
 

 

 University of Groningen

Sensitivity of functional diversity metrics to sampling intensity
van der Plas, Fons; van Klink, Roel; Manning, Pete; Olff, Han; Fischer, Andmarkus

Published in:
Methods in ecology and evolution

DOI:
10.1111/2041-210X.12728

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2017

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
van der Plas, F., van Klink, R., Manning, P., Olff, H., & Fischer, A. (2017). Sensitivity of functional diversity
metrics to sampling intensity. Methods in ecology and evolution, 8(9), 1072-1080.
https://doi.org/10.1111/2041-210X.12728

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://doi.org/10.1111/2041-210X.12728
https://research.rug.nl/en/publications/388cf793-4e81-44a4-905c-01b36d926d8b
https://doi.org/10.1111/2041-210X.12728


Sensitivity of functional diversitymetrics to sampling

intensity

Fons van der Plas*,1, Roel vanKlink2, PeteManning1, HanOlff3 andMarkus Fischer1,4

1SenckenbergGesellschaft f€ur Naturforschung, Biodiversity andClimate ResearchCentre, Senckenberganlage 25, 60325

Frankfurt, Germany; 2Division of Conservation Biology, Institute of Ecology andEvolution, University of Bern, Erlachstrasse 9a,

3012 Bern, Switzerland; 3Groningen Institute for Evolutionary Life Sciences, University of Groningen, POBox 11103, 9700CC

Groningen, TheNetherlands; and 4Institute of Plant Sciences, University of Bern, Altenbergrain 21, 3013 Bern, Switzerland

Summary

1. Functional diversity (FD) metrics are increasingly used in ecological research, particularly in the studies of

community assembly and ecosystem functioning. However, studies using the FD metrics vary greatly in the

intensity by which ecological communities were sampled and it is largely unknown how sensitive these metrics

are to low sampling intensity (undersampling).

2. In this study, we used a combination of simulations with theoretically assembled communities and three

comprehensive, independent, empirical datasets on plant, ground beetle, and bird communities to investigate the

sensitivity of nine commonly used FDmetrics to undersampling.

3. Simulations with both theoretical communities and empirical data showed that in a wide range of contexts,

the measurement of various FD metrics requires a much higher sampling effort to reach an ‘adequate’ precision

(defined as an r2 of at least 0�7 between different subsets of the same population), than that required for com-

monly used taxonomic diversity metrics (e.g. species richness), although the ‘accuracy’ (their deviation from the

diversity value of a completely sampled community) of their measurements is not more sensitive to undersam-

pling than species richness.We also found that someFDmetrics (e.g. FunctionalDispersion) are consistently less

sensitive to undersampling than others (e.g. nearest neighbour distance-metrics). Problems of undersampling

were generallymost severe in datasets with high overall species richness and low overall abundances.

4. We found that the precision of many FDmetrics is highly sensitive to undersampling, andmore so than com-

monly used taxonomic diversity metrics. Therefore, to ensure reproducible results in functional biodiversity

research, we recommend that thorough sampling designs are used to sample communities and that datasets origi-

nally collected for studying taxonomic diversity should only be used for FDwhen it can be shown that undersam-

pling is not a major issue. In cases where undersampling is suspected or logistically unavoidable, the FDmetrics

that are relatively insensitive to its effects (e.g. Functional Dispersion) should be prioritized.

Key-words: accuracy, biodiversity, functional dispersion, functional richness, functional traits, pre-

cision, repeatability, sampling, simulations, trait diversity

Introduction

Functional diversity (FD) describes the range, evenness, and

dispersion of functional trait values within a community of co-

occurring species. Its study first gained popularity among

microbial ecologists, who used it to overcome taxonomic and

methodological difficulties in the quantification of more con-

ventional metrics of biodiversity, such as species richness (Zak

et al. 1994). Sooner, the FDmetrics were increasingly used for

inferring community assembly processes (Weiher & Keddy

1995; McGill et al. 2006) and in the study of relationships

between biodiversity and ecosystem functioning (Tilman et al.

1997; D�ıaz & Cabido 2001). With this increase in the study of

FD also came a demand for new metrics for its quantification,

as different aspects of trait variation and distribution may

convey different information about community assembly pro-

cesses and ecosystem functioning (Vill�eger, Mason &Mouillot

2008; Lalibert�e & Legendre 2010). The suitability of different

FD metrics for various purposes, such as studying large-scale

biodiversity patterns, community assembly or ecosystem func-

tioning, has been covered extensively (Mason et al. 2005;

Mouchet et al. 2010; Schleuter et al. 2010) and should be a pri-

mary consideration when choosing a metric to study. How-

ever, a second important consideration should be whether the

FD metrics of interest can be quantified reliably. At present,

we have a poor understanding of the properties of the data

required to calculate the reliable and interpretable FDmetrics.

Ecological communities, especially those of mobile and cryptic

organisms, because of the financial and logistical constraints,

are rarely sampled exhaustively. Instead, most studies rely on

samples comprising of a subset of all the individuals within a

community, and we term this incomplete sampling
*Correspondence author. E-mail: fonsvanderplas@gmail.com
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‘undersampling’. It is important to understand how undersam-

pling influences the reliability of FDmetrics.

So far, only a few studies have investigated how undersam-

pling or other forms of data deficiency affect the quantification

of FD.Cardoso et al. (2014) compared the FD estimates based

on subsets of intensively sampled empirical and theoretical

communities with ‘true’ FD values (i.e. based on (nearly) com-

pletely sampled communities) and found that FD was consis-

tently underestimated when sampling effort was low.

However, only the FD metrics that measure the multidimen-

sional trait volumewere investigated, andmetrics that quantify

how the trait space within this volume is filled (dispersion-

based measures) were not. Furthermore, most of the previous

studies on undersampling (Ricotta et al. 2012; Cardoso et al.

2014) or other forms of data deficiency (Pakeman 2014)

focused their analysis on how undersampling affected the accu-

racy of FD estimates, i.e. the absolute deviation of the esti-

mated diversity value from the ‘real’ FD value. However,

because the measurement of FD is not standardized with

respect to trait range and identity, absolute values of the FD

metrics are usually not easily understood and interpreted, in

contrast to the values of standardized quanta such as species

richness. Hence, in many cases, researchers are primarily inter-

ested in relative values of FD, e.g. to compare FD across envi-

ronmental or land-use gradients or to investigate whether FD

patterns are related to ecosystem processes. In such cases, max-

imizing the precision of FD measurements, which we define as

the correlation between repeated measures of FD, is most

important in ensuring that observed patterns and relationships

are reproducible (JCGM 2008). In other cases, for example,

when one wants to combine FD patterns from different studies

using a standardized set of traits for meta-analyses, it is impor-

tant tomaximize the accuracy ofmeasurements.

In this study, we use theoretical data and three indepen-

dently collected empirical datasets (on bird, ground beetle, and

grass communities) to study how undersampling affects the

quantification of various FD metrics, as well as three com-

monly measured taxonomic diversity measures. We randomly

draw subsamples from these communities to answer the fol-

lowing questions: (i) What minimum sampling effort is needed

to reach an adequate precision or accuracy? (ii) Are the preci-

sion and accuracy of FD metrics generally more or less sensi-

tive to undersampling than that of commonly used taxonomic

diversity metrics? (iii) Which FD metrics are most robust to

incomplete sampling?

Materials andmethods

SIMULATIONS WITH THEORETICAL COMMUNIT IES

To investigate the issues raised above, we simulated different theoretical

‘landscapes’ (defined in a broad sense, including study areas or regions),

varying in several key properties (e.g. number of species or species

abundance distributions) and consisting of multiple local communities.

This was done using the following steps (described in more detail in the

paragraphs below): first, we simulated several landscapes with different

ecological properties. Second, each of these landscapes was divided into

16 local communities. Third, from these local communities, we twice

randomly sampled a certain percentage of all the individuals. Finally,

we calculated several taxonomic and FDmetrics for these samples, and

by comparing the diversity values of the two replicate samples with

each other andwith those of complete communities, we calculated their

precision and accuracy.

We created two types of landscape: ‘default’ theoretical landscapes,

with landscape characteristics resembling those of the empirical data

(see ‘empirical data’ section), and ‘alternative’ landscapes, which dif-

fered in one of the following three aspects of the default landscape: (i)

the total number of species, (ii) the total number of individuals and (iii)

the species abundance distribution (or: evenness in abundances). This

way, we could investigate what the consequences of these three land-

scape characteristics are for the sensitivity of the accuracy and precision

of diversity measurements to undersampling. All these theoretical sim-

ulations were done usingR-3.3.1 (RDevelopment Core Team2004).

Creating landscapes

We created artificial landscapes using the ‘sim.spatial’ function of the

‘BAT’ package (Cardoso, Rigal & Carvalho 2015). These landscapes

consisted ofA individuals belonging to S species. In the default scenar-

io, S equalled 75 and A equalled 2500, close to what was observed in

the empirical datasets (see ‘empirical data’ section). Abundances of spe-

cies were log-normally distributed, with an average abundance of 33�3
(¼ A

S) and a standard deviation of the log-transformed abundances of

0�6, close to what was observed in the empirical datasets. Individuals of

the same species were simulated to be spatially aggregated within the

landscape (default ‘sim.spatial’ settings: standard deviation of individu-

als from their species’ centroid in the landscape was one-fourth of the

landscape length), as individuals in real landscape usually also are.

Each landscape was divided into a 4 9 4 grid of equally sized cells/

plots: the 16 local communities. The species differed in three traits,

which were all standard-normally distributed and independent of each

other. Each species had a random value for each of these traits.

Randomsampling of local communities

To simulate undersampling in real-world scenarios, we twice (to reflect

replicate samples) randomly sampled a proportion of the total number

of individuals from each local community. We investigated varying

degrees of undersampling: 30% (very heavy undersampling), 40, 50,

60, 70, 80, 90, and 100% (no undersampling). Scenarios in which

undersampling was even more severe (<30% of the individuals sam-

pled) were not analysed, as these often led to communities so small that

several FDmeasures could not be calculated.

Quantification of diversitymetrics and the precision and

accuracy of their measurement

For all samples, we quantified three commonly used taxonomical

diversity metrics and nine commonly used FD metrics: species rich-

ness (i.e. the number of species), Shannon species diversity, a metric

increasing with both more species and a higher evenness in abun-

dances, Pielou’s evenness, a metric measuring the evenness in species’

abundances (Magurran 1988), Functional Richness, quantifying the

multidimensional trait space species occupy, Functional -, quantifying

the average distance of the species from the centroid in trait space,

Functional Evenness, a metric quantifying how even individuals from

a community are distributed over trait space (Vill�eger, Mason &

© 2017 The Authors. Methods in Ecology and Evolution © 2017 British Ecological Society, Methods in Ecology and Evolution, 8, 1072–1080
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Mouillot 2008), functional dispersion (Lalibert�e & Legendre 2010)

and Rao’s quadratic entropy (Rao 1982; Botta-Duk�at 2009), two met-

rics quantifying (albeit with subtle differences) the average deviation

of individuals from a trait mean, Trait Range, the highest minus low-

est trait value (Stubbs & Wilson 2004) and Mean, minimal and stan-

dard deviation of nearest neighbour distances (NND) (Stubbs &

Wilson 2004). The NND metrics can be quantified using multiple

traits, but in this study we based it on a single trait, as this reflects the

most common practice in other studies (D’Andrea & Ostling 2016).

For the key characteristics of these diversity metrics, see Table 1.

Functional Richness, Functional Divergence, Functional Evenness,

Functional Dispersion and Rao’s quadratic entropy were quantified

using the FD package (Lalibert�e & Legendre 2010). Precision was cal-

culated as the r2 between diversity measures of replicate samples and

hence could range from 0 (completely unrepeatable measurements) to

1 (completely repeatable measurements). We considered the precision

‘adequate’ when it exceeded 0�7. Accuracy was quantified as the abso-

lute difference between the diversity values of an incompletely and

completely sampled community, divided by the diversity value of the

completely sampled community. Accuracy was considered ‘adequate’

when it was below 0�1, indicating a deviation below 10%. Each sce-

nario of the undersampling was repeated 10 times, to calculate the

averages of precision and accuracy under various scenarios.

Alternative scenarios

To investigate how different properties of the landscape determine the

effect of undersampling on the precision and accuracy of FDmeasure-

ments, we also considered ‘alternative’ scenarios in which one of the

properties of the landscape differed from that in the ‘default’ landscape.

In the first analysis, we investigated how precision and accuracy chan-

ged in the scenarios where landscapes were more diverse (100 species)

or less diverse (25 or 50 species) than the default scenario (75 species).

In the second analysis, we investigated how precision and accuracy

changed in the scenarios were total abundances were lower (1000) or

higher (5000 or 10 000) than default (2500). In the third analysis, we

investigated how precision and accuracy changed in the scenarios

where the species abundance distribution was less uneven (standard

deviation of log-transformed abundances: 0�4; 0�5) or more uneven

(0�7) than in the default scenario (0�6). We tested for significance of

landscape properties on the accuracy and precision of FD measure-

ments using linear mixedmodels, with average precision or accuracy as

the response variable, species pool richness, total abundance or stan-

dard deviation of abundances as a fixed factor and the FD metric as a

random factor (hence n = 9metrics 9 4 parameter values = 36).

SIMULATIONS WITH EMPIR ICAL COMMUNITIES

We investigated the effects of undersampling in the quantification of

FD using three independently collected datasets on very intensively

sampled ecological communities: (i) a dataset on bird transects col-

lected in Vermont, USA (Pardieck et al. 2016), (ii) a dataset on ground

beetle communities collected in the Netherlands and (iii) a dataset on

grass communities from SouthAfrican savannas.

Bird data

We used bird data from the North America Breeding Bird Survey

(BBS) (Peterjohn & Sauer 1994). This is a large-scale, annual sur-

vey of breeding birds in the USA and Canada. Every year around

June, birds are surveyed across approximately 2000 39�4 km tran-

sects. At 50 locations along these transects, regularly spaced 800 m

from each other, an observer performed a 3-min point counts sur-

vey. In this study, we only analysed the 69 transects located in the

state of Vermont from the years 2011–2014 (with a total number

of 136 species), as analysing the complete dataset would be com-

putationally too demanding. For a more detailed methodology of

the BBS, we refer to Pardieck et al. (2016).

To quantify FD, we used data on three traits, previously published

in the ‘Amniote Database’ (Myhrvold et al. 2015): adult body mass

(log-transformed), egg mass, and clutch size (square-root-transformed

data). Adult body mass is related to various life-history traits such as

metabolic rate (West, Brown & Enquist 1997), while the other two

traits are related to reproduction. Because eggmass increased exponen-

tially with adult bodymass, we ran amodel in which egg mass was pre-

dicted by both a linear and quadratic adult body mass term and we

used the residuals (a measure of relative egg mass) in further analysis,

to ensure that all traits were orthogonal.

Table 1. Biodiversitymetrics differ in the precision of their quantificationwhen communities are undersampled. Theminimal sampling effort needed

to reach a certain precision is expressed as the percentage of all subsamples that were pooled. The two functional diversity metrics performing best in

a certain aspect are highlighted in bold, andwere in all cases FunctionalDispersion andRao’sQuadratic Entropy. Functional Evenness andminimal

NNDperformed relatively poorly in various cases

Metric Unit Abun. Mult.

Minimal sampling effort for precision of:

0�5 0�7 0�9 0�5 0�7 0�9 0�5 0�7 0�9 0�5 0�7 0�9

Ground beetles Birds Plants Theoretical

Species Richness S No – 36�2 39�2 64�4 24�8 35�5 69�8 22�3 24�6 43�4 35�0 43�2 74�5
ShannonDiversity S Yes – 37�5 41�6 74�9 26�1 36�8 62�9 22�2 22�2 26�6 37�4 49�6 83�1
Pielou’s Evenness S Yes – 36�4 38�9 60�4 37�8 48�9 69�9 22�3 23�3 34�7 39�5 51�5 82�9
Functional Richness F No Yes 36�9 41�1 58�9 32�8 44�4 71�9 26�7 35�4 58�1 39�8 52�6 87�3
FunctionalDiversity F Yes Yes 36�7 39�6 63�8 41�6 58�5 87�5 30�8 31�4 40�2 41�1 57�1 86�3
Functional Evenness F Yes Yes 43�0 49�4 92�6 49�6 73�9 95�8 34�4 42�0 59�9 48�8 67�6 96�9
FunctionalDispersion F Yes Yes 35�8 36�8 51�2 26�1 33�5 53�5 22�2 22�2 27�9 36�6 47�0 74�8
Rao’sQ F Yes Yes 36�1 37�0 50�8 25�2 32�2 52�7 22�2 22�4 29�3 37�0 46�6 76�0
Trait Range F No No 42�0 46�7 77�3 52�3 69�2 85�9 38�1 50�6 77�0 43�1 55�7 84�9
MeanNND F No No 41�3 45�9 79�7 40�3 57�7 86�4 24�8 29�1 46�3 39�3 53�7 82�9
MinimalNND F No No 59�1 65�1 62�8 35�6 47�6 70�7 29�2 31�2 46�1 49�8 67�8 84�9
SDNND F No No 50�4 58�1 91�3 60�0 78�1 94�4 24�4 27�0 47�3 45�5 60�7 87�2

© 2017 The Authors. Methods in Ecology and Evolution © 2017 British Ecological Society, Methods in Ecology and Evolution, 8, 1072–1080
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Ground beetle data

The ground beetle (Coleoptera: Carabidae) community data were

obtained from the permanent pitfall trapping series of Biological sta-

tion Wijster, the Netherlands over the years 2013–2014. Pitfall traps

(25 9 25 cm) were active year-round at 8 locations in heathlands in

the province of Drenthe (52°460–52°490N, 6°240–6°350E), and emptied

weekly. Each series consists of three traps, but for our analysis, we used

only one trap with formaldehyde as a killing agent, to ensure that no

predation has taken place. Distances among locations were between

100 m and 12 km. As ground beetle activity is low during winter

(December–March), we used data only from week 14 (end March/

beginning ofApril) until week 47 (end ofNovember/start ofDecember)

in our analyses, yielding 34 weeks sampled in each year. On average,

we observed a total of 59�5 species in each year (total 73), and in total

4198 individuals.

For all 73 observed species we used four morphological, continuous

traits: body length (pronotum + elytrae), relative antenna length, eye

width, and femur length to calculate the FDmetrics. Body length is an

important functional property, related to biomass and metabolic rate

(West, Brown & Enquist 1997). Relative antenna length and eye width

are associated with sensory acuity, and relative femur length is associ-

ated with mobility (Woodcock et al. 2014). Most trait data were

obtained from literature (Ribera et al. 2001), but for some species no

literature data were available. Traits of these species were measured

from museum collections. For a small number of species, measure-

ments were done on specimens stored on alcohol. This was preferred to

make measurements as comparable with those of Ribera et al. (1999,

2001) andWoodcock et al. (2014) as possible, but for most of the rarer

species, only dried specimens were available. Of each species 6–10 indi-

viduals were measured using a stereo microscope (5–209 magnifica-

tion) and a Pinned Insect Manipulator (Dupont, Price & Blagoderov

2015) at the NERC Centre for Ecology and Hydrology, Oxfordshire,

United Kingdom, NATURALIS natural history museum, Leiden,

The Netherlands, and Jiho�cesk�e muzeum, �Cesk�e Bud�ejovice, Czech

republic. For eight species, fewer individuals were measured because of

limited specimen availability. To obtain the antenna length, femur

length, and eye width values orthogonal to body length, the means of

these values per species were regressed against body length and residu-

als were used as relativemeasures, followingRibera et al. (2001).

Grass data

Data on South African savannah grass communities were taken from

the SABRE grazing experiment (Hagenah, Prins & Olff 2009; Van der

Plas et al. 2016a,b). In a savannah park (28°000–28°260S, 31°410–
32°090E), at 10 sites multiple plots were set up to investigate the effects

of grazers on grass communities. Each site contained one fenced con-

trol plot and two or four fenced plots. For the purpose of this study, we

included only the community data from the unfenced and hence unma-

nipulated control plots of 2010. In each plot, a grid spanning

20 9 36 m was laid out, containing individual grid cells of 2 9 2 m.

At each of the 180 intersection points, the most dominant grass species

was identified. For a more detailed methodology on the collection of

grass community data, we refer to Hagenah, Prins & Olff (2009) and

Van der Plas et al. (2016a,b).

We used data on three traits collected by Van der Plas & Olff (2014):

Specific Leaf Area, leaf nitrogen content, and plant height. Specific

Leaf Area is related to growth rate and leaf longevity (Westoby et al.

2002), leaf nitrogen content is related to growth rate and forage quality

(Reich, Walters & Ellsworth 1997; Behmer 2009) and plant height is

related to the ability to compete for light (Weiher et al. 1999). As both

Specific Leaf Area and plant height were related to leaf nitrogen con-

tent, we used the residuals of a regression model with egg mass pre-

dicted by both linear and quadratic adult body mass (hence a measure

of relative eggmass) for further analysis.

Investigating the effects of undersampling on precision and

accuracy

We investigated how various degrees of undersampling affected the

precision and accuracy of taxonomic and FD metrics by randomly

selecting, within each location or transect, a certain number of (i) weeks

in which pitfall traps were emptied (ground beetle data), (ii) transect

points (bird data) or (iii) intersection points (grass data). For simplicity,

we refer to these weeks, transect points and intersection points as ‘sub-

samples’ hereafter. For ground beetles, we pooled the individuals from

8, 10, 12, 14, 16, 18, 20, 22, 24, 26, 28, 30, 32, or 34 of the 34 weeks in

which pitfalls were emptied. For birds, we pooled the individuals

observed in 15, 20, 25, 30, 35, 40, 45, or 50 of the 50 transects points.

For grasses, we pooled the observations from 40, 60, 80, 100, 120, 140,

160, or 180 of the 180 grid points. This procedure was was carried out

twice, to simulate two replicate samples from each community.

After subsampling, we calculated all taxonomic and FDmetrics and

their precision and accuracy as described above (see ‘simulations with

theoretical communities’). For those FD metrics that were unidimen-

sional (trait range and theNNDmetrics), we used only the body length

(ground beetles), body size (birds), or Specific Leaf Area (grasses) as

input. Each scenario of the undersampling was repeated 100 times and

carried out separately for different years (2013 and 2014 for ground

beetles, 2011, 2012, 2013, and 2014 for birds and 2010 for grasses), to

quantify an average and standard deviation of precision and accuracy.

Results

PRECIS ION AND ACCURACY OF FUNCTIONAL DIVERSITY

MEASUREMENTS IN THEORETICAL COMMUNIT IES

In the default scenario, there was substantial variation across

diversity metrics in their sensitivity to undersampling. While

species richness required a rather low sampling effort (43�2%
of individuals sampled) to reach an ‘adequate’ precision of at

least 0�7, Shannon diversity and Pielou’s evenness needed a

higher sampling effort ( 49�6 and 51�5% of individuals; Fig. 1,

Table 1). Functional diversity metrics always needed a higher

sampling effort to reach adequate precision than species rich-

ness, although some metrics (e.g. Functional Dispersion or

Rao’s Quadratic Entropy) could nevertheless reach adequate

precision at relatively low (<50% of all individuals) sampling

efforts (Fig. 1, Table 1). In contrast, some other FD metrics,

such as Functional Evenness and the minimal NND, required

a much higher sampling effort (approximately 70% of all indi-

viduals) to reach adequate precision (Fig. 1, Table 1). We also

found that FD metrics strongly differed in their accuracy

(Fig. S1 and Table S1, Supporting Information). In general,

Functional Divergence and Functional Dispersion reached

adequate accuracy of 0�1 at relatively low sampling effort

(<40% of individuals sampled), while the NNDmetrics, Func-

tional Richness and species richness needed much higher sam-

pling effort for an adequate accuracy (between 35% and 90%

of individuals sampled). These results were maintained when

© 2017 The Authors. Methods in Ecology and Evolution © 2017 British Ecological Society, Methods in Ecology and Evolution, 8, 1072–1080
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© 2017 The Authors. Methods in Ecology and Evolution © 2017 British Ecological Society, Methods in Ecology and Evolution, 8, 1072–1080

1076 F. van der Plas et al.



the bar for ‘adequate precision’ or ‘adequate accuracy’ was set

higher or lower (Table 1 and Table S1). The differences in the

sensitivity of different diversity metrics to undersampling were

consistent throughout the scenarios, as those metrics which

were relatively insensitive to undersampling in the default sce-

nario (e.g. Functional Dispersion) remained relatively insensi-

tive comparedwith other diversity metrics (e.g. NND metrics)

in the vast majority of scenarios (Figs 1 and S1).

The alternative scenarios showed that for most FD metrics,

a lower minimal sampling effort is required to reach adequate

precision or accuracy if (i) the number of species in a landscape

is small (P = 0�0004 and 0�0005 for precision and accuracy

respectively) or (ii) the total number of individuals in a land-

scape is large (both P < 0�0001). The species abundance distri-
butions of the landscape did not have a strong effect on the

precision or accuracy of FD measurements (P = 0�2152 and

0�5890 for precision and accuracy respectively) (Fig. 1).

PRECIS ION AND ACCURACY OF FUNCTIONAL DIVERSITY

MEASUREMENTS IN EMPIR ICAL COMMUNIT IES

Consistent with the analyses on theoretical communities, in

empirical communities of ground beetles, birds and grasses we

found great variation among diversity metrics in their sensitiv-

ity to undersampling (Fig. 2, Table 1). Again, the precision of

species richness was relatively insensitive to undersampling,

with between 24�6 and 39�2% of the subsamples needed to

reach an adequate precision (Table 1). However, Functional

Dispersion and Rao’s Quadratic Entropy needed a similar, or

sometimes even lower (between 22�2 and 37�0%of the subsam-

ples), sampling effort to reach an adequate precision. Func-

tional Evenness and the standard deviation of the NND

needed higher sampling efforts to reach adequate precision:

between 27�0 and 78�1% of the subsamples (Table 1). The

accuracy of species richness, as well as Functional Richness

and the NND metrics were highly sensitive to undersampling:

between 37�0 and 88�7% of the subsamples were needed to

reach an ‘adequate accuracy’ of 0�1 (Table S1), whereas amuch

lower sampling effort was needed to reach adequate accuracy

for Functional Dissimilarity or Functional Divergence. Also,

when the bar to reach ‘adequate precision’ or ‘adequate accu-

racy’ was set lower or higher, the same FDmeasures were con-

sistently the least or most sensitive metrics to undersampling

(Tables 1 & S1). Generally, a much lower sampling effort was

needed to reach a high precision or accuracy in the quantifica-

tion of grass diversity metrics than for ground beetle or bird

communities (Figure 2, Table 1).

Discussion

By analysing both theoretical data and three independently

collected empirical datasets on birds, ground beetles and

grasses, we found that in general, the precision of FDmeasures

is more affected by undersampling than that of taxonomic

diversity measures. Specifically, we found that for most empiri-

cal datasets and for most theoretical scenarios of undersam-

pling, a much higher sampling effort is required to reach an

adequate precision and hence reproducible results for FDmea-

surements than for taxonomical diversity measurements, a

result that was largely independent of both the dataset used

and on how ‘adequate precision’ was defined. Despite this, the

accuracy of FD measurements was not always more affected

by undersampling than the accuracy of taxonomic diversity

measurements.We also found that problems of undersampling

weremore severe for someFDmetrics or in some datasets than

in others.

With respect to precision, Functional Dispersion and Rao’s

Quadratic Entropy were the least sensitive metrics to under-

sampling in all investigated communities, with a performance

that was similar to taxonomical diversity metrics. In contrast,

the precision of some other metrics, especially Functional

Evenness and the standard deviation of the NND was much

more sensitive to undersampling. Functional Dispersion and

Rao’s Quadratic Entropy are mathematically closely related

(Lalibert�e & Legendre 2010), explaining their similar response

to undersampling. Both indices describe the average, abun-

dance-weighted deviation from the centroid of trait space that

a community occupies and thereby belong, together with the

Functional Divergence metric, to divergence-related FD

indices (Schleuter et al. 2010). Functional Evenness and the

standard deviation of the NND quantify how evenly spaced

trait distances within a community are (evenness-related FD

indices; Schleuter et al. 2010). Therefore, our results indicate

that the precision of divergence-related FD indices are less sen-

sitive to undersampling than evenness-related indices. The pre-

cision of two richness-related indices, Functional Richness and

Trait Range, had an intermediate sensitivity to undersampling.

Surprisingly, the precision of abundance-based metrics, such

as Functional Evenness, was not less sensitive to undersam-

pling than the presence-based metrics such as our measure of

Functional Richness. A possible explanation for this is that

while weighting for abundances reduces the consequences of

the non-detection of rare species, it increases measurement

errors when real relative abundances are incorrectly estimated,

which is not an issue for presence-based metrics. M�ajekov�a

et al. (2016), who studied the effects of missing trait (rather

than community) data on the precision of Rao’s Quadratic

Entropy, Functional Richness and Functional Evenness,

found that the former was most robust to missing data and

that the latter was least robust, suggesting that precision of the

same metrics are consistently the most sensitive to any type of

data deficiency.

Interestingly, we found that the accuracy of FD measure-

ments was not necessarily more sensitive to undersampling

than the accuracy of taxonomic diversity metrics. A reason for

this might be that diversity metrics that measure any form of

‘richness’ (be it species richness or Functional Richness) are

consistently underestimated in incompletely sampled commu-

nities, as rare species or functional types are typically not

detected. In many cases, however, a high precision is more

important than a high accuracy: usually researchers are inter-

ested in the relationship between a diversity measure and other

factors, such as land use or ecosystem functioning. If diversity

values of communities are consistently underestimated (low
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accuracy), but always by approximately the same magnitude

(high precision), the nature of diversity-driver relationshipswill

not bemisrepresented. In cases where researchers are interested

in the absolute values of FD measures, a high accuracy is

desired in addition to a high precision. In such cases, our

results indicate that Rao’s Quadratic Entropy is less reliable

than Functional Dissimilarity. The only other study that inves-

tigated the effects of undersampling on the accuracy of FD

measurements (Cardoso et al. 2014), investigated one (rich-

ness-related) metric only and could therefore not be used for

comparisons.

Our simulations with theoretical data allowed us to investi-

gate which properties of landscapes determine the sensitivity of

FD metrics to undersampling, in terms of both accuracy and

precision. These simulations showed that for most FDmetrics,

measurements became less precise and less accurate when a

‘landscape’ (broadly defined as a large spatial area, including

terms as region or study area) contains many species at low

abundance. Among our empirical datasets, the grassland data

contained by far the fewest (20) species, explaining its high pre-

cision and accuracy, even when greatly undersampled. Our

analyses also suggest that more generally speaking, undersam-

pling is most problematic for taxa that tend to be species rich

at small spatial scales, such as bacteria, plants, or insects, and

those with low overall abundance, such as reptiles and

mammals.

For a number of reasons, the minimal sampling effort

required to reach adequate precision and accuracy of FDmea-

surements might be even higher than estimated here. In the

empirical part of our study, we simulated scenarios of under-

sampling by randomly subsampling from nearly exhaustively

sampled community data (a ‘sampling universe’ sensu Gotelli

& Colwell 2010). While this is an established approach (e.g.

M�ajekov�a et al. 2016), even in the highly intensively sampled

communities that we investigated, some species might not have

been observed. Although this is almost inevitable, as sampling

communities truly exhaustively is generally either unfeasible or

impossible, it is likely that this may have caused an underesti-

mation of the minimum sampling effort required to reach ade-

quate precision and accuracy. In addition, by randomly

drawing subsamples, each individual from each species was

equally likely to be observed in our simulations. In reality, this

is rarely the case: depending on the sampling technique, indi-

viduals from some species are more likely to be detected than

others. This detectability often depends on a species’ traits

(MacNeil et al. 2008): for example, large and colourful species

aremore easily detected than small, camouflaged species (Mac-

Neil et al. 2008; L~ohmus 2009). This bias may affect FD mea-

surements even more than random subsampling and may

therefore have even greater consequences for the reproducibil-

ity of research. For these reasons, the minimum required sam-

pling efforts estimated in this study should be seen as

conservative and we recommend a high sampling intensity as

standard practice if repeatable measurements of FD are to be

ensured.

Our finding that the precision of FD metrics is usually

very sensitive to undersampling has several implications.

First, it indicates that the use of data originally collected

for studying taxonomical diversity is risky and should only

be done when the original sampling efforts were sufficiently

high. Second, when designing a field study aiming to cap-

ture FD, care must be taken that sampling efforts are suffi-

ciently high for precise and reproducible results. Our

simulations give a rough guideline for certain taxonomic

groups, although it is important to note that due to biases

(e.g. in detectability) not studied here, the minimum sam-

pling efforts we calculated are likely underestimated. Third,

we found that some FD metrics are more suitable in cases

where undersampling is suspected. Of course, other criteria

than precision and accuracy, such as the ecological interpre-

tation (Schleuter et al. 2010) are also important when decid-

ing which metric to use, but when two different metrics

(e.g. Functional Divergence and Functional Dispersion) are

similar in this respect (they both capture the average dis-

tance from a multivariate centroid), but differ in precision

or accuracy, then choosing a metric can be relatively

straightforward. Fourth, there are various statistical tech-

niques developed to correct for undersampling (e.g. Gotelli

& Colwell 2010; Cardoso et al. 2014). While these tech-

niques have been shown to improve the accuracy of diver-

sity estimates, whether they also improve the precision still

remains to be seen and is an interesting topic for future

investigations. Implementing the above recommendations

will improve reproducibility, and advance the progress of

future research into the the ecological causes and conse-

quences of FD.
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Fig. S1. The minimum sampling effort needed to reach an, accuracy of

0.1 depends on the functional diversity metric and characteristics of the

landscape under study. Three different simulations were investigated:

simulation 1, where the effect of the number of species in the landscape

was investigated, simulation 2, where the effect of the total number of

individuals in the landscape was investigated and simulation 3, where

the effect of variability in species abundances was investigated. The

dark grey bars represent a ‘default scenario’ (number of species = 75;

total abundance = 2500; standard deviation of log-transformed abun-

dances across species = 0.6) with parameter settings close to those

observed in the empirical data.

Table S1. Biodiversity metrics differ in the accuracy of their quantifica-

tion when communities are undersampled. The minimal sampling

effort that is needed to reach a certain accuracy (small deviation from

real value) is expressed as the percentage of all subsamples that were

pooled. The two functional diversity metrics that perform best in a cer-

tain aspect are highlighted in bold, and were in most cases Functional

Divergence, Functional Dispersion and Trait Range. All NNDmetrics

performed relatively poorly in various cases.
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