6% of possible FD. That is, although each grid cell represents a small 

fraction of Australian land area (100km2), many contain a very large proportion of observed plant FD 

(e.g. 17,784 cells contain more than 50% of Australian plant FD). A
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Figure 1. Spatial variation in functional diversity (FD), species richness and trait coverage compared to climate. a) FD in 

10 × 10 km grid cells based on standardised hypervolumes of leaf size, height and seed mass; b) regions of Australia of 

notable high and low FD and richness (see results and discussion); c) Species richness estimated from habitat suitability 

models (total species counts); d) the proportion of species in each location with trait data available after gap-filling trait 

values. Climate data are: e) annual precipitation (mm, plotted on loge scale), f) Summer maximum temperature (°C), and g) 

Winter minimum temperature (°C). Climate data sourced from WorldClim.

We observed clear spatial patterns in FD and species richness (Figure 1a, c). FD and species 

richness were both consistently higher along the north and east coast of mainland Australia and parts 

of Tasmania. The Southwest Australian Floristic region (SWAFR; Figure 1b) had high species 

richness but did not have notably high FD. The lowest FD areas were found in central Australia in the 

Lake Eyre Basin and across the Nullarbor Plain – a large treeless region in southern Australia (Figure 

1b). A
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Functional diversity was strongly and positively related to species richness (Figure 2a; Linear 

model R2 = 0.68), although considerable variation in FD was observed at intermediate levels of 

species richness. Contrary to our hypotheses the relationship was not strongly asymptotic, except in 

its upper bounds. However, the rate at which FD increased did slow at higher richness, as expected. 

The null models suggested that for many cells, FD lay outside the expected range, given species 

richness (Figure 2a and 2i). Moreover, particular biomes tended to show lower/higher FD for a given 

richness (Figure 2b-h). In particular, Deserts & xeric shrublands, Tropical & subtropical grasslands, 

savannas & shrublands, and Mediterranean forests, woodlands & scrub had a lower FD than 

expected, given their species richness. This biome variation results in a spatial pattern of lower than 

expected FD in southwest and central Australia and higher than expected FD along the northern and 

eastern coastline (Figure 2i). 

Figure 2. Correlations between functional diversity (FD) and species richness (species counts per locality) across (a) all 

locations, (b-h) seven of the global biomes of Dinerstein et al. (2017) present in Australia, and (i) the SES deviation of 

observed FD from expected in all grid cells across Australia based on null modelling. Black lines depict the expected 

relationship (and confidence intervals) between FD and richness based on a randomisation procedure (see Methods). The 

hexagon bins show the density counts of localities in the FD vs Species richness space, legend on the right.A
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Continental patterns in mean annual precipitation, summer maximum temperature and winter 

minimum temperature are shown in Figure 1e-g. Annual precipitation explained 50% of variation in 

FD (Figure 3a; Linear model R2 = 0.50), with wetter areas typically supporting larger trait 

hypervolumes (as hypothesised). Similarly, SES deviation in FD from the null model ([Observed FD - 

mean expected FD]/s.d. expected FD) also had a positive relationship with annual precipitation 

(Figure 3d; Linear model R2 = 0.35). Overall, FD showed a negative linear relationship with summer 

maximum temperature, but with weaker R2, being on average lower at hotter sites (Figure 3b; Linear 

model R2 = 0.29). Despite this, the largest trait hypervolumes were found at locations with moderate 

summer maximum temperatures of approximately 25 - 27℃. For summer temperature the FD 

deviation also showed a negative relationship (Figure 3e; Linear model R2 = 0.32). Finally, winter 

minimum temperature showed only a very weak, positive linear relationship with FD (Fig. 3c; Linear 

model R2 = 0.016). An inverse cubic relationship proved a far better fit, with the lowest FD at 

intermediate winter minimum temperatures (adjusted-R2 = 0.21). For winter minimum temperature 

FD deviation also showed an inverse cubic relationship (Figure 3f; adjusted-R2 = 0.20). Pairwise 

comparisons between all variables is given in Appendix S2 see Figure S2.  We note that our emphasis 

on examining basic trends with linear models does not allow for the effects of spatial autocorrelations 

or collinearity with other environmental variables to be considered. We also present GAM with spatial 

splines to account for spatial autocorrelation in Table S1, these models find similar relationships 

between FD and climate but climate seems to be conflated with space (e.g. the spatial spline explains 

93.7% of the deviance in annual precipitation across Australia)
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Figure 3. Functional diversity covariation with climate. Correlations between functional diversity (FD) and climate (a, b, 

c) as well as the deviation of FD from expected (calculated as Standardised Effect Size, SES) and climate (d, e, f). Lines of 

best fit are from linear regression (see statistics in text) and a cubic regression for winter minimum temperature. The 

counts legend bar on the right shows the colour ramp for the number of localities grouped within each hexagon bin to 

show the density of points across the scatter plots.

Variation in the proportion of species with missing data could bias estimates of FD with areas 

with low trait coverage having low FD. Trait coverage across grid cells (i.e. the proportion of species 

with data for all three traits) ranged between 57-86% (mean = 68%) and was highest in central 

Australian desert and xeric shrubland biome (Figure 1d) where species richness (Figure 1c) and FD 

(Figure 1a) were both comparatively low. 

 

Functional diversity in bioregions 

Bioregions were all considerably larger than the grid cells considered (i.e., 4,000-423,800 km2) and as a 

result had larger cohorts of species with potentially suitable habitat (762-3,647 species per bioregion, 

median =1749, grid cell median = 798). Across all species, the FD and species richness of Australia’s 

85 bioregions broadly mirrored trends from the grid-cell analyses when considering both raw values 

(Figure 4a, b) and bioregion FD deviation (Figure 4c). Bioregion species richness standardised to A
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bioregion area (Figure 4d) was highest in coastal regions, particularly in temperate and subtropical 

forests of the east coast. One exception was Tasmania (Figure 2b - c) where FD deviation was higher 

relative to other bioregions than for total FD.  

Figure 4. Bioregion functional diversity (FD) and species richness. a) Total bioregion FD, b) Total bioregion species 

richness, c) bioregion FD deviation from expected (SES), and d) Standardized bioregion species richness by bioregion 

area, these values have been loge transformed.

Functional diversity in major woody and herbaceous plant families  

We considered biogeographic patterns in bioregions for six common plant families that represent 

different growth forms (woody, herbaceous/graminoid). In all families, total FD and richness were 

positively associated (Figure 5a). Visual inspection suggested that family-level relationships of FD with 

temperature and precipitation varied substantially between families (Figure 5b-d, model results in 

Table S2). A
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Figure 5. Family specific smoothers from GAM models. For relationship between functional diversity (FD) and (a) 

species richness (adj-R2 = 0.85); b) mean bioregion annual precipitation (adj-R2 = 0.62);  c) mean bioregion summer 

maximum temperature (adj-R2 = 0.74); and d) mean biome winter minimum temperature (adj-R2 = 0.75). The 

relationships for all species per bioregion were also similar (Appendix S2, Figure S6). Models also correct for bioregion 

area and environmental heterogeneity (see methods and Table S2). In the legend families are flagged as woody “(W)”, 

herbaceous “(H)” and graminoid “(G)”.  

     We expected the identity of the most diverse families to change across bioregions in 

response to changes in the average climate, and for this to be reflected in changes to the rank order of 

families in Figure 5. We observed some examples of this with our six target families. For example, for 

winter temperature (Figure 5d) Asteraceae has relatively high functional diversity in bioregions with 

low winter minimum temperatures but is one of the least functionally diverse families when winter 

temperature is high. In addition to the visual summary from the GAMs, interactive heatmaps were 

used to report - for each combination of bioregion and family – the total FD per bioregions 

(Appendix S2 , Figure S3), the percentage of total bioregion FD captured by each family (Appendix 

S2, Figure S4), total species richness per bioregion (Appendix S2, Figure S5; see “z” values when 

hovering cursor over interactive heatmaps).A
cc

ep
te

d 
A

rt
ic

le



This article is protected by copyright. All rights reserved

Discussion 

Our results offer a novel perspective on macroecological patterns in the Australian flora which in turn 

provides insight into how FD changes between vegetation types, growth forms and across 

environmental gradients relevant globally. Most intriguing was our evidence that many locations (both 

bioregions and grid cells) contain a large proportion of the total FD encompassed by the traits of 

14,000 plant species considered. This implies that a remarkably large amount of trait variation is found 

among co-occurring species, reinforcing previous observations around trait-based coexistence 

(Cornwell & Ackerly 2009). Although FD and richness were positively related, this trend did not 

discernibly saturate as richness increased, relative to null model expectations. This may signal a lack of 

functional redundancy in the Australian flora, for the traits considered. With some locations 

supporting a very high percentage of all FD (up to 90.6% of the FD of all included species). Notably, 

in the SWAFR – a global floral diversity hotspot – FD and species richness did not appear to be 

positively associated. So, while an area may be of exceptionally high plant endemism and richness at 

the species level (Hopper & Gioia 2004), a contrasting picture emerges when considering the 

functional diversity captured by three key species traits. FD also varied substantially across climate 

gradients, and complex patterns were evident, though we found broad support of our hypotheses of a 

positive relationship to species richness and a decrease in climatically stressful environments. These 

findings – and others discussed below – add to the rich narrative about the evolution, ecology and 

management of the Australian flora which may have relevance to vegetation scientists working with 

continental floras shaped by extreme climate conditions.

Species richness and FD are coupled

Our analysis confirms that, to some extent, broadscale variation in FD relates to variation in species 

richness, as locations with higher richness tend also to show on average higher FD (Figure 2a). 

Efforts to understand FD are thereby entwined with those to understand species richness. Globally, 

plant species richness is higher towards the equator (Gillman et al. 2015) where climate conditions are, 

on average, both warmer and wetter. Mirroring these global patterns, FD and richness are both high 

among Australia’s Tropical & subtropical moist broadleaf forests (Figure 2). However, there are also 

substantial deviations from this broad trend. For example, some Australian temperate broadleaf mixed 

forests exhibited higher FD than tropical forests, and only slightly lower richness.  More generally, in A
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Australia both FD and richness do not vary strongly with latitude, instead relating more to 

precipitation.

By comparing observed patterns to null models, we were also able to identify locations where 

the relationship between FD and species richness diverged significantly from expectations. In a 

previous global analyses, Lamanna et al. (2014) reported only minor deviations from the expected null 

relationship. By contrast, in Australia we found that a large majority of grid cells showed a lower than 

expected FD, given their richness (Figure 2a). Moreover, such deviations were most pronounced for 

particular vegetations types, such as Deserts & xeric shrublands, and Mediterranean forests, 

woodlands & scrub. There, FD was lower for the observed richness, indicating a tighter packing of 

species or convergence of trait strategies in these environments. 

FD varies predictably with climate conditions

On average, FD is highest in vegetation in the warmer and wetter regions of Australia but, notably, 

not the hottest, wet regions of the northern east coast – which are dominated by tropical rainforests 

(i.e., the Wet Tropics bioregion; Figure 1b) and well-known for high species richness (Weber et al. 

2014). In comparison to less functionally diverse regions of the arid interior of Australia, the 

vegetation in these rainforest areas has greater canopy cover and thus more pronounced light 

gradients from canopy to ground-level, and environmental heterogeneity at the microsite scale. This is 

likely an important factor driving the higher functional diversity, at least as quantified here using three 

plant functional traits: plant height, leaf size and seed size. Importantly, these functionally diverse 

regions also include vegetation across the Great Dividing Range (Figure 1b, 2e) – including in the 

Border Ranges between NSW and Queensland where tropical and temperate floras meet and have 

remained persistent through evolutionary time (Kooyman et al. 2013). In these mountainous regions 

there are far higher degrees of geological and topographic variation, and thus variation in soil 

conditions and aspect – environmental factors not included in our analyses. That said, even our very 

simple climate metrics show strong trends with FD and similar evidence has emerged globally about 

the importance of temperature – in particular temperature variability in the landscape – in shaping the 

composition of plant traits (Wieczynski et al. 2018).
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The inverse cubic relationship between FD and winter minimum temperature (Figure 3c) was 

driven by the high density of localities with low functional diversity (30 – 50 units) in the 4 – 10 ℃ 

winter temperature range (i.e., central Australian xeric vegetation; Figure 2b; Appendix S2, Figure S6). 

This curvilinear relationship may be driven by the interacting effects of precipitation and temperature 

across Australia which shape the viable niche space and ecological strategies occupied by plants. That 

is, cold environments in Australia tend to also be wet alpine areas with high environmental 

heterogeneity due to variation in altitude and aspect, yet much of the hottest environments are also 

predominantly dry and flat (e.g. across the large arid zone) reducing the viable strategies which can 

persist. Physiological constraints on transpiration demands in and hot, dry environments drive 

differences in strategy, such as reductions in leaf size and plant height as demonstrated in our analyses 

(Wright et al. 2017; Olson et al. 2018). 

 

Patterns of FD and richness across woody and herbaceous plant families 

Trends derived from all species were also largely apparent when FD was considered in a suite of 

species-rich plant families representing different growth forms. Some families such as Fabaceae and 

Poaceae have high richness across a range of bioregions, while others display the greatest species 

richness along just a portion of the climatic gradient (Figure S5). For example, Asteraceae shows 

moderately higher species richness in drier bioregions, while Cyperaceae displays its highest species 

richness in wetter bioregions (Figure S5); both these distribution patterns match the family’s 

worldwide distributions. 

The two woody families included in our analyses (i.e., Myrtaceae and Fabaceae) show a common 

pattern of higher FD in warm, wet bioregions (Figure 5b-d), an established pattern across the 

Australian flora (Figures 1, 3). Given these are the two largest families in Australian flora, they will be 

contributing substantially to patterns observed across the continent. In contrast the herbaceous 

families of Asteraceae and Goodeniaceae have their lowest FD in Wet and warm bioregions (Figure 

5b-d).

Caveats and future directions
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This study is the first continent-wide assessment of FD in Australia, made possible by the recent 

compilation of the AusTraits database (Falster et al. 2021). While previous research on the Australian 

flora has investigated shifts in trait values across climatic gradients (Miller et al. 2001; Wright et al. 

2004; Schulze et al. 2006; Cernusak et al. 2011) or variation in trait assemblages on a narrow 

geographic scale (Venn et al. 2011; Staples et al. 2019) this is the first study to look at multi-trait FD 

across the continent, though previous studies have addressed this question globally (Lammana et al. 

2014; Wieczynski et al. 2018). We used three of the most common plant traits collected (leaf - height - 

seed), to ensure both the highest level of coverage across species and meaningful information on trait 

variation. However, for some species there were no trait data available, and so those species do not 

contribute to the quantification of functional diversity of each location. We would therefore expect 

that locations with a lower proportion of species with trait data (blue areas in Figure 1d) to have a 

higher likelihood of underestimated functional diversity, given that additional species can only 

increase the trait hypervolume for a location. This may be particularly relevant for the monsoonal 

tropics and south-west Western Australia, where less than 65% of species possessed any trait data 

(Figure 1d). With greater trait coverage, these areas may be expected to have higher levels of 

functional diversity. For the remainder of the continent, the proportion of species with trait data is 

higher, providing reasonable confidence in the broad spatial and environmental patterns presented 

here.

Ideally future analyses will also consider additional traits and environmental gradients. We 

chose to focus on temperature and precipitation as climate variables because they relate to the 

physiological challenges faced by plants (i.e. water limitation, thermal stress) and are both undergoing 

rapid change. Moreover these variables are known to play important roles in structuring broadscale 

patterns in Australian vegetation, such as productivity (Burley et al. 2016; Haverd et al. 2017), plant 

trait variation (Fonseca et al. 2000; McDonald et al. 2003; Wright et al. 2004; Mclean et al. 2014), 

range size (Gallagher 2016) and niche breadth (Gallagher et al. 2019). However other factors, 

especially those related to nutrients and their uptake, use and cycling would also be informative. 

Australian soils are known to have low fertility due to long-term geological stability. Sandy soils in the 

south-west, the north and the east are especially low in phosphorus (Kooyman et al. 2017), a nutrient 

generally assumed to be limiting in Australian soils and a key control of plant community distributions 

(Beadle 1966). This analysis indicated relatively low FD in the SWAFR, a bioregion renowned for its 

high species richness, but also its predominance of low nutrient environments. Low soil P in SWAFR 

soils is thought to play a role in the high biodiversity but, countering that, the south-east and north are A
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far less floristically diverse, despite the wide occurrence of low P, sandstone-derived soils in these 

regions (Cook et al. 2015). Undertaking FD analyses on traits relevant to nutrient and water uptake 

strategies in relation to soil conditions along specific soil fertility gradients may be a useful next step. 

Similarly, the inclusion of floral traits associated with pollination – such as zygomorphy and flowering 

duration - may yield useful insights for planning the conservation of pollination as an ecosystem 

service. These traits were excluded from the current analysis of FD due to a lack of data, though 

ongoing efforts to expand AusTraits will add floral trait data for a large number of species. 

Our analyses relied on models to fill gaps in our current knowledge, both for species spatial 

distributions – via habitat suitability modelling – and for species functional trait values – through gap-

filling. While the use of models in these contexts introduces some prediction error into our analyses, 

this is far outweighed by the benefits gained in minimising bias in the raw data. For instance, the use 

of species occurrence records to characterize range can be problematic as these records are heavily 

biased by factors such as distance to roads and settlements (Meyer et al. 2016; Speed et al. 2018). By 

replacing raw occurrences with range maps areas of suitable habitat which are unsampled are included 

in subsequent analyses of FD. Similarly, species trait data are typically available for more common and 

readily sampled species (Sandel et al. 2015; Violle et al. 2015). Overall, our species distribution models, 

and trait inference models help to minimise the impact of these data gaps on our analyses, providing a 

more complete spatial and taxonomic representation of plant functional diversity across Australia.

Concluding remarks 

We found support for hypothesised relationships between FD, climate and species richness in 

both bioregions and continental analyses of Australian vegetation. FD increased with species richness 

and decreased with more challenging environmental conditions, given fewer trait strategies become 

viable as stress increases. The patterns and analyses presented represent a starting place for a richer 

exploration of the functional strategies which shape one of the most diverse and endemic continental 

flora’s globally.  
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Appendices

Appendix S1: references for species distribution modeling workflow.

Appendix S2: Supplementary figures S1 – S6 and tables S1-S2.

Appendix S3: Supplementary R code in Rmarkdown format, Used to make Appendix S2. 
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