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Table A1  Functional Diversity Metrics. Classification of functional diversity metrics reproduced from Schleuter et al. (2010) with the addition of functional dispersion from Laliberté and Legendre (2010a). : functional richness,: functional evenness, : functional divergence, 1D: single (one-dimensional), MD: multi-dimensional, : species, : community, : level of trait, : trait, : abundance of species  when species are sorted following trait  ascending ranking, : total abundance of all individuals, : abundance of trait level l, : total number of levels of trait , : total number of cross-trait levels, : set of species present in a community , : number of species present in a community 
	No.
	Metric name
	Label
	Functional Diversity metric
	Additional description and Lit. ref.

	(1.1)
	Fnc. Range
	
	
	Mason et al. (2005)

	(1.2)
	Fnc. Richness I
	
	
	is 1 if x is between min and max, otherwise 0 for categorical variables , : number of levels of categorical trait t covered by community c. Schleuter et al. (2010)

	(1.3)
	Fnc. Volume
	
	 Volume inside the minimum convex hull that encloses all species in functional space
	Cornwell et al. (2006); Villéger et al. (2008)

	(1.4)
	Fnc. Dendrogram
	
	 Distance matrices: Euclidean, Gower; Clustering methods: single linkage, complete linkage, UPGMA, WPGMA, UPGMC, WPGMC, Ward’s method
	UPGMA: unweighted pair group method using arithmetic averages, WPGMA: weighted pair group method using arithmetic averages, UPGMC: unweighted
pair group centroid method, WPGMC: weighted pair group centroid method.
Petchey and Gaston (2002); Mouchet et al. (2008)

	(1.5)
	Fnc. Richness II
	
	
	
: mean value of all traits in species  arranged in a vector, : sample vector of all
traits, : variance/covariance matrix of traits. Schleuter et al. (2010)

	(2.1)
	Fnc. Evenness I
	
	
	, species subscripts  are ranked by ascending order of trait value , for categorical variables 
Mouillot et al. (2005)

	(2.2)
	Fnc. Evenness II
	
	
	 set of edges connecting species pairs in the minimum spanning tree,
: subscript of an edge, : distance between endpoint species of edge , : sum of the abundances of the endpoint species of edge . Villéger et al. (2008)

	(3.1)
	Fnc. Logarithmic
Variance
	
	
	 mean of  over all species
present, : number of traits studied.
Mason et al. (2003)

	(3.2)
	Fnc. Variance
(Modified)
	
	
	Lepš et al. (2006)

	(3.3)
	Fnc.
Unalikeability
	
	
	Kader and Perry (2007)

	(3.4)
	Fnc. Divergence I
	
	
	: lower quartile, : upper quartile, : dummy variable that takes the value  with frequency .Schleuter et al. (2010)

	(3.5)
	Rao’s Quadratic
Entropy
	
	
	: distance between species pairs based on mean trait values. Rao (1982); Champely and Chessel (2002)

	(3.6)
	Fnc. Divergence II
	
	 
where 
	distance between species  and the gravity center of the convex hull (co-ordinates  mean value of  over all present species, : set of vertex species from the convex hull, : number of vertices. Villéger et al. (2008)

	(3.7)
	Fnc. Dispersion
	
	 with centroid 
	Vector  represents the position of species , vector  is the centroid of the  species,  is the distance of species  to centroid , and  is the abundance of species.
Laliberté and Legendre (2010a)

	
	-dimensional
hypervolume
	
	A new multivariate kernel density estimation method which provides a closer ‘wrap’ of the volume to the underlying data. A generalisation to the convex hull volume which accounts for empty space.
	Blonder et al. (2014)





Table A2  Strength of Metric link. Compilation of ordinary least squares (OLS) regression coefficients  to determine the strength of the link between functional diversity metrics and pressures. Here,  denotes the average of the squared correlation coefficients, and  denotes the overall mean strength , found by averaging  across all pressures (i.e  = sum of  values/no. of pressures for which a link was found). Note that for brevity the details of traits are omitted and the reader is redirected to the corresponding literature references
	Pressure
	Fnc. Volume

	Fnc.
Dendrogram

	Fnc. Evenness II

	Fnc. Logarithmic
Variance 
	Rao’s Quadratic
Entropy 
	Fnc.
Divergence II


	CO2 elevation
	 0.284, 0.409, 0.422, 0.469 
Dubuis et al.
(2013)
	
	 0.079, 0.124,
0.092, 0.146
Dubuis et al. (2013)
	 0.62, 0.46, 0.71,
0.65, 0.73, 0.83, 0.89, 0.75, 0.87, 0.82, 0.81
Conti and Diaz (2013)
	 0.94, 0.39, 0.33
Klumpp and Soussana
(2009)
 0.194, 0.370, 0.244, 0.396
Dubuis et al. (2013)
	 0.6
Conti and
Diaz (2013)

	
	0.396
	
	0.11
	0.74
	0.409
	0.6

	Eutrophication
	
	
	 0.14, 0.34
Mason et al. (2012)
	 0.309, 0.340
Mason et al. (2003)
	 0.21, 0.35, 0.86
Mason et al. (2012)
 0.104, 0.119, 0.106, 0.091, 0.086, 0.098, 0.099, 0.118, 0.104, 0.079, 0.079,
0.088 
Weigelt et al. (2008)
	

	
	
	
	0.24
	0.325
	0.173
	

	Temperature rise
	
	 0.81
Brown and
Milner
(2012)
	
	
	 0.35
Brown and Milner (2012)
	

	
	
	0.81
	
	
	0.35
	

	Land use
or change
	0.264,
0.145, 0.264,
0.276, 0.222,
0.228, 0.271
Pakeman
(2011)
	
	0.378, 0.183,
0.331, 0.253, 0.129,
0.264, 0.264, 0.184,
0.213, 0.095
Pakeman (2011)
	
	
	

	
	0.239
	
	0.229
	
	
	

	 = mean of  across pressures 
	
0.318
	
0.81
	
0.193
	
0.533
	
0.311
	
0.6





Table A3  Properties of Functional Diversity Metrics. Detailed description or validity of key components for the assessment of functional diversity metrics. Key components include: dimensionality, specific properties; Set monotonicity , Trait scale invariance , Twinning criterion , Response to empty space , Symmetry , correlation (independence, orthogonality). Here, ’yes/no’ indicate whether the metric satisfied/did not satisfy the corresponding property, respectively. The commentary is based on metric quality, behaviour, drawbacks, constraints and limitations. For categorical traits the properties or features are not applicable *
	Metric
	Properties

	No.
	Name
	Label
	Dim.
	: Set 
monotonicity
	: Trait scale
invariance
	: Twinning
criterion
	: Response
to empty
space
	: Symmetry
	Corr.
	Correlated
with

	(1.1)
	Fnc. Range
	
	1D
	: Yes
	: Yes
	
	: No
	
	Yes
	 

	Only a decrease is observed in functional richness when species are removed at the edge of the community. Also, individual variability or gaps are not accounted.

	(1.2)
	Fnc. Richness I
	
	1D
	: Yes
	: Yes
	
	: Yes
	
	No
	

	Metric does accurately reflect the expected changes when empty space is present in the trait distribution of a community. However, the metric fails to take into account the multidimensional nature of trait space, consequently gaps are severely underestimated for a large number of traits. Schleuter et al. (2010) recommends the use of this metric from amongst the  metrics, in the case where a single trait is considered, instead of the multi-dimensional counterpart (1.5). Trait range depends on the number of individuals measured i.e intra-specific trait variation required.

	(1.3)
	Fnc. Volume
	
	MD
	: Yes
	: No
	: Yes
	: No
	
	Yes
	   

	The convex hull volume is highly correlated with  and constrained such that the number of species must exceed the number of traits. A decrease is observed in functional richness when species are removed at the edge of the community and the metric does not consider gaps in functional trait space. It is unclear whether the metric incorporates inter-specific variation. When calculated with transformed data, the metric does not adequately represent functional richness. Therefore, even in the case of scaled traits, the user should not transform data, unless the data is log-scaled where the metric is invariant. 

	(1.4)
	Fnc. Dendrogram
	
	MD
	: Yes
	: No
	: No
	: No
	
	No
	

	In comparison to the other  indices, the dendrogram metric poorly behaves according to what is expected from metric design. It is somewhat unclear which distance measure and cluster method is best for calculating this metric, the methodology is in fact objective. The debate on the calculation of this metric originates from the difficulty of choosing the right combination of distance-clustering method Podani and Schmera (2006, 2007); Petchey and Gaston (2007). One possible solution is often given by a consensus tree combining dendrograms produced using several different clustering algorithms, Mouchet et al. (2008). The latter methodology, potentially has broader application in comparison to the calculation of the metric directly. Also, there is substantial difficulty in determining what this metric measures and results are difficult to interpret.  Another disadvantage is that the metric is computationally expensive.

	(1.5)
	Fnc. Richness II
	
	MD
	: Yes
	
	
	: Yes
	
	No
	

	Fnc. Richness II accurately reflects the expected changes when empty space is present in the trait distribution of a community; this is the only metric amongst  that adequately accounts for gaps. Schleuter et al. (2010) recommends the use of this metric since the true functional richness of the community is reflected well, since intra-specific variability is accounted for within the functional trait space and also metric responds well to empty space. The disadvantage is that the metric is computationally expensive to process.

	(2.1)
	Fnc. Evenness I
	
	1D
	
	: Yes
	
	
	: Yes
	No
	

	Fnc. Evenness I reflects the evenness of the distribution of a single trait well, and is known to be successful in this case. Metric is independent of indices describing other aspects of functional diversity. An obvious drawback is that the metric does not represent the distribution of species in a multi-dimensional trait space.

	(2.2)
	Fnc. Evenness II
	
	MD
	: No
	: Yes
	: No
	
	
	No
	

	Both  indices successfully calculate functional evenness in line with the properties assigned to metric design. Fnc. Evenness II behaves more adequately in comparison to the one-dimensional counterpart and is also uncorrelated with other metrics. An undesirable feature is that the metric fails to respond to changes such as when species in the center of a community are added or subtracted.

	(3.1)
	Fnc. Logarithmic
Variance
	
	1D
	: Yes
	: Yes
	: Yes
	
	: Yes
	Yes
	 

	 has been tested with artificial and random generated data, in particular, the metric was tested with field data (short and tall grasslands and shrub lands) from eight sites in New Zealand (Mason et al., 2003). The results indicate that that the metric showed a good spread of values and good ability to distinguish between the communities and its performance was ecologically intuitive. Mason et al. (2003) recommend  for general use and state that the metric seems to represent the best solution up to date (2003) in comparison to others. Although the metric provides a useful means for testing proposed mechanisms behind diversity/ecosystem-function relationships, a limitation is that it is based on a single value for each species, rather than the species frequency distribution. Consequently, the metric provides an approximation of species distributions in niche space and it is not clear how several characters should be compared or combined, except by the procedure of calculating the mean average. The use of this metric has limitations, i.e the use of the logarithm implies that the trait values must be positive leading to difficulties, in particular, metric is not applicable if the data set contains zero values (Lepš et al., 2006). 

	(3.2)
	Fnc. Variance
(Modified)
	
	1D
	: Yes
	: No
	
	
	
	No
	

	Lepš et al. (2006) propose to decompose the variability of a trait in a community according to the relative effect of ’among’ and ’within’ species differentiation, analogical to decomposition of sum of squares in ANOVA. For e.g (3.1) takes specifically into account the dissimilarity in the trait space ’among’ species, whereas ’within’ species differentiation is ignored. Generally, dissimilarity in a community may be determined by either an ’among’ species trait differentiation or by a ’within’ species differentiation, leading to the modified version of the metric (3.1), where functional differentiation in a community can be partitioned into the relative effect of these two components. In most cases, the selection of individuals is not a random sample, and does not aim to cover the whole variability within a population. Without proper random selection of individuals can lead to a severe underestimate of the ’within’ component of trait variability.

	(3.3)
	Fnc.
Unalikeability
	
	*
	*
	*
	*
	*
	*
	*
	*

	The concept of ’unalikeability’ for categorical variables is analogous to the idea of variability for quantitative variables. Here,  provides an adequate metric used for the diversity within categorical traits. It is worth noting that many of the metrics listed here are also applicable to categorical variables, see Schleuter et al. (2010) for more details. There is no indication within literature which argues for or against these metrics in the context of categorical variables, therefore it is difficult to differentiate which is the desired metric. In comparison, quantitative variables are relatively considered to be more important amongst studies, at least in the case of functional diversity, hence little attention is given to categorical type metrics. Since most studies of relative importance are based on functional traits which are quantitative, (3.3) is not applicable. To overcome this problem, Villéger et al. (2008) proposed to estimate a distance matrix using distances such as the Gower distance which allows mixing qualitative and quantitative traits.

	(3.4)
	Fnc. Divergence I
	
	1D
	: No
	: Yes
	
	
	
	Yes
	

	This approach is conceptually different, since it is based on the relative span of the trait cluster and not on the variance. Low  values indicate that half of the individuals in the community occupy a very confined functional space, independent of the position of that cluster along the trait axis; high values suggest that the functional space is more densely occupied at both its edges. Schleuter et al. (2010) comments that the metric does not behave as expected when a species outside of the initial community is added. Observations from artificial tests show that the metric decreases in this scenario as opposed to increasing.

	(3.5)
	Rao’s Quadratic
Entropy
	
	MD
	: No
	
	: Yes
	
	
	Yes
	

	Lepš et al. (2006) has considered Rao’s coefficient as an efficient functional diversity metric which is very flexible. It can be used with various measures of dissimilarity between species incorporating single and multiple traits, (Ricotta, 2005; Petchey and Gaston, 2006, also see Shimatani (2001) for use with taxonomic dissimilarity). The metric is not affected by the splitting of a species into two functionally identical species with the same total abundance between them.

	(3.6)
	Fnc. Divergence II
	
	MD
	: No
	: Yes
	: Yes
	
	
	No
	

	This metric satisfies the modified twinning criterion proposed by Mason et al. (2003), that is, diversity is not affected when a species is replaced by two species with the same trait values and the same total abundance i.e the position of the center of gravity of the vertices will not be affected. The metric is constrained such that the number of species must exceed the number of traits.

	(3.7)
	Fnc. Dispersion
	
	MD
	: No
	: No
	: Yes
	
	: Yes
	Yes
	

	The framework proposed by Villéger et al. (2008) for continuous functional traits explores a different aspect of functional diversity, i.e functional richness, evenness and divergence. Laliberté and Legendre (2010a) agree that the proposal offers a meaningful framework for measuring functional diversity. However, the framework is limited to quantitative traits without missing values and to situations where there are more species than traits. Functional dispersion  is a new and intuitive multidimensional metric, which presents several desirable properties.  is the mean distance in multidimensional trait space of individual species to the centroid of all species; it can account for species abundances by shifting the position of the centroid toward the more abundant species and weighting distances of individual species by their relative abundances.  is the multivariate analogue of the weighted mean absolute deviation (MAD); this makes the new index unaffected by species richness, can be computed from any distance or dissimilarity measure, can handle any number of traits, is not strongly influenced by outliers, and can consider species relative abundances. Another potential advantage over  is that in the unweighted case (i.e., with presence-absence data), it opens possibilities for formal statistical tests for differences in functional diversity between two or more communities through a distance based test for homogeneity of multivariate dispersions Anderson (2006). cannot be constrained between 0 and 1 for convenience, a condition discussed by Mason et al. (2003), that is if traits are standardized prior to its computation.  does not satisfy the set monotonicity criterion (i.e., a subset of a community should be no more diverse than the whole community) of Ricotta (2005) because removing species that are close to the centroid effectively increases the dispersion of species in trait space.




