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a b s t r a c t
Conservation planning requires knowledge of the distribution of all species in the area of interest. Surrogates for biodiversity are considered as a possible solution. The two major types are biological and
environmental surrogates. Here, we evaluate four different methods of hierarchical clustering, as well
as one non-hierarchical method, in the context of producing surrogates for biodiversity. Each clustering
method was used to produce maps of both surrogate types. We evaluated the representativeness of each
clustering method by ﬁnding the average number of species represented in a set of sites, one site of each
domain, which was carried out with Monte-Carlo permutations procedure. We propose an additional
measure of surrogate performance, which is the degree of evenness of the different domains, e.g., by calculating Simpson’s diversity index. Surrogates with low evenness leave little ﬂexibility in site selection
since often some of the domains may be represented by a single or very few sites, and thus surrogate
maps with a high Simpson’s index value may be more relevant for actual decision making. We found that
there is a trade-off between species representativeness and evenness. Centroid clustering represented
the most species, but had very low values of evenness. Ward’s method of minimum variance represented
more species than a random choice, and had high evenness values. Using the typical evaluation measures,
the Centroid clustering method was most efﬁcient for surrogate production. However, when Simpson’s
index is also considered, Ward’s method of minimum variance is more appropriate for managers.
© 2010 Elsevier Ltd. All rights reserved.

1. Introduction
Conservation of biodiversity requires extensive knowledge of
the distribution of a myriad of species. Such knowledge is scarce,
and collecting all necessary data is often prohibitively costly.
One widespread solution is to use surrogates for biodiversity
(e.g. Belbin, 1993; Faith and Walker, 1996; Ferrier and Watson,
1997). There are two types of biodiversity surrogates. In biological surrogates, the distribution of a taxonomic group is used to
predict distribution patterns of other groups (Dobson et al., 1997;
Reyers et al., 2001; Kati et al., 2004). Environmental surrogates
are classiﬁcations of an area into land parcels with similar physical characteristics (Leathwick et al., 2003; Bonn and Gaston, 2005;
Rodrigues and Brooks, 2007). An ongoing debate concerns the effectiveness of surrogates in predicting species assemblages (Faith and
Walker, 1996; Rodrigues and Brooks, 2007). Ferrier and Watson
(1997) proposed two ways to quantitatively assess the effectiveness of surrogates: (1) based on the number of species represented
by a set of sites selected for conservation using different surrogates,
and (2) on the level of correlation between the spatial structure of
a surrogate and of the taxonomic group of interest.
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A common approach for producing surrogates for biodiversity is classiﬁcation with cluster analysis (Faith and Walker, 1996;
Trakhtenbrot and Kadmon, 2005). Clustering can be conducted
with various partitioning or agglomerating methods (Everitt, 1993;
Legendre and Legendre, 1998), based on similarity or dissimilarity
measures. Several arbitrary decisions are made during this process,
regarding the similarity measures, number of classes and the speciﬁc clustering algorithm to be used (Everitt, 1993). These decisions
may largely affect the resulting surrogate map.
Here, we evaluate ﬁve clustering methods commonly used in
conservation planning, representing three different approaches to
clustering, average based methods (Average, Centroid and Ward’s
minimum variance), object based methods (i.e. furthest neighbor)
and non-hierarchical classiﬁcation (k-means). This study attempts
to take steps towards understanding surrogacy in two directions.
First, we quantitatively evaluate the efﬁciency of different clustering methods for surrogate production. We assess both biological
and environmental surrogates, by applying different algorithms to
the same dataset. The second element of this study adds a new
aspect to the evaluation of surrogate performance, measuring the
evenness of surrogate classes, in addition to their species representativeness. Surrogates are tools for planning reserve networks;
classes covering very small areas are more difﬁcult to incorporate
into such networks. Surrogates with a low evenness values are characterized by few dominant classes, and other classes occupying a
negligible area (Fig. 1b). In surrogates with a high evenness value,
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Fig. 1. Biological surrogates with eight classes, based on woody species distribution, produced with ﬁve different clustering algorithms: Average, Centroid, Ward’s method,
complete linkage and k-means clustering from left to right, respectively. D is Simpson’s diversity index.

each class occupies a substantial part of the area. Such surrogate
maps allow managers more ﬂexibility in choosing areas for conservation and thus, more considerations may be taken into account,
such as development, connectivity and land costs (Fig. 1). We use
Simpson’s diversity index as a measure of evenness.
2. Methods
2.1. Study area
Mt. Carmel in northern Israel has an area of ca. ∼ 280 km2
and mean elevation of 220 m (Fig. 2). The climate is eastern
Mediterranean, with mean annual rainfall of 650 mm year−1 and
temperature averages ranging between 11 ◦ C in January and 24 ◦ C
in August. The most common soil types are Tera Rossa and Rendzina. Vegetation is comprised eastern Mediterranean scrubland
consisting of structurally rich and diverse vegetation communities
(Naveh and Dan, 1973; Le Honerou, 1981; Naveh and Kutiel, 1986).
These landscapes, commonly referred to as vegetation mosaics, are
highly heterogeneous at a broad range of spatial scales, ranging
between grain size as small as a few meters to landscape level
scales (Naveh, 1975; Shoshany, 2000; Bar Massada et al., 2008). The
ﬁne-grained mosaic is characterized by woody patches, herbaceous
clearings, exposed rock and bare ground (Perevolotsky et al., 2002).
A grid of 500 m × 500 m was superimposed on the area, dividing it
into, 1145 cells. All analyses were carried out at this spatial scale.
2.2. Species distribution data
Presence–absence data for geophytes and woody plants were
collected in 100 sampling sites distributed randomly in the entire
study area, from October 2002 to May 2003 (see Carmel and StollerCavari, 2006 for a complete description of ﬁeldwork). Field data
on each species, along with environmental parameters (Table 1),
were used to create a habitat suitability map for each species.
Field data were collected at 100 random sampling sites distributed
across the study area, excluding urban and agricultural areas.
Site size was 0.1 ha. Presence and absence of each woody plant
and geophyte species were recorded at three sampling points
within each site, with a distance of 20 m between sampling points.
The sample area was 0.75 m2 . Habitat suitability maps were produced with logistic regression models (Guisan and Zimmermann,
2000) which were applied to the study area in the geographic

Fig. 2. A map of the study area, in the north of Israel.
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Table 1
Environmental parameters used in the study for logistic regression models and environmental surrogates for biodiversity.
Variable

Source and spatial resolution

Normalized difference vegetation index—a measure of primary productivity
Distance to nearest road
Presence/absence of Terra Rossa soil in grid cell
Presence/absence of Rendzina soil in grid cell
Presence/absence of woody vegetation cover in grid cell
Average annual precipitation
Mean daily temperature in the coldest month (January)
Mean daily temperature in the hottest month (August)
Mean geographic aspect of the slope in the grid cell
Mean slope (in degrees) in the grid cell
Mean elevation in the grid cell

Produced from Landsat images, 25 × 25 m
Produced from a vectoric roads map of the region, 500 × 500 m
Derived from polygons of soil association produced by the Agriculture ministry of Israel
Supervised classiﬁcation of an aerial photograph of the region at 25 × 25 m
Results of climatic models, produced at 25 × 25 m resolution
Results of climatic models, produced at 25 × 25 m resolution
Results of climatic models, produced at 25 × 25 m resolution
Derived from a 33 × 33 m resolution digital elevation model
Derived from a 33 × 33 m resolution digital elevation model
Derived from a 33 × 33 m resolution digital elevation model

information system (GIS). Habitat suitability maps consisting of
probabilities of occurrence, were transformed into binary (0/1)
maps, with a threshold of 0.5. Statistically signiﬁcant models were
produced for 23 geophyte species and 37 woody species. These
60 distribution maps were used in further analyses (see Fig. 3 for
example).

2.3. Environmental data
Environmental parameters used in this study included measures
of climate, soils, vegetation, topography and an anthropogenic
disturbance index (Table 1). All topographic parameters were calculated from a digital elevation model of the study area. Parameters
were chosen to represent independent inﬂuences, i.e., climate has
a different effect than topography; primary productivity affects
species composition differently than distance to road or soil type,
etc. A total of 11 parameters were used, both for the logistic regression models (that produced species distribution maps), and for the
environmental surrogates. All parameters were extracted from GIS
layers and averaged over 500 m cells in order to ﬁt the grid.
2.4. Surrogate production
Both types of surrogates, biological and environmental, were
produced using ﬁve clustering algorithms: Average, Centroid and
Ward’s (average based approach), furthest neighbor (object based
approach) and k-means (non-hierarchical classiﬁcation) (Legendre
and Legendre, 1998). We applied each clustering method to three
schemes—three, eight and twelve domains. We used the two
functional groups (geophytes and woody plants) alternately, as
surrogates for each other. In total, we examined 45 different surrogates.
2.5. Biological surrogates
We calculated two similarity matrices for woody and geophyte species using Jaccard’s similarity coefﬁcient. The similarity
matrices were then used to classify the 1145 cells into domains.
We constructed three surrogate types: environmental surrogates,
biological surrogates based on woody species distributions and biological surrogates based on geophyte species distributions. Each of
these surrogate types was produced with three different domain
numbers: three, eight and twelve, yielding nine combinations of
surrogate type and the number of domains. Each such combination was produced using each of ﬁve different clustering methods:
Average, Centroid, Ward’s, complete linkage and k-means. In total
we produced 45 surrogate maps.
2.6. Environmental surrogates

Fig. 3. Habitat suitability map for the tree species Arbutus andrachne on Mt. Carmel,
northern Israel, produced with a logistic regression species distribution model.

Environmental surrogates were produced in the same manner as the biological surrogates, using GIS layers of environmental
parameters instead of species distributions (Table 1). All environmental parameters received the same weight in the analysis. We
chose Gower’s similarity coefﬁcient instead of Jaccard’s in order to
produce environmental surrogates, since it allows incorporation of
both continuous and binary parameters, such as presence/absence
of a soil type or woody vegetation (Gower, 1971; Legendre and
Legendre, 1998). In addition, when applied to binary data, Gower
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is equal to Jaccard, thus the two indices are compatible and interchangeable (Dunn and Everitt, 1982).
2.7. Performance evaluation
Performance of the ﬁve different types of clustering was compared in two ways: (a) species representativeness—the number of
species that are represented when a single site of each class is chosen randomly and (b) Simpson’s diversity index, in order to evaluate
the evenness of the different domains within each surrogate map.
For species representativeness we recorded the cumulative
number of species present in a set of sites, when a single site from
each domain is chosen at random. Presence of species was determined by the distribution maps generated by habitat suitability
models, as described above. Ten thousand random sets of sites
were selected using a Monte-Carlo permutation procedure, one site
from each domain. As a baseline for evaluating species representativeness, we used the permutation procedure to select completely
random sets of sites, matching the clustering schemes (3, 8 and
12 sites) and recorded the average number of species represented
in such sets over the 10,000 permutations. Environmental surrogates were evaluated using both taxonomic groups, while biological
surrogates were evaluated against each other.
Simpson’s diversity index was calculated for each set of surrogates, to test the diversity of the different classes.
To evaluate the different clustering algorithms, we gave the different algorithms a rank between 1 and 5, for their performance
compared to the other methods for each surrogate. We ranked
environmental surrogates according to their performance for each
taxonomic group separately, and used the average rank for the ﬁnal
ranks. We ranked biological surrogates according to their performance on the other group. We gave each surrogate type a separate
rank for each efﬁciency measure, and added them for total relative
efﬁciency. In addition, we evaluated nine environmental surrogate
maps of the entire ﬂora of Israel, produced by Trakhtenbrot and
Kadmon (2006) with three different algorithms (Average, Centroid
and Ward’s), and with 3 levels of partitioning (3, 8 and 12 classes).
Trakhtenbrot and Kadmon report that the relative efﬁciency (representativeness) of the different algorithms was constant regardless
of the number of classes. Average clustering performed best, followed by Centroid, and Ward’s method was the least effective. Here,
we calculated Simpson’s index for these nine surrogate maps, and
ranked the different maps accordingly.
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Table 2
Summary of the ranks of all different combinations of the number of classes and
clustering algorithm used in the production process. Each algorithm was ranked 1–5
according to its relative efﬁciency in each clustering scheme (3, 8 and 12 classes), for
each of the two performance evaluation measures (representativeness, Simpson’s
index). Values in the table are the sum of the ranks of each algorithm. Ranks have
no units.
Clustering algorithm

Representativeness

Simpson’s index

Algorithm ranking
Average
Centroid
Ward’s
Complete linkage
k-Means

32.5
38.5
22
23.5
19

18
10
43
25
39

species representativeness for surrogates with eight classes. Surrogates with three and 12 classes showed a similar trend. All types of
surrogates except one based on complete linkage and one based on
k-means clustering represented more species than a random choice
of the same number of cells from the grid (Fig. 4). We ranked the
different clustering methods according to their relative efﬁciency,
in order to create a single combined efﬁciency measure, of both
representativeness and evenness, summarized in Table 2.
3.2. Domains evenness
Fig. 1 shows that the Centroid method effectively produced only
one large class across the entire area (Fig. 1b), and the remaining seven classes occupy a very small area on the perimeter. Four
classes occupied only a single cell, and one class occupied two cells,
with a value of Simpson’s index of 0.03 (Fig. 5), apparently representing locations of rare species. Similarly, the Average method
produced two large classes and six very small classes (Fig. 1a),
with four classes occupying only a single grid cell, resulting in
Simpson’s index of 0.42 (Fig. 5). Ward’s method produced eight
effective classes (Fig. 1c), with a value of Simpson’s index of 0.86
(Fig. 5) for the map in Fig. 1c, and so did complete linkage and kmeans (D = 0.77 and 0.86, respectively). Ward’s method produced
surrogates with the highest Simpson’s index value in seven out of
nine cases (Fig. 5). We ranked the different clustering algorithms
according to their Simpson’s index values. Ranks given according
to Simpson’s index are summarized in Table 2.
4. Discussion

3. Results
3.1. Species representativeness
The Monte-Carlo permutations revealed that Centroid clustering method was the most efﬁcient algorithm in representing
species, representing an average of 94% of the target species for
the eight class scheme. The Centroid method was superior to the
other methods in every combination of environmental surrogates,
and in four of six combinations of biological surrogates. The Average
clustering method was ranked highest in two combinations, representing an average of ∼86% of the species, Ward’s method was
ranked third in species representativeness, representing an average of ∼82% of the species for a scheme of eight classes. Complete
linkage and k-means were the least effective methods for representing species with 79% and 81%, respectively. Although these are
similar levels of representativeness as Ward’s method, when compared to a set of randomly selected sites, both Complete linkage and
k-means were the only methods that represented less species than
such a random set of sites in one of the 9 surrogate combinations
(Fig. 4). Fig. 4 shows the results the Monte-Carlo permutations of

Evaluating the efﬁciency of surrogates for biodiversity is a complex task that requires knowledge of the entire biological diversity
(Rodrigues and Brooks, 2007). A common solution is to use a group
of known species as the target group, and to evaluate how well the
surrogates represent them. Ferrier and Watson (1997) introduced a
measure of efﬁciency, the species accumulation index, which measures how many species out of the entire pool are represented by a
set of domains, and also compares it to a random selection of sites.
Another measure they proposed was the Mantel correlation coefﬁcient, which is the correspondence between domains and species
distributions (Manly, 2007). These measures do not fully account
for an important aspect of surrogacy, namely, its actual use for
site selection, and additional information is needed, such as the
evenness of the different domains. If domains are relatively evenly
sized, higher ﬂexibility is allowed for site-selection between various options, whereas if some domains are represented by very few
pixels (as in the case of the centroind algorithm output), little ﬂexibility is left to managers in the site selection process. Evenness is
an intrinsic trait, thus it is an independent measure of surrogate
quality.
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Fig. 4. Average number of species represented by a set of surrogates for the eight classes clustering scheme. Surrogates based on geophytes were tested with woody plants
only, and vice versa. ‘Rand’ stands for a random selection of eight cells without classiﬁcation, repeated 10,000 times. Values are average of 10,000 permutations of random
selection of sites, one site per surrogate class.

The various algorithms could be divided into two groups: the
Average and Centroid methods, which represented more species
than the other algorithms, but had low values of Simpson’s index,
and Ward’s, complete linkage and k-means, which represented less
species but had relatively high Simpson’s values. Due to the fact that
we used modeled distributions to determine presence of species
in selected sites, and since we had a relatively small number of
species (23 and 37 species of geophytes and woody plants, respectively), there were multiple spatial conﬁgurations that represented
most of the species. That was evident in the relatively small differences in species representativeness. However, applied to a larger
species pool, even a 15% difference in the number of represented
species may actually mean leaving dozens of species represented
in a reserve network using a given method, or protecting them
using another. Unfortunately, none of the algorithms we evaluated
excelled in both species representativeness and domain evenness.
We used distribution data that we extrapolated from a dedicated survey as our biological dataset. Such extrapolation is bound
to contain errors of omission and commission, i.e. to predict to
absence of a species from a location where it exists, and to pre-

dict the presence of a species in a location from which it is
actually missing. However, since we conducted the performance
evaluation of the different methods on the modeled distributions, such omission and commission errors do not affect the
results of our evaluation. For the purpose of planning an actual
reserve network, it is necessary to validate such models, and assess
their accuracy levels prior to proceeding with surrogate production.
Current conservation practice takes place at two levels, coarse
and ﬁne ﬁlters (Maddock and Du Plessis, 1999; Bonn and Gaston,
2005; Orme et al., 2005). Biodiversity surrogates are considered
coarse ﬁlters, which are tools for capturing biodiversity in its
broadest sense, including habitats, ecological processes and entire
ecosystems, as well as individual species (Noss, 1990). Fine ﬁlters
concern rare or endangered species, which could have been missed
by coarse ﬁlter methods. Surrogates with domains that cover very
small geographic areas (low Simpson Index value), such as those
produced by the Average and Centroid clustering algorithms, may
be difﬁcult for use as coarse-ﬁlters, due to the local nature of some
of the resulting domains.

Fig. 5. Simpson’s diversity index for each type of surrogate.
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The effect of the clustering algorithm on the efﬁciency of
surrogacy has been largely overlooked, and very few studies
quantitatively evaluated alternative algorithms. Trakhtenbrot and
Kadmon (2006) reported that the Centroid algorithm resulted in the
best surrogates, which is similar to our results, when considering
species representativeness alone. However, by calculating Simpson’s diversity index in addition to species representativeness, we
show that what seemed to be the better surrogate (Centroid-based
cluster analysis), may be a less effective tool for biodiversity conservation from certain perspectives, although the number of species
it represents may be larger. In general, our results point out that
there is no ‘optimal solution’ to surrogacy, and each case should be
considered separately. Trakhtenbrot and Kadmon (2006) reported
that, when applying a weighting scheme similar to the weights in
our study, the method that ranked highest in species representativeness of vascular plants in the entire state of Israel was Average,
followed by Centroid, and that Ward’s method was the least effective. Analyses of Trakhtenbrot and Kadmon’s (2006) maps showed
that Ward’s method always produced maps with higher values of
Simpson’s index, and Average clustering was superior to Centroid in
two of the three combinations. Our results, along with the analyses
we conducted on Trakhtenbrot and Kadmon’s (2006) data, imply
that there is a trade-off between species representativeness and
domain evenness.
Knight et al. (2008) reported the gap between conservation
science and conservation actions. Our results indicate that a solution that may be considered scientiﬁcally superior may, in fact,
be incompatible for managers. Fig. 1 is an example of the difference between scientiﬁcally ‘superior’ and management-compatible
solutions. We conclude that scientiﬁc work on prioritization of
areas for conservation should include a ﬁnal step, which is mostly
disregarded in the literature, i.e. looking at the resulting maps, and
examining them through a ﬁeld conservationist’s eye.
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