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continents, and whether particular types of environmental variables produced consist-
ently better models of ED. We selected 12 species inventories and atlases to span a
broad range of taxa (plants, birds, mammals, reptiles, and amphibians), spatial extents,
and resolutions. For each dataset, we used continuous p-median ED and maxdisp ED
in combination with five sets of environmental variables (five combinations of tem-
perature, precipitation, insolation, NDVI, and topographic variables) to select environ-
mentally diverse sites. We used the species accumulation index (SAl) to evaluate the
efficiency of ED in representing species for each approach and set of environmental
variables. Maxdisp ED represented species better than continuous p-median ED in
five of 12 biodiversity datasets, and about the same for the other seven biodiversity
datasets. Efficiency of ED also varied with type of variables used to define environ-
mental space, but no particular combination of variables consistently performed best.
We conclude that maxdisp ED performs at least as well as continuous p-median ED,
and has the advantage of faster and simpler computation. Surprisingly, using all 38
environmental variables was not consistently better than using subsets of variables,
nor did any subset emerge as consistently best or worst; further work is needed to
identify the best variables to define environmental space. Results can help ecologists
and conservationists select sites for species representation and assist in conservation

planning.
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1 | INTRODUCTION

Because of the lack of reliable biological data for conservation plan-
ning, surrogates are often used to represent aspects of biodiversity
(Moilanen, Wilson, & Possingham, 2009). Surrogates are well-mapped
taxonomic (e.g., occurrences of a given taxon, umbrella species, focal
species) or environmental features (e.g., land-forms, soil types, vegeta-
tion types, NDVI) in the planning region.

The environmental diversity (ED) approach, proposed by Faith and
Walker (1996), is a rarely used surrogate based on environmental dis-
similarities in a continuous (unbinned) environmental space quantified
as an ordination (Faith & Walker, 1996; Faith, Ferrier, & Walker, 2004).
This framework assumes that species have a unimodal niche in en-
vironmental space (Faith et al., 2004), such that larger distances be-
tween sites in environmental space imply greater species-composition
differences (Faith & Walker, 1996). A low-cost surrogate-like ED could
be useful for conservation planning because no region of the world
has high-resolution information on the distribution of species.

Environmental diversity uses the p-median selection algorithm to
select sites to span the underlying environmental space as quantified
in the ordination. The p-median algorithm was initially proposed to
specify the best set of facilities or services locations (e.g., hospitals,
fire stations) that minimize the average travel distance to the loca-
tions (demand points) in a planning area (Faith & Walker, 1996; Reese,
2006). In the ED context, the space is a multidimensional environmen-
tal space (not geographical space) representing the range of environ-
mental conditions, and the demand points are distributed uniformly
throughout the environmental space (Faith, 2003). The continuous
p-median algorithm selects p sites that minimize the sum of distances
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(in environmental space) from each “demand point” to the nearest se-
lected site. The idea is that a set of p sites that collectively represent
environmental diversity will efficiently represent diversity of many
components of biodiversity (e.g., species) whose true distributions
are not known. The ordination space is limited to 2 or 3 dimensions
because p-median calculations become computationally prohibitive in
higher dimensional space.

Recently, Engelbrecht, Robertson, Stoltz, and Joubert (2016) sug-
gested a new approach to ED, which they called the greedy maximum
dispersion or maxdisp approach. Maxdisp differs from p-median by
minimizing the sum of inverse squared distances between selected
sites, instead of minimizing the sum of distances between selected
sites and demand points, to produce an even spread of sites through
environmental space. Because demand points are not needed, there is
no need to collapse environmental space to two dimensions—maxdisp
can operate in full-dimensional PCA space, or even in space defined
by the raw environmental data. Engelbrecht et al. (2016) reported that
maxdisp performed as well as continuous p-median for four empirical
datasets, one modeled dataset, and one simulated set of biodiversity
data in South Africa. The maxdisp approach is computationally sim-
ple, even in high-dimensional ordination or raw environmental space.
Thus, if maxdisp performs as well as continuous p-median in many set-
tings, it could be a better optimization approach.

The choice of environmental variables could also affect the effi-
ciency of ED. In general, we expected that including all environmental
variables known to affect species distributions would produce a better
ED model. On the other hand, including an irrelevant variable could in-
troduce noise that would decrease the complementarity value of envi-
ronmentally diverse sites. And although climate is certainly a driver of

TABLE 1 Datasets used to evaluate environment diversity as a surrogate to meet the goal of species representation

No. of cells or Size of grid cell or

Taxon, geographic area  sites inventory site
Plants, Sierra Nevada, 595 200 m
Spain
Birds, Arizona, USA 1,317 2.4 km
Plants, UK 2,242 10 km
Birds, Spain 5,301 10 km
Plants, Botswana 556 25 km
Plants, Namibia 998 25 km
Plants, Zimbabwe 360 25 km
Vertebrates, Western 2,195 50 km
Europe
Amphibians 2,195 50 km
Reptiles 2,195 50 km
Birds 2,195 50 km
Mammals 2,195 50 km

Type of
No. of species dataset® Source
255 Inventory SNGCO (2013)
359 Inventory Corman and Wise-Gervais
(2005)
1,456 Atlas Preston, Pearman, and Dines
(2002)
294 Atlas INB (2007)
2,237 Atlas PRECIS (2014)
3,566 Atlas PRECIS (2014)
1,338 Atlas PRECIS (2014)
771 Atlas
55 Atlas Gasc et al. (1997)
106 Atlas Gasc et al. (1997)
471 Atlas Mitchell-Jones et al. (1999)
142 Atlas Hagemeijer and Blair (1997)

In each “inventory” dataset, the sites were a systematic subsample of the geographic area of interest, and an attempt was made to inventory a representa-
tive set of sites in the study area. In each “atlas” dataset, each site was a grid cell, survey efforts did not cover the entirety of each grid cell, and the sites

collectively comprised the entire geographic area of interest.
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complementarity, the crude interpolation of climate variables (lat-long
interpolation with a single elevation covariate) could introduce errors.
Moreover, some types of variables may better define the environmen-
tal space for a particular taxon, spatial extent, or spatial resolution.
Herein, we compare maxdisp ED to continuous p-median ED for
12 sets of biodiversity data (Table 1) and investigate whether the
types of variables used to define environmental space (e.g., climate,
topographic, and insolation variables) affect the ability of ED to select
sites that represent species efficiently. Our objective was to determine
if the maxdisp approach is as effective a surrogate as continuous p-
median approach to ED. If maxdisp performed well in our tests, the
result would justify further work to improve the ED approach so that

it can be used to prioritize sites for conservation.

2 | METHODS

2.1 | Species dataset

We selected 12 biodiversity inventories and atlases that span a broad
range of taxa (plants, birds, mammals, reptiles, and amphibians), spa-
tial extents, and resolutions (Table 1). We considered the sites in the
dataset to be the entire planning area, even though in some cases (e.g.,
plants of Zimbabwe, birds of Arizona) species data did not cover all
sites within the boundaries of the study region.

2.2 | Environmental datasets

For all sites within each dataset, we obtained 38 potential predictor
variables available for all regions of the world (Table S1). We obtained
temperature and precipitation variables from Hijmans, Cameron,
Parra, Jones, and Jarvis (2005), insolation variables from Neteler
(2005), NDVI (normalized difference vegetation index) from Tucker,
Pinzon, and Brown (2004), and elevation and slope from USGS (2014).
We calculated topographic diversity and aspect diversity (Benito,
Cayuela, & Albuquerque, 2013) from elevation data. We calculated
the mean, maximum, minimum, or range of each environmental vari-
able across each grid cell. We selected these variables because they
were available for all datasets, and each has been shown to be associ-
ated with site complementarity or species richness (Stein, Gerstner, &

Kreft, 2014 and references therein).

2.3 | Types of environmental variables

We applied continuous p-median and maxdisp to five characteriza-
tions of environmental space, each defined by a particular combination
of types of environmental variables (Table S1). The first combination of
variable types (CVT1) included all 38 environmental variables; CVT2
included climate (temperature and precipitation) and NDVI variables;
CVT3 included the climate and topographic variables; CVT4 consisted
of only the climate variables; and CVT5 comprised the insolation and
topographic variables. We tested whether the environmentally diverse
sites selected using any particular CVT consistently represented more
species than sites selected using other CVTs.

2.4 | Defining environmental space

We used principal components analysis to reduce multicollinearity,
which could distort environmental space. We used the Kaiser criterion
to identify factors with eigenvalues >1.0 (Kaiser 1960). The number
of significant PCA factors for each geographical area and CVT varied
from two (Sierra Nevada) to eight (Spain and Botswana), with a mode
of four factors (Table S2).

For p-median ED, we then used nonmetric multidimensional scal-
ing (NMDS) (Minchin, 1987) to create a two-dimensional ordination
space where intersite distance reflects distances in full PCA space.
Reduction in two dimensions was required to create an array of
hypothetical demand points for the continuous p-median algorithm
in POPSTAR (Resende & Werneck, 2003). For Maxdisp, we calculated
Euclidean distances in space defined by the significant PCA factors.
Ordinations were performed using R package vegan (R Core Team,
2014, Oksanen, Blanchet, Kindt, Legendre, & Minchin, 2013).

2.5 | Computation of the ED metrics

Environmental diversity models were constructed for five CVTs. We
used the continuous p-median ED and maxdisp ED approaches to se-
lect environmentally diverse sites.

In the continuous p-median ED approach, we first divided each
NMDS axis into equal intervals to create a 50 x 50 grid in two-
dimensional NMDS ordination space and used the 2,500 grid cell cen-
troids as demand points. (We ignore the discrete p-median approach
because it is inferior to continuous p-median on both theoretical
grounds (Faith, 2003, 2011) and empirical tests, Beier & Albuquerque,
2015; Engelbrecht et al., 2016). We then used the hybrid heuristic p-
median procedure in POPSTAR with 32 random starts, and hybrid-
ization among the top 10 solutions to identify a solution that best
spanned ordination space. We performed five runs per dataset and
CVT, varying p to select 15%, 20%, 25%, 30%, and 35% of the total
number of sites in each dataset.

In the maxdisp model, we first used significant PCA factors to pro-
duce a Euclidean distance matrix among planning sites (grid cells). We
then minimized the inverse of the square of distances between se-
lected sites to select sites evenly distributed in environmental space
(Engelbrecht et al., 2016):

n-1 n 1
minimize Y 3 -
i=1 j=i+1

Subject to:
n
Y xi=mx€ {01}

where n is the number of sites (planning units) available for starting
conservation actions, i and j are indices for site, x is the control vari-
able indicating if a site has been selected or not, and m is the set of
sites that must be selected. We used the “greedy” maxdisp heuristic
(which at each step adds the site that minimizes the function) instead
of an “interchange” heuristic (which swaps out large sets of sites at
each step), because Engelbrecht et al. (2016) reported that the greedy
heuristic performed as well as the interchange heuristic, and mimics
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the situation in which a decision-maker adds one site at a time to the
set of protected sites.

The maxdisp algorithm is a modified version of the maximum di-
versity algorithm—a metaheuristic algorithm used to select a set of
m elements from a set of n elements in the way to maximize the sum
of distances between the chosen elements (Engelbrecht et al., 2016).

2.6 | Assessing effectiveness of ED metrics as
a surrogate

We used the species accumulation index, SAI (Rodrigues & Brooks,
2007), to evaluate the efficiency of ED (continuous and maxdisp) in
representing each taxon and to assess if the choice of variables and
environmental scenarios influence the efficiency of ED as a surrogate
for species representation. SAI relates the number of species repre-

sented in the set of sites selected using the surrogate (S), to the largest
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number of species that can be represented in the same number of
sites (an optimum value O) and to number of species represented in
the same number of randomly selected sites (R). We used the core area
version of Zonation (Moilanen et al., 2014) to calculate O. Zonation
is a reverse stepwise heuristic algorithm that produces a hierarchic
ranking of conservation priority for all sites throughout the landscape
(Moilanen et al., 2009). To calculate R, we randomly selected sets of p
sites and calculated the number of species represented at least once
in the randomly selected cells. We repeated the random selection pro-
cedure 1,000 times, and used the mean R value.

Formally, SAl = (S-R)/(O-R). SAl is scaled - to 1; a positive SAl is
a measure of efficiency whereas negative SAl indicates a worse than
random result, and O indicates random performance. For example, SAl
of 0.5 indicates that the surrogate was 50% as effective as the op-
timal solution in its ability to improve on random selection of sites.
We calculated SAl at 15%, 20%, 25%, 30%, and 35% of the landscape

TABLE 2 Efficiency (Species Accumulation Index [SAI] values®) of two approaches to environmental diversity (ED), namely continuous
p-median and maxdisp, for each of 12 biodiversity datasets and five sets of variables used to define environmental space

Types of variables used to define environmental space

Biodiversity Climate, insolation, Insolation,
dataset ED approach All 38 variables topography Climate, NDVI Climate only topography
Plants, Sierra p-median 0.00 -0.01 -0.03 0.10 0.06
Nevada maxdisp -0.03 0.01 -0.04 -0.05 0.15
Birds, Arizona p-median 0.29 -0.13 0.39 -0.09 -0.08
maxdisp 0.08 -0.08 0.22 0.05 -0.18
Plants, UK p-median -0.01 -0.14 -0.20 -0.07 -0.18
maxdisp 0.25 -0.14 0.41 0.22 -0.09
Birds, Spain p-median -0.14 0.39 0.55 0.33 -0.06
maxdisp 0.52 0.34 0.75 0.19 0.15
Plants, Namibia p-median 0.38 0.08 0.13 0.15 0.06
maxdisp 0.25 0.28 0.24 0.25 0.24
Plants, p-median 0.16 0.22 0.10 0.31 0.25
Botswana maxdisp 0.38 0.38 0.35 0.36 0.23
Plants, p-median 0.37 0.34 0.41 0.35 -0.19
Zimbabwe maxdisp 0.57 0.61 0.58 0.59 0.49
Amphibians, p-median 0.55 -0.18 -0.07 0.55 -0.18
Europe maxdisp 0.14 0.32 0.35 0.35 0.71
Reptiles, Europe p-median 0.56 0.38 0.68 0.29 -0.29
maxdisp 0.62 1.00 0.57 0.42 0.42
Birds, Europe p-median 0.36 -0.04 0.09 -0.02 -0.14
maxdisp 044 0.50 0.69 0.24 -0.06
Mammals, p-median -0.67 1.00 1.00 -0.67 -0.15
Europe maxdisp -2.33 -0.25 0.09 -1.73 -2.33
Vertebrates, p-median 0.18 0.08 -0.11 0.11 -0.23
Europe maxdisp 0.27 0.42 0.47 0.11 0.01

The best SAl value in each row is indicated in bold font, and the row median is underlined.

@Positive SAl values indicate the number of species represented in p sites selected by ED relative to the number of species represented in p randomly
selected sites and the maximum number of species that could possibly be represented in p sites. Thus, SAl of 0.68 indicates that ED was 68% as effective
as having full knowledge of true species distributions in its ability to improve on random selection of sites. Negative SAl values indicate that p sites selected

by ED represented fewer species than p randomly selected sites.
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hypothetically reserved and used the median of these 5 SAl values as

an overall estimate of surrogate performance.

3 | RESULTS

Sites selected by both approaches to ED represented more species
than occurred in randomly selected sites for most datasets and com-
binations of environmental variables (Table 2). Continuous ED repre-
sented slightly fewer species than randomly selected sites for plants
of UK (SAl < O for each of the five sets of environmental variables).
Maxdisp ED represented substantially more species (maximum and
median SAl 0.20 higher) than continuous p-median ED for five data-
sets (plants of UK, plants of Zimbabwe, reptiles of Europe, birds of
Europe, and combined vertebrates of Europe). For the other seven
datasets, the two ED approaches performed approximately equally
(Table 2). Although continuous p-median ED represented mammals of
Europe at 100% efficiency for two sets of environmental variables, it
represented mammals of Europe poorly (negative SAl) for the other
three sets of environmental variables.

The efficiency of both types of ED as a surrogate for species
representation varied greatly across the five combinations of types
of environmental variables used to define environmental space.
Contrary to expectation, ordinations of environmental space using
all five types of variables did not consistently produce higher (better)
SAl values than ordinations using various subsets of environmental
variables (Table 2). Ordinations using each of the five combinations
of variable types was “best” for at least one dataset and ED approach,
and there was no tendency for a particular combination of environ-
mental variable types to work best for a particular taxon, scale, or
cell size.

4 | DISCUSSION

Beier and Albuquerque (2015) and Engelbrecht et al. (2016) provide
strong evidence that ED is a reliable surrogate to represent plant
and animal species. This study reinforces the finding of Engelbrecht
et al. (2016) that maxdisp ED is as useful as the continuous p-median
ED, performing better than continuous p-median for five of the 12
datasets we tested, arguably worse for one dataset (mammals of
Europe), and about the same for the other six datasets. We believe
that the strong performance of maxdisp relative to continuous p-
median is due to the fact that the POPSTAR implementation of the
p-median approach loses information about distances in environ-
mental space when it collapses PCA space (up to eight dimensions)
down to two dimensions. We chose POPSTAR because its heuristic
consistently outperforms competing heuristics (Resende & Werneck,
2003; Mladenovi¢, Brimberg, Hansen, & Moreno-Pérez, 2007), but
it is important to note that p-median can be applied in any number
of dimensions; indeed older software implemented the p-median ap-
proach in six dimensions (Faith, Walker, Ive, & Belbin, 1996). But until
future software implements POPSTAR's superior heuristic in multiple

dimensions, maxdisp, by retaining information from all significant
PCA axes, can better depict environmental space and select sites
that span that space. In addition, for solutions involving more than
a few thousand sites, computing time for continuous p-median ED
can take hours or days. Considering both the better performance of
maxdisp and its much faster calculation (a few minutes), we agree with
Engelbrecht et al. (2016) that maxdisp should be the method of choice
in most applications of ED.

We acknowledge that continuous p-median ED (unlike maxdisp)
entails a clear theoretical expectation that selected sites will represent
species efficiently (Faith & Walker, 1996). This potential advantage
may be realized when software is developed to solve p-median prob-
lems in 3-8 dimensions.

We were not surprised that the choice of type of environmen-
tal variables would affect the performance of both approaches
to ED, but we expected that ordinations using all variables would
consistently outperform ordinations using subsets of variables, as
Engelbrecht et al. (2016) observed for six datasets in South Africa.
This expectation was not supported by our evidence. We further
expected that if differences across subsets of variables were large
(as they were), then one or more subsets would be consistently bad
(reflecting irrelevant or poorly measured variables) or that particu-
lar subsets (e.g., climate variables) would be superior for particular
taxa (e.g., plants) or for coarser cell sizes (e.g., Europe versus Sierra
Nevada or Arizona). This expectation was also not supported by our
evidence. Clearly, additional investigations are needed to determine
which environmental variables will produce superior ED models.
Such investigations could improve on our effort by using >5 topo-
graphic variables, by including soil variables, and by testing across a
greater variety of combinations of variables (e.g., combining different
individual variables instead of broad types of variables). We suggest
such tests should focus mostly on-site sizes <10 x 10 km, because
these small site sizes better match the parcel sizes at which conser-
vation decisions are made.

About 80% of the ED models we tested, and about 83% of the
best-performing ED models, included climate variables, likely reflect-
ing equilibrium of species’ distribution with contemporary climate.
Species are said to be at equilibrium with climate if they occur in all
climatically suitable areas while being absent from all unsuitable ones
(sensu Aratjo & Pearson, 2005). Many studies suggest that contempo-
rary climate limits terrestrial taxonomic richness over broad geographic
extents (Hawkins et al., 2003 and references therein). The climate hy-
pothesis claims that energy availability and water-energy dynamics
generate and maintain richness patterns for most taxonomic groups
(O’Brien, 1998; Hawkins et al., 2003). However, contemporary climate
might or might not reflect future environmental diversity and species
distributions (Wiens, Stralberg, Jongsomijit, Howell, & Snyder, 2009;
Porfirio et al., 2014). The continuous p-median ED approach may be
appropriate for climate change impact assessment when climate vari-
ables are among the environmental variables used for deriving the
space. Under climate change scenarios, demand points and species
niches do not change (assuming no evolution in species niches), but
the position of sites under climate change does change—producing
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a change in the p-median that reflects gains and losses of species

(Daniel Faith personal communication, June 10, 2017).

ACKNOWLEDGMENTS

We thank Dan Faith and two anonymous reviewers for helpful com-

ments on earlier versions of this paper.

CONFLICT OF INTEREST

None declared.

ORCID

Fabio Albuquerque http://orcid.org/0000-0001-9981-4757

REFERENCES

Aratjo, M. B., & Pearson, R. G. (2005). Equilibrium of species’ dis-
tributions with climate. Ecography, 28, 693-695. https:/doi.
org/10.1111/j.2005.0906-7590.04253.x

Beier, P., & Albuquerque, F. S. (2015). Environmental diversity is a reliable
surrogate for species representation. Conservation Biology, 29, 1401-
1410. https:/doi.org/10.1111/cobi.12495

Benito, B., Cayuela, L., & Albuquerque, F. (2013). The impact of model-
ling choices in the predictive performance of richness maps derived
from species distribution models: Guidelines to build better diversity
models. Methods in Ecology and Evolution, 4, 327-335. https:/doi.
org/10.1111/2041-210x.12022

Corman, T., & Wise-Gervais, C. (2005). Arizona breeding bird atlas.
Albuquerque, Mexico: University of New Mexico Press.

Engelbrecht, I., Robertson, M., Stoltz, M., & Joubert, J. W. (2016).
Reconsidering environmental diversity (ED) as a biodiversity sur-
rogacy strategy. Biological Conservation, 197, 171-179. https:/doi.
org/10.1016/j.biocon.2016.02.028

Faith, D. P. (2003). Environmental diversity (ED) as surrogate information
for species-level biodiversity. Ecography, 26, 374-379. https:/doi.
org/10.1034/j.1600-0587.2003.03300.x

Faith, D. P. (2011). Attempted tests of the surrogacy value of the ED en-
vironmental diversity measures highlight the need for corroboration
assessment of surrogacy hypotheses. Ecological Indicators, 11(2), 745-
748. https://doi.org/10.1016/j.ecolind.2010.06.019

Faith, D. P, Ferrier, S., & Walker, P. A. (2004). The ED strategy: How
species-level surrogates indicate general biodiversity patterns through
an “environmental diversity” perspective. Journal of Biogeography, 31,
1207-1217. https://doi.org/10.1111/j.1365-2699.2004.01145.x

Faith, D., & Walker, P. (1996). Environmental diversity: On the best-
possible use of surrogate data for assessing the relative biodiversity
of sets of areas. Biodiversity and Conservation, 5, 399-415. https:/doi.
org/10.1007/BF00056387

Faith, D. P, Walker, P. A, Ive, J. R.,, & Belbin, L. (1996). Integrating con-
servation and forestry production: Exploring tradeoffs between bio-
diversity and production in regional land-use assessment. Forest
Ecology & Management, 85, 251-260. https:/doi.org/10.1016/
S0378-1127(96)03762-0

Gasc, J.P, Cabela, A., Crnobrnja-lsailovic, J., Dolmen, D., Grossenbacher,
K., Haffner, P, ... Zuiderwijk, A. (1997). Atlas of amphibians and rep-
tiles in Europe. Collection Patrimoines Naturels 29. Societas Europaea
Herpetologica, Muse ‘um National d’Histoire Naturelle & Service du
Petrimone Naturel, Paris.

Fcology and Evolution 857
= e W1 LEY- %7

Hagemeijer, E. J. M., & Blair, M. J. (1997). The EBCC Atlas of European
Breeding Birds: Their distribution and abundance. London, UK: Poyser.
Hawkins, B. A., Field, R., Cornell, H. V., Currie, D. J., Guegan, J.-F., Kaufman,
D. M., ... Turner, J. R. G. (2003). Energy, water, and broad-scale geo-
graphic patterns of species richness. Ecology, 84, 3105-3117. https:/

doi.org/10.1890/03-8006

Hijmans, R., Cameron, S., Parra, J., Jones, P., & Jarvis, A. (2005). Very
high resolution interpolated climate surfaces for global land areas.
International Journal of Climatology, 25, 1965-1978. https:/doi.
org/10.1002/(ISSN)1097-0088

INB (Inventario Nacional de Biodiversidad), (2007). National inventory of ter-
restrial species: Breeding birds. Spain: Government of Spain, Ministry of
Agriculture, Food and Environment.

Kaiser, H. F. (1960). The application of electronic computer to factor analy-
sis. Educational and Psychological Measurement, 20, 141-151.

Minchin, P. (1987). An evaluation of the relative robustness of tech-
niques for ecological ordination. Vegetatio, 69, 89-107. https://doi.
org/10.1007/BF00038690

Mitchell-Jones, A. J., Amori, G., Bodgdanowicz, W., Krystufek, B., Reijnders,
P., Spitzenberger, F., ... Zima, J. (1999). The atlas of European mammals.
London, UK: Academic Press.

Mladenovié¢, N., Brimberg, J., Hansen, P, & Moreno-Pérez, J. (2007).
The p-median problem: A survey of metaheuristic approaches.
European Journal of Operational Research, 179, 927-939. https:/doi.
org/10.1016/j.ejor.2005.05.034

Moilanen, A., Meller, L., Leppanen, J., Pouzols, F.M., Arponen, A., & Kujao,
H. Zonation spatial conservation planning framework and software,
version 4. (2014). Retrieved from http://cbig.it.helsinki.fi/.

Moilanen, A., Wilson, K. A., & Possingham, H. P. (Eds.) (2009). Spatial conser-
vation prioritization. Oxford, UK: Oxford University Press.

Neteler, M. (2005). Shuttle radar topography mission and VMAPO data in
OGR and GRASS. GRASS Newsletter, 3, 2-6.

O'Brien, E. M. (1998). Water-energy dynamics, climate, and predic-
tion of woody plant species richness, an interim general model.
Journal of Biogeography, 25, 379-398. https:/doi.org/10.1046/
j.1365-2699.1998.252166.x

Oksanen, J., Blanchet, F.G., Kindt, R., Legendre, P., & Minchin, P.R. (2013).
Vegan: Community ecology package. R package version 2.0-10. Retrieved
from http:/CRAN.R-project.org/package=vegan. Accessed June 2014.

Porfirio, L. L., Harris, R. M. B,, Lefroy, E. C., Hugh, S., Gould, S. F,, Lee, G,, ...
Mackey, B. (2014). Improving the use of species distribution models in
conservation planning and management under climate change. PLOS
One, https://doi.org/10.1371/journal.pone.0113749

PRECIS: South African National Biodiversity Institute. (2014). https:/
doi.org/10.15468/rckmn2 Accessed via http:/www.gbif.org/data-
set/1881d048-04f9-4bc2-b7c8-931d1659a354 on 2014-03-12.

Preston, C., Pearman, D., & Dines, T. (2002). New atlas of the British and Irish
flora. Oxford, UK: Oxford University Press.

R Core Team. (2014). R: A language and environment for statistical computing.
R Foundation for Statistical Computing, Vienna, Austria. Available from
http:/www.R-project.org/ (accessed September 2014).

Reese, J. (2006). Solution methods for the p-median problem: An anno-
tated bibliography. Networks, 48, 125-142. https://doi.org/10.1002/
(ISSN)1097-0037

Resende, M., & Werneck, R. (2003) A hybrid heuristic for the p-median prob-
lem. AT&T Labs Research Technical Report TD-5NWRCR. Retrieved from
http:/www2.research.att.com/~mgcr/popstar/. Accessed 20 June 2014.

Rodrigues, A. S. L., & Brooks, T. (2007). Shortcuts for biodiversity conserva-
tion planning: The effectiveness of surrogates. Annual Review of Ecology,
Evolution, and Systematics, 38, 713-737. https://doi.org/10.1146/an-
nurev.ecolsys.38.091206.095737

SNGCO- Sierra Nevada Global Change Observatory. (2013). Dataset of
floristic diversity in Sierra Nevada forest. Andalusian Environmental
Center, University of Granada, Regional Government of Andalusia:


http://orcid.org/0000-0001-9981-4757
http://orcid.org/0000-0001-9981-4757
https://doi.org/10.1111/j.2005.0906-7590.04253.x
https://doi.org/10.1111/j.2005.0906-7590.04253.x
https://doi.org/10.1111/cobi.12495
https://doi.org/10.1111/2041-210x.12022
https://doi.org/10.1111/2041-210x.12022
https://doi.org/10.1016/j.biocon.2016.02.028
https://doi.org/10.1016/j.biocon.2016.02.028
https://doi.org/10.1034/j.1600-0587.2003.03300.x
https://doi.org/10.1034/j.1600-0587.2003.03300.x
https://doi.org/10.1016/j.ecolind.2010.06.019
https://doi.org/10.1111/j.1365-2699.2004.01145.x
https://doi.org/10.1007/BF00056387
https://doi.org/10.1007/BF00056387
https://doi.org/10.1016/S0378-1127(96)03762-0
https://doi.org/10.1016/S0378-1127(96)03762-0
https://doi.org/10.1890/03-8006
https://doi.org/10.1890/03-8006
https://doi.org/10.1002/(ISSN)1097-0088
https://doi.org/10.1002/(ISSN)1097-0088
https://doi.org/10.1007/BF00038690
https://doi.org/10.1007/BF00038690
https://doi.org/10.1016/j.ejor.2005.05.034
https://doi.org/10.1016/j.ejor.2005.05.034
http://cbig.it.helsinki.fi/
https://doi.org/10.1046/j.1365-2699.1998.252166.x
https://doi.org/10.1046/j.1365-2699.1998.252166.x
http://CRAN.R-project.org/package=vegan
https://doi.org/10.1371/journal.pone.0113749
https://doi.org/10.15468/rckmn2
https://doi.org/10.15468/rckmn2
http://www.gbif.org/dataset/1881d048-04f9-4bc2-b7c8-931d1659a354
http://www.gbif.org/dataset/1881d048-04f9-4bc2-b7c8-931d1659a354
http://www.R-project.org/
https://doi.org/10.1002/(ISSN)1097-0037
https://doi.org/10.1002/(ISSN)1097-0037
http://www2.research.att.com/~mgcr/popstar/
https://doi.org/10.1146/annurev.ecolsys.38.091206.095737
https://doi.org/10.1146/annurev.ecolsys.38.091206.095737

858 WI LEY_ECO|Ogy and Evolution

ALBUQUERQUE anp BEIER

Open Access,

Sinfonevada. Retrieved from http:/www.gbif.org/dataset/dbécd9d7-
7be5-4cd0-8b3c-fb6dd7446472. Accessed September 2014.

Stein, A., Gerstner, K., & Kreft, H. (2014). Environmental heterogene-
ity as a universal driver of species richness across taxa, biomes and
spatial scales. Ecology Letters, 17, 866-880. https://doi.org/10.1111/
ele.12277

Tucker, C., Pinzon, J., & Brown, M. (2004). Global Inventory modeling and
mapping studies. Global land cover facility. College Park, MD: University
of Maryland.

USGS(US Geological Survey). (2014). Global 30 Arc-Second Elevation
(GTOPO30). Retrieved from https:/Ita.cr.usgs.gov/GTOPO30.
Accessed September 2014.

Wiens, J. A., Stralberg, D., Jongsomijit, D., Howell, C. A., & Snyder, M.
A. (2009). Niches, models, and climate change: Assessing the as-
sumptions and uncertainties. Proceedings of the National Academy of

Sciences of the United States of America, 106, 19729-19736. https:/
doi.org/10.1073/pnas.0901639106

SUPPORTING INFORMATION

Additional Supporting Information may be found online in the

supporting information tab for this article.

How to cite this article: Albuguerque F, Beier P. Improving the
use of environmental diversity as a surrogate for species
representation. Ecol Evol. 2018;8:852-858. https:/doi.org/
10.1002/ece3.3651


http://www.gbif.org/dataset/
http://www.gbif.org/dataset/
https://doi.org/10.1111/ele.12277
https://doi.org/10.1111/ele.12277
https://lta.cr.usgs.gov/GTOPO30
https://doi.org/10.1073/pnas.0901639106
https://doi.org/10.1073/pnas.0901639106
https://doi.org/10.1002/ece3.3651
https://doi.org/10.1002/ece3.3651

