3. Evaluation of environmental
surrogates: 1. Development of evaluation
methodology

3.1 Introduction

3.1.1 The role of surrogates in biodiversity conservation planning

Planning of conservation reserves requiieformation on species distribution and
abundance. This information is also needed for environmental impact assessment and for
monitoring the effects of environmental chang®irect surveys of speciedistribution

and abundanceare, however, expensive and timeonsuming. Regionabiological
surveys typically survey a very small proportion of a region’s total area, usuallylisgm

only a smallnumber of scattered surveytes. Ourknowledge of species ditbutions

based on such surveys is therefore patchy and incomplete, both in tegeegviphical
coverage and in terms of taxonomic coverage (@lbtelements of biodiversity are
surveyed at each site).

Geographical and taxonomic gaps in our direct knowledge of species distributions pose a
major problem for the planning of conservatioaserves. Thisproblem is often
addressed througthe use of surrogate measures of species distributions EseuiRe
Assessment Commission 1993 for a recewview of surogate use). Surrogate measures
provide a means of dealing with information gapvio different dimensions,aixonomic

and geographical. A surrogate can address either the problem of taxonomic gaps, or the
problem of geographical gaps, or both.

This consultancy report deals only with surrogates that address the problem of
information gaps in the geographical dimension. Such surrogates provideletem
geographical coverage of physical or biological information across a region and,
assuming a correlation with real species distributicsesye as a convenient basis for
reserve planning. The report evaluates surrogates in terms of their potentidbution

to the selection of conservation reserves. To contribute effectively to resenreng a
surrogate must provide reasonably complete geographical coverage ofrégigas.
Surrogates that rely on direct biological field survey of biodiversity, without any means of
extrapolating these results across unsurvewedas, are of limited value in reserve
selection (but can be of great value in other fields of lamthagement angblanning).

This report therefore does not evaluate the use of direct field survey of one component of
biodiversity as a surrogate for direct survey of other components (e.g. field survey of
flora as a surrogate for survey of fauna, or field survey of vertebrates as a surrogate for
survey of invertebrates). Evaluation of this typesafrogacy ismow starting to receive
research attention elsewhere (eEmberson 1985, Yen 1987, Landres al. 1988,
Kremen 1992, Oliver and Beattie 1993, 1996, Pearson 1994).

Many different types of surrogatdsave, or could, baised as a basis faronservation
reserveplanning. The mostommonly used types can lassified into threebroad
groups:

Mapped land essesderived from thematic mapping of a single attribute such as
vegetation (e.g. Kuchler 1967) aoil (e.g. Isbell and McDonald984) or from
intuitive integration of a suite of land attributes into a single map (e.g. land systems
mapping, Christian andstewart 1953; Mabbutt 1968; or mapping of bioregions,
Thackway and Cresswell 1995).



Environmental classifications or ordinations derived from numerical pattern analysis
of primary environmental attributes (terramlimate, substrate etc). The béstown
environmental classificatiorapproach used inAustralia is that ofenvironmental
domain analysis (e.g. Mackeyt al. 1988, 1989; Richardst al. 1990; Kirkpatrick and
Brown 1991;Lewis et al. 1991; Thackway andresswell1992; Belbin1993a). The

use of environmental ordination as a surrogate for biodiversity conservation has also
been recently promoted in Australia by Faith and Walker (1993, 1996).

Predictive models of the distribution of species, or potential habitatpfries,derived

by modelling biological survey data in relation to mapped environmental attributes
(e.g. Austinet al. 1984; Sockwell et al. 1990; Ferrier 1991; Buckland and Elston
1993).

3.1.2 Evaluation of surrogate efficiency

As indicated above, the use of a surrogate as a basis for conservation ptaaniag
assumes a correlation between the surrogate and actual species distributiorfarthets
assumed that by designing a reserve system to represent varidtionassurrogate, this
reserve system will also represent individual species.

These assumptions have rarely been tested. Previous evaluations of surrogates have
tended to focus on the correlation or association between biological survey data and a
single type of surrogate, e.g. vegetation mapping (@ragithwaiteet al. 1988; Woinarski

et al. 1988), landscape units (e.g. Greenslade dimdmpson 1978), environmental
domains (e.g. Kirkpatrick and Brown 1994), predictive species modelsLi@denmayer

et al. 1994). The purpose of most of these studies has been to demonstrate, and in some
cases test the statistical significance of, correlation between the biota and the surrogate of
interest (see also Press&994 for a recenteview of studies). Such testingcontributes

little, however, to ourunderstanding of theffectiveness or efficiency of surrogates as a
basis for reserve planning (although the pioneering work by Kirkpatrick and Bré6@a

is a notable exception). To evaluate the effectiveness of a surrogate we need not only to
demonstrate atatistically significantcorrelation with the biota but also to measure the
strength of that correlation. Furthermore we need to be able to compare the effectiveness
of different types of surrogates.

This consultancy has developed naethodology for measuringhe efficiency of a
surrogate as a basis for reseplanning. The methodologgan be applied to athajor

types of surrogate, thereby allowing evaluationreffative efficiency. Theconsultancy

has applied the mieddology to a wide range of surrogates using biologsca/ey data

from forested north-east NSW and arid north-west NSW (see Sections 4 and 5 of this
report). The methodology is sufficiently generic to be employed in other regions.

3.2 Selection of evaluation methodology

3.2.1 Requirements

The evaluation methodology employed in this consultancy needed to satisintzer of
requirements. The first of these is a capability to evaluate surrogate efficiencyiray

species data collected at a sample of biological susitys. It is assumed that the
surrogates to be evaluated have also been mapped or estimated at each of these sites. It is
further assumed that tletesare reasonablyvell spread across the variation witteach
surrogate, but not that everjass within a suogate containsites. Thebiological data
employed inthis consultancy record presence or absence of species asigachThe
analytical techniqueseviewedand described below are, hever, generally capable of
accepting either presence/absence or species abundance data.

The evaluation methodology must analyse the relationship betmeesets of data from
a sample of survegites: 1)the presencel/absence of species at esiteh and 2) the



mapped or estimated values of surrogates at each site.cofiyglexity of the problem is
greatly increased by the need to accommodate three very different types of sudatgate
in the analyses:

Surrogates for which each site is assigned one miinaber ofclassege.g. vegetation
types, environmental domains).

Surrogates for which each site is assigned a position within BRidimensional
surrogate space (e.g. environmental ordinations), possibly represented as a sites-by-
sites similarity or dissimilarity matrix.

Surrogates for which each site is assignediuaber of predicted probabilities of
species occurrence, one for each species modelled in a region.

To enable the efficiency of different surrogates to be compared, it is essential that the
adopted methodology cater for all three data types.

A final requirement is that thenethodology should produce an index sdfirrogate
efficiency that indicates the likelperformance ofthe surrogate as a basis for reserve
selection, and that techniques are available for testingstdtesticalsignificance of this
index and for estimating confidence limits.

3.2.2 Review of potential approaches

In selecting an analytical mfeidology for evaluating surrogate efficiency the
consultancy reviewed a number of approaches from a wide range of disciplines:

Techniques forassessing the predictive accuracy of models. Mamalytical
techniques have been developed for measuringoéntormance ofpredictive models
using an independent validatiatataset (e.g. Turnest al. 1989; Miller et al. 1991;
Flather and King 1992; Power 1993). hilé these techniques can be used to evaluate
the effectiveness of surrogates involving predictive modelling of species distributions,
they are not applicable to surrogates for which no explicit prediction of species
occurrence is being made (e.g. lamystems, environmental domains). These
evaluation techniques have been applied in a sepeoat@onent ofthe consultancy,
specifically evaluating th@erformance of differenpredictive modellingprocedures
(see Sections 6 and 7 of thisport). They arenot, however, suitable asgeneral
methodology for comparing different types of surrogates.

Techniques forassessing theagreement (or concordancd)etweentwo or more
classifications of a common set of objects (e.g. Rohlf 1974, 1982; Fa&6). While
such techniques have some potential in assessing surrogate efficiency they require that
each of the biological and surrogate datasets firstdoliced to aclassification,
therefore resulting ioss of information. Of particular concern is theguirement
that surrogates that are not already expressed as a classification must be reduced to that
form. Thiswill result in a considerabléoss of information for surrogates such as
environmental ordinations and modelled species distributions, and is therefore likely to
penalise these surrogates in any comparative evaluation.

Techniques forassessing thhomogeneity of ground surveyedttributes within land
classes and, conversely, theterogeneity of these attributéetween classes.This
assessment can hgerformed using eithesimple univariate statisticalrocedures to
analyse single species distributions (e.g. Braithwetital. 1988; Woinarskiet al. 1988)

or more sophisticated multivariateols, such a®iomogeneityanalysis (e.g. Pressey
and Bedwardl991; Bedvard et al. 1992), to analyse multiple species patterns. The
approachhas considerable potential for evaluating alternative land classifications but,
like the previous approach, is netell suited for evaluating surrogates other than
classifications (e.g. environmental ordinations, modelled species distributions).



Techniques forassessing the correlation betweemo dstance (or dissimilarity)
matrices. Although matrix correlation analysis is a commonly used approatinen
disciplines (e.g. Mantel 1967; Douglas and Endler 1988itz 1983; Hubert1985;
Smouseet al. 1986) ithas rarely been applied in ecolodglthough good examples

are provided by Burgman 1987; Legendre and Fortin 1989; Letat. 1992; Clark

and Ainsworth 1993; Legendr&993). The techniqualoes, howeverbear some
similarity to other approaches more frequently applied in ecology sudaremical
correlation (or correspondencednalysis, multidimensional similarity structure (or
multidimensional scaling) analysis and Procrustes analysis. Matrix correlation analysis
is well suited to the evaluation of surrogate efficiency because, unlikeother
techniques listed above, it caccommodate very different types of surrogates. The
only requirement is that the biological and surrogate data can each be expressed in the
form of a matrix of distances between sites. In the case of the biological data this can
be achieved using any of the numerous dissimilarity measures developetisfor
purpose. In thease of the surrogate data a distance matrix can be derived for all
major types of surrogates without any substantial lossnfifrmation (details are
provided in Section 3.3.2 below).

Techniques for directlyassessing the efficiency of a surrogate by simulating the
formation of areserve system based on that surrogatéll of the approaches
described abovessesshe potential efficiency of a surrogate as a basis for reserve
planning by measuring the correlation, or association, between that surrogateabnd
biological data. An alternative approach is to measurepéntormance of a surrogate
as a basis for resery@anning directly. This can be achieved by using sherogate
data for the biological survesites tobuild a simulated reserve system (i.e. selecting
reservedsites in asequence that maximises representation of variatighinnthe
surrogate) and then using the real biological data from tlsies to assess the
performance othe surrogate in terms of reservation of species. A singadbnique

for assessing thiperformance is to plot apecies accumulation curve depicting the
cumulative number of species reserved after the addition of stecko the simiated
reserve system. Species accumulation curves (or ‘species-area’ curves) hausduken
widely in ecobgy for many different purposes (e.g. Palmer 19@mlwell and
Coddington 1994), including evaluation of differergserve selection strategies (e.g.
Saetersdakt al. 1993), but do not appear to have been previously usaibkgess the
performance of surrogates for biodiversity conservation.

3.2.3 Approaches adopted in DEST consultancy

We have usedwo approaches to evaluate the efficiency of surrogates, one based on
matrix correlation and the other on the analysis of species accumulation cladsx
correlation analysis was selected as the most appropriasevefal candidatéechniques
(listed above) for assessing the correlation, or association, between a surrogagaland
biological data. Matrix correlation accommodates, and therefaciitates comparison
between, a wider range aurrogates than alternatives suchhasnogeneityanalysis or
analysis of agreement between classifications.

The analysis of species accumulation curves was selected as a techniqdieeddy
assessing the efficiency of surrogates in res@taaning. Wehave applied both the
matrix correlation and species accumulation techniques to a wide rangélogical
datasets and surrogates, thereby enabling comparison ofvdhegpproaches (see Sections
4 and 5 of this report).

The two evaluation approaches used in the consultancy nare described ingreater
detail.



3.3 Approach 1: Matrix correlation analysis

3.3.1 Introduction to matrix correlation analysis

Mantel (1967) proposed atatistic for evaluating the correlation betwedwo distance
matrices, each based on the same set of objects. The significancentsl dstatistic is
tested using a generalised permutation, or Monte Carlo, strategy to overcopm@htbeEm

of individual values in a distance matrix not beinglépendent of one another. Since
Mantel's original paper the technique haadergone considerable development and
refinement. Non-parametric matrix correlation statistiese beenintroduced (Mantel
and Valand 1970;Deitz 1983; Hubert 1985), allowing relaxation of th&earity
assumption inherent in the original technique. The technique has also been extended to
accommodate analysis of cophenetic distance matrices derived Hemarchical
classifications (Hubert and Baker 1977; Lapointe dmbendre 1992), and partial
correlation analysis of three or more matrices (Smaitsa. 1986). Good examples of
the use of matrix correlation in ecological analysis are Burg(iQ87,1988),Legendre
and Fortin (1989), Leduet al. (1992), Clark and Ainsworti{(1993) and Legendre
(1993).

For this consultancy, we used matrix correlation analysis to evaluatecdtrelation
betweentwo disance matrices derived for @mmmon set of biological survey $es. The
first matrix contains biological distances between all pairsitek,estimated from theeal
species data reated at those w@s. Thesecond matrix contains surrogate distances
between all pairs of sites derived from data for the surrogate being evaluated.

3.3.2 Calculation of matrix correlation index of surrogate efficiency

Derivation of biological distance matrix

We estimated the biological distance between sursitgs using the presence/absence
version of the Bray-Curtis measure (Bray and Curtis 1957; the presence/absence version is
also attributed to Czekanowski 1913) as recommendedalii & al. (1987) and Belbin

(1992) and now widely used for this purpose. The Bray-Curtis distance (D) between two
sites ranges from 0.0 to 1.0 and, when based on presence/absence data, is expressed as

oy, 24
TAFBFC

where A = number of species in common
B = number of species unique to the first site and

C = number of species unique to the second site.

Figure 3.1 gives an example of the application of this distance measure to a sample of
biological data. We have derived separate biological distance matricesniemizer of
‘groups’ of species: canopy plants, understorey plants, ants, spiders, beetles, heptdes,

and bats. This has enabled evaluation and comparison g@letf@mance of surrogates

in relation to these groups.

Derivation of surrogate distance matrix
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Surrogate distance matrices can be derived in a number of diffeegstdepending on
the type of surrogate under consideration:

For surrogates consisting of simple mapped lata$dses(e.g. vegetation types, land
systems) the distance matrix contains only binary values, 0 or tlvo Iitesfall within

the same land class they are assigned a distance of zero (0), otherwise they are assigned
a distance of one (1). This is @mmonly adopted approach fencorporating
categorical data into matrix correlation analyses (e.g. Burgman 1987; Legendre and
Fortin 1989). An example of a 0/1 surrogate distance matrix is provided in Figure 2.
Where land @sses aréierarchically structured, the coding of surrogate distance can
be extended to reflect this structure using an approach proposed by Hubert and Baker
(1977). For example if ‘forest types’ areogped into ‘forest leagueswhich are in

turn grouped into ‘foresgroups’ then sites inthe same forest type are assigned a
distance of zero (O)sites inthe same forest league but different forest types are
assigned a distance of one (%jtes inthe same foresgroup but different forest
leagues are assigned a distancetvad (2), and sites in different forest groups are
assigned a distance of three (3).

For surrogates derived by numerical classification of environmental attributes (e.g.
environmental domains) a distance matrix can be derived in one of two ways. The first
approach ignores information on the relationshigtween classesesulting from the
classification by deriving a simple 0/1 distance matrixtwid sitesfall within the same

class they are assigned a distance of zero (0), otherwise they are assigned a distance of
one (1). This approach is essentially testing the effectiveness of a surrogate for reserve
planning if relationships betweenaskes arégnored. However, assuggested by Faith

and Walker (1993), information onthese relationships is generally provided by
classification procedures and shouldherever possible, bacorporated intoreserve
planning. We, therefore, evaluated surrogates derived from numerical classification of
environmental data using an additional approach.thimapproach thevalues used in

the distance matrix are ultrametric, or cophenetic, distances betlassesderived

from the numerical classification goedure. For a detailed explanation of the
approach see Rohlf (1982) or Lapointe and Legendre (1992).

For surrogates derived from an ordination of environmental datayahes in the
distance matrix are simply distances betwsi@s inthe fitted ordination space. An
example of such a matrix is provided in Figure 3.2.

For surrogates derived by modelling individual species distributions in relation to
environmental variables the surrogate distance matrix is derived by estimating the
biological distance (e.g. using the Bray-Curtis measure) betvs#ies based on
predicted probabilities for a set of modelled species, instead of real biological data. To
ensure independence, the species models must be fitted sisagotherthan those
employed in the surrogate evaluation. \Aghieve thisindependence by randomly
dividing the sites into two equally sized datasets. One dataset is used to fit models, and
the other to evaluate the efficiency of these models as a surrogate. The Bray-Curtis
distance (D) between sites is calculated from predicted species probabilities as

> pix - pil
D= ki
> (pix + pi)

k=1

where p, = predicted probability of specidsat sitei



Py = predicted probability of specidsat sitej

n = number of species

Calculation of matrix correlation coefficient

Mantel's (1967) originalstatistic for neasuring matrix correlation was amnormalised
Pearson product-moment correlation coefficient. This statistic assumes ¢éinear
relationship between the two distance matrices under evaluation, an assumption unlikely to
be met by most ecological data (Fa#h al. 1987). This assumption can beslaxed
through use ofnon-parametric correlation coefficients in matrix correlatemalysis, as
demonstrated by Mantel and Valand (1970), Deitz (1983) and Hubert (1985).

The statistic weused to measure correlation between surrogate and biological distance
matrices is Spearman’son-parametric correlatiostatistic(Spearman 1904) designated

by p (rho). Spearman’s correlation is used in preference to the ottramonly applied
non-parametric correlatiostatistic, kendall's tau, because the latter proved to be too
computationally demanding for analysis of very large distance matrices. Dietz (1983) has
conducted a detailed evaluation of tlperformance of Pearson’s, Spearman’s and
Kendall's statistics in matrix correlation analysis andoncluded thatwhile Kendall's
statistic has greater power than Spearman’s the difference is only marginal (relative to the
greatly improved performance of both non-parametric statistics over Pearson’s statistic).

Calculation of Spearman’s correlatiatatistic isbased on a ranking of the distances
within each of thetwo disance matrices. Figure 3.3 provides an example of the
transition of distance matrices into the ranked form required for calculation of the
correlation statistic. As recommended by Conover (1980), three alternative algorithms are
used to calculate Spearman’s statistic, the choice depending on the incidence of ties in the
rankings of the two matrices. If there are no tegs calculated as

> R0 L) - g

p= A =1)712

if there are few ties (<20%)

6y [rx)- m)
n(n - l)

and if there are many ties (>20%)
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Figure 3.3 An example of the transition from distance matrices to ranked data
in preparation for calculation of the Spearman correlation coefficient.The
off-diagonal values have been extracted in row sequence. Rank assignments
commence at 1 and in the case of ties, the ranks assigned are the average of the
rank positions covered by the ties.
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which is simply Pearson’'scomputed on the ranks and average ranks.

p:

The correlation between the surrogate and biological distance matrices can also be
presented graphically in the form of a scatterplot in which each point represents a pair of
surveysites plottedagainsttwo axes,one representing surrogate distance and aiteer
biological distance. Examples are provided in Figures 3.4 and 3.5.

3.3.3 Significance test and confidence limits for matrix correlation index
Significance test

A significance test is required tiest whether an ehined matrix correlation index of
surrogate efficiency is significantly greater than zero. The significancenanfix
correlation coefficients is usually tested using a generalised permutation, or Monte-Carlo,
strategy to overcome the problem of individualues in a distance matrix ndteing
independent of one another (Mantel 1967; Mielke 1978; Manly 1991). Weadeht
coefficient against 1000 random permutations, emmended by Manly (1991) and
Lapointe and Legendre (1992). In each permutatio biological distance matrix is
held constanivhile the rows of the susgate distance matrix are permuted. Thatrix
correlation between the two matrices is calculated after each permutation.

For the determination of significance, a one-sidedt is required as onlypositive

correlations are of interest. The significareegel of theobserved correlation based on
1000 permutations is, therefore,

000 |:|
I+1
5t

[000 +1

where |, =1ifp, =2p,
i =01ifp; <p,
p; = matrix correlation after permutatiorand

P, = matrix correlation using the observed data.

This significancelevel can beinterpreted as the probability that a matewerrelation
coefficient equalto, or greater than, the observed value could have been obtained by
chance.



Biological distance

Environmental surrogate distance

Figure 3.4 Example of a scaterplot depicting the correlation betwwen surrogate
distance and biological distance, for a surrogate yeilding continuious distance
values. Each dot representsa pair of survey sites. The fitted curve is a LOESS
smoothed regressions line plotted for illustrative purpose only.



Hiological distance

Environmental surrogate distance

Figure 3.5 Example of a scaterplot depicting the correlation betwwen surrogate
distance and biological distance, for a surrogate consisting of classes (and there-
fore only 0 or 1 surrogate distances). Each dot represents a pair of survey sites.
The horizontal line represent mean values.



Confidence limits

Confidence limits for each obtained matrix correlation index are estimatedg
bootstrapping (Efron 1979; Efron 1982; Efron and Tibshirani 1993). u¥ée 100
bootstrap samples to estimatenfidence limits (based on Efron and Tibshiranl'993
recommendation that between 30 and 200 samples should produce appyodimation
of a statistic). In each samplsifesare randomly sekted with replacement until the
number ofsites inthe sample equals the number sfesused in the originalmatrix
correlation analysis. Each bootstrap sample is used to calculate a m@tretation
coefficient. These bootstrapped coefficients are then usedtimate a standard error
and 95% confidence limits for the observed correlation coefficisee Efron and
Tibshirani 1993 for details).

3.4 Approach 2: Species accumulation analysis

3.4.1 Introduction to species accumulation analysis

Species accumulation curves have been useftklyv in ecobgy for many different
purposes (e.g. Palmer 199C@olwell and Coddington 1994), including evaluation of
different reserve selection strategies (e.g. Saeteetdal. 1993), but do not appear to
have been previously used @ssesshe performance of surrogates for biodiversity
conservation.

We use each surrogate to build a simulated reserve system by selecting Steveg a
sequence that maximises representation of variatigthinw the surrogate. The
performance ofthe surrogate is theassessed using the rdaiblogical data from the
surveysites tocalculate the cumulative number epecies reserved after selectiagch
site. The results of this assessment are plotted as a species accumulation curve.

The species accumulation curve yielded by a surrogate is then used to derive an index of
surrogate efficiency by relating this curve two other ‘reference’ curves: 1) an
‘optimum’ species accumulation curve derived by using the real biological daletct

sites in a sequence that maximises the cumulative number of species reservedsttpeach
and 2) a ‘mearrandom’ species accumulation curve representing the meansairgple

of species accumulation curves derived by selecsitgs in andom order, without
reference to either the surrogate or the biological data. An example of the three species
accumulation curves used to evaluate surrogate efficiency is provided in Figure 3.6.

3.4.2 Calculation of species accumulation index of surrogate efficiency
Derivation of surrogate curve

As indicated above, a ‘surrogate curve’ is derived by selecting ssitesyin asequence
that maximises representation of variatioithim the surrogate. We used thrakfferent
algorithms to select sites depending on the type of surrogate:

For surrogates consisting of simple mapped latadses(e.g. vegetation types, land
systems), and yielding lainary 0/1 distance matrix (see Secti@3.2 for details), a
very basic selection algorithm is pfoyed. Onesite israndomly selected froneach
land class in turn, starting with the most common class (i.e. the class witmdkée
sites) and workinghrough in descending order the rarest class. Thigocedure is
repeated until neitesremain. The strategy at each step is thereforeetect a site
from the landclass thatwill result in the most equitable division of reservstes
between land classes. tiffo or nore classexan contribute equally at any given step
then a site is chosen from the most common class. Bedigseare selected at
random from wthin each class thalgorithm will produce a slightly different result
each time it is applied. This problem is partly addressed by the useotétrapping
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Figure 3.6  Example of the three species accumulation curves used to evaluate
the efficiency of a surrogate. A = optimum reference curve, B = surrogate curve, C
= mean random reference curve



to calculate confidence limits for the species accumulation index, as ddiell®s in
Section 3.4.3.

For surrogates yielding mon-binary disince matrix the discrete p-median selection
algorithm is employed, as recommended bygith- and Walker (1993, 1996).
Surrogates catered for by thapproach include environmental ordinations, and
classifications for which ultrametric, or cophenetic, distances betvtgsses are
available. The p-median algorithm is based on operations research prinogbdeing

to the problem of optimum location of objedisee Tansekt al. 1983). HRith and
Walker (1993, 1996) have demonstrated that the discrete gdian approach has
excellent properties in terms of capturing the diversity of an environmsuatebgate.
The strategy of the discrete p-median approach &elect, atachstep, the site which
minimises the average environmental (surrogate) distance dibnnselectedsites to
their nearest selected site. Faith anglker (1993, 1996) provide a comprehensive
description of the procedure.

For surrogates derived by modelling individual species distributions in relation to
environmental variables two approaches can be used to select sites. One approach is to
derive a surrogate distance matrix by estimating the biological distance (e.g. using the
Bray-Curtis measure) betweesites based on predicted probabilities for a set of
modelled species, instead of real biological da&ites canthen be selected using the
p-median algorithmust described. An alternativepproach is tause thepredicted
species probabilities directly in the selection of sites. Hpiproach is illustrated in
Figure 3.7. The approach employs standard probability theorystimate the
probability that aspecies is reserved at least once in a ssite$given the predicted
probability of occurrence at eadite. The sum of the estimated probabilities of
reservation for the individual species also provides an estimate of thentotdler of
species reserved. The algorithm proceeds by, at each step, selecting the caitdidate
that makes the greatest contribution to the estimatid number of resered species.

This is achieved by first estimating, for each candidate site in turn,prtigability

P(X) that each species will be reserved at least once if the reserve systeended to
include that site:

P(X) = P(X) + P(%) - P(%:+ Xs)

where  P(X,) is the probability of the species occurring in the existing reserve
system (before adding a new site)

P(Xs,) is the probability of the species occurring at the candidate site

P(Xs; + Xs,) is calculated in the usual manner as the product of P(xnd
P(Xs2).

To ensure independence, the species models must be fitted sitgisgtherthan those
employed in the surrogate evaluation. ‘Afhieve thisindependence by randomly
dividing the sites into two equally sized datasets. One dataset is used to fit models, and the
other to evaluate the efficiency of these models as a surrogate.

Derivation of optimum curve

The ‘optimum curve’ is derived by simply using the real biological data to select sites in a
sequence that maximises the cumulative number of species reserved at each sty@r In
words, the first site selected is that with the greatest tatalber ofspecies. Thesecond



STEP 1: Selection of first sile

spl sp2 sp3d spd spa total
sitel |04 (01 |03 J02 |@2 1.2
site? |03 |04 |04 (03 (04 1.8
sited (01 |02 (05 |05 0] 14
siled |02 (D4 |08 [03 03 |2.0 | site 4 selected
site5 04 (03 |04 (02 |03 1.6
siefh O |02 (03 |04 [0 1
sie? |01 |03 (04 |02 (01 1.1
STEP 2: Selection of second site (site 4 already reserved)
spl sp2 sp3 spd spS lotal
sitel | 0,52 | 0.46 | 086 | 044 | 044 272
site2 | 0.44 [0.64 [ 0L.BE [0.51 [ 0.58 [3.05 | site 2 selected
sited | 0.28 (032 |09 [ 065 [0.27 2.62
aited | 0.52 | 0.58 | 088 | 044 | 0.5 2.93
sited | 0.28 [ .52 | 0.86 | 0.58 | 027 2.51
site? | 028 | 0.5% | 0.8% | 0.44 | 0.27 2.45
STEP 3: Sclection of third site (sites 4 und 2 already reserved)
spl sp2 spd uspd spl total
gsilel | 073 [ 081 | 098 [0.73 [0.76 4.01
sited | 0.60 | L83 | 0.99 | 0.85 | 0.69 3.94
sited | 0.3 [0.85 [0.99 [0.73 [0.79 [4.09 | site 5 selected
sated | O.60 | L8B3 [ 098 ) 079 | .69 389
site7 | 0.60 | 0.85 | 0.99 | 0,73 [ 0.69 3.56

Figure 3.7 Example application of algorithim for selecting sites based on
predicted probabilities of species occurence. The values in the site by species
table for Step 1 are probabilities of occurence as predicted by a model for each
species. These probabilities are summed for each site, and the site with the
highest sum is selected for reservation (site 4). The values in the table for Step 2
are cumulative probabilities of reservation for each species if one of the remaining
sites is added to the reserve system, assuming that site 4 is already reserved.
Step 3 is a repetition of Step 2 with two sites now reserved. The procedure is
repeated until no sites remain. Details are provided in the text.



site selected is that with the greatest number of species not recorded at thite fagtl so
on.

This is a‘greedy’ selection algorithm in that it never looks more than one atepad
when selecting sites. The resultant curteerefore represents theéoptimum’
accumulation of species that can be achieved using a sgméely selection algihm.
More sophisticated selection algorithms (e.g. integer programming, geaigticithms)
could be used to improve thperformance othe accumulatiorcurve, and to identify a
globally optimum curve from all possible selection sequences. Such algoriarastoo
computationally demanding to be practically appliedthis study (especially given the
use of bootstrapping for calculation of confidence limits, described bel&wjthermore,
the use of d&non-greedy’ algorithm for deriving the optimum curve would not have
provided a fair comparison with the surrogate curves, all of which are themselves based on
greedy algorithms.

Derivation of mean random curve

The ‘mean random curve’ represerite mean of a sample of speciascumulation
curves derived by selecting sites in random order, without reference to eithrsurthgate

or the biological data. We calculate the mean random curve from a sampile06f
random curves. This sample is not only used to calculate the mean random curve but also
to estimate the statistical significance of the species accumulation index (see SettBon
below).

Calculation of the species accumulation index

Once all three specieaccumulation curves have been derived, the efficiency of a
surrogate is measured by calculating the ‘species accumulation index’ as:

(s-n/(-r1)

where s = log area under the surrogate curve
r = log area under the mean random curve

0 = log area under the optimum curve

The species accumulation index can range from one (1) for a ‘perfect’ surrogate down to
zero (0) or less for a surrogate that performs no better than a random selection of sites. A
number of other measures of surrogate efficiency could be derived fronsptmes
accumulation curves; for example, the number of sites required to reserve 90% of species.
Further research on the performance of such alternatives is required.

3.4.3 Significance test and confidence limits for species accumulation index
Significance test

The sample of 1000 random curves used to calculate the mean randon(seansaction

4.2 above) can also be used to perform a Monte-Carlo testlyML991) of the ststical
significance of the surrogate curve. This mstessewhether the area under the species
accumulation curve for the surrogate is significantly greater than that likely to be
obtained by selecting sites in random order.

The significance level of the surrogate curve in relation to 1000 random curves is
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where |, =1ifa =2a,
I, =0ifa <a,
a, = log area under random curvand

a, = log area under the surrogate curve.

This significancelevel can beinterpreted as the probability that an area edoalor
greater than, that under the surrogate curve could have been obtained by chance.

The sample of 1000 random curves can also be used to provide a graphical indication of
the significance of a surrogate curve as illustrated in Figure 3.8.

Confidence limits

Confidence limits for each species accumulation index obtained are estimsitegl
bootstrapping (Efron 1979; Efron 1982; Efron and Tibshirani 1993). u¥ée 100
bootstrap samples to estimatenfidence limits (based on Efron and Tibshiranl'993
recommendation that between 30 and 200 samples should produce apyodimation
of a statistic). In each samplsifesare randomlyselected, with replacement, until the
number ofsites inthe sample equals the number gifesused in the original species
accumulation analysis. Each bootstrap sample is used to derive a surcogege
optimum curve and mean random curve. TH®pecies accumulation indiceslculated
from these curves are then used to estimate a standard error andoffiglence limits
for the observed index (see Efron and Tibshirani 1993 for details).

3.5 Software

Both evaluation techniqgues (matrix correlation and specdesumulation) were
implemented using special-purposeftware developed as part of thisnsultancy. The
software was initially developed as a series of functiofthinvthe Microsoft Windows
version of thes-PLUS statisticalpackage (Statistical Sciences Incl994). The speed of
processing achieved usirggPLUS was not fastenough to enabléhe plannedsurrogate
evaluations to be completedithin the timeperiod allocated to the consultancy. The
software wagherefore redeveloped as a collection FAfRTRAN-77 programs using the
Lahey compiler (Lahey Computer Systems 14092). TheFORTRAN version of the
software achieved acceptable processing speeds, especially when run on HD&um
The s-pLUS version of the software has been retained as an alternative tochltardating
the indices of surrogate performanc&his has proved particularly useful as a means of
checking results obtained from tR@RTRAN software.

Two input files arerequired by the matrix correlatiosoftware, one containing a
biological distance matrix and the other containing a surrogate distance matrix (for the
same set of survey sites). Two input files are atgpired by thespeciesaccumulation
software. The first file is a sites-by-species matggording the presence or absence of
individual species at the survey sites. The structure of the second file depends on the type
of surrogate being evaluated. If the surrogate consists of simple lasseglthdfile
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Figure 3.8  Example of the derivation of a mean random reference curve with
95% confidence limits (bottom graph), from a sample of random species accumu-
lation curves (top greaph). A surrogate curve is superimposed on the bottom
graph (bold line).



contains a vector otlass codespne for each survey site. If the surrogateasures
environmental distance betwesitesthe file contains a surrogate distance matrix. For
surrogates using probabilistic predictions from species habitat models the file is a sites-by-
species matrixontaining the predicted probabilities epeciesoccurring at the survey
sites.

3.6 Discussion

In this consultancy we have applied both measures of surrogate efficiematrix
correlation and species accumulation analysis) to a wide range of surrogates and
biological datasets. This has facilitated comparison oftwlteapproaches. Preliminary
results presented in the Progress Report (June 1995) and more extensivepreseitited

in Section 4 of this report indicate that ttveo measures are only very wealdyprrelated.
Surrogates performing well in matrix correlation analysis often perform badly in species
accumulation analysis, anice versa

This lack ofconcordance beteen thetwo techniques is perhaps disappointing, but not
necessarily surprising. Thivo techniques are evaluating surrogate efficiencygirite
different ways. Matrix correlation analysis is evaluating the correlation between a
surrogate and the biota in terms of a general measure of biological dissimilarity. This
approachassumes that the general measure of biological dissimilarity used to evaluate
surrogates is itself good basis for reservelanning. Species accumulation analysis is
instead directly evaluating the performance of a surrogate in regkmeing in terms of

the efficiency with which species would be representétiinva reserve system based on
that surrogate. The lack ofoncordancebetween results obtained using the two
techniques therefore s®Es an interesting questioconcerning the appropriateness of
using general measures of biological dissimilarity (and classification®rdmations
derived from these) as a basis for reserve planning. A related issue concerns the choice of
a specific dissimilarity measure. Would a measure other than the Bray-Curtis association
measure provide a better basis for evaluating surrogate efficiency and dogtterrdance
between thetwo evaluation approaches? Further research is clearly needed to address
these issues.

The issue ofpoor concordancebetween thetwo measures of surrogate performance is
analysed and discussed in greater detail in Section 4.4.1. The conclusion reached in that
section is that species accumulation analysis shouldniggoyed in preference tmatrix
correlation analysis as a measure of surrogate efficienclgast in relation to reserve
planning. Species accumulation analysis provides a direct, and readily interpretable,
measure of the performance of surrogates.

There is considerable scope for refining, or extending, both of the techrdquetoped
in this consultancy. Refinements worthy of further investigation include:

Attributes other than species presence/absence could be used to evaluate the
performance of surrogates asbasis for reservelanning. Such attributegclude
species abundance, genetic variatioithiw species andcommunity composition.
These attributes could be used to evaluate the ability of surrogatdsstioguish
between sites with the same species presentdiffeting in therelativeabundance (or
dominance) of these species, and therefore community composition.

The techniques used in this study have been designedsisshe performance of
surrogates when applied individually to reseplanning. However, as dewnstrated

by Kirkpatrick and Brown (1994), reserve planning might be most effectively achieved
by using two or nore surrogates in combination (e.g. vegetation mapping and
environmental domains). The developed techniques should be extended to evaluate
the performance of such combinations.

The matrix correlation approach could benefit from further investigation of alternative
measures of biological distance, and alternative measures of correlation between the



two disance matrices. In particular, a better solution is needed for dealing with
surrogate distance matrices containing only zeros and ones.

The species accumulatiompproach could be modified to provide a more realistic
simulation of reserve planning. Real resepl@nning nvolves the selection of sizable
blocks of land, not individual survey sites. To better simulate this process the
evaluation methodology perhaps needs to select sites in groups gbbaoeiing sites)
rather than individually.

More sophisticatednon-greedy’ algothms need to be investigated for deriving the
surrogate and optimum species accumulation curves.

Other variables derived from the species presence/absence data could be used in place
of the ‘number of species reserved’ variable as the vertical axis of species
accumulation curves. Examples include thenber ofspecies for which reservation

of a specified proportion afites (withthat species present) has been achieved, or the
mean proportional reservation across all species.

Other techniques could be used to measure the efficiency of spamasnulation
curves. For example, the number of sites required to reserve a speciffamtion of
species (e.g. 90%).

Further research is needed #ssessthe extent to which the different selection
algorithms used to derive species accumulation curves for different types ofaes
unfairly biases thecomparison of these surrogated.ess biased selectiotechniques
may need to be developed.

Variations on the discrete p-median selection algorithm might be more appropriate for
evaluating some types of surrogates. Candidate algorithms include the continuous p-
median algorithm (Faith andValker 1993, 1996) and the phylogenetic diversity
criterion (Faith 1994).

As indicated earlier in this chapter there are many differesmgsvwof approaching the
evaluation of surrogate efficiency. The techniques we have adoptgdsate/o of many
possible alternatives. They should not be regarded as the definitive solusonragate
evaluation. Further research in this area is badly needed and should be encouraged.

The two techniques proposedevertheless provide an interim basis fewaluating
surrogate efficiency. This consultancy has already applied the techniques to rangde

of surrogates and biological dataset from forested north-east NSW and arid north-west
NSW (see Sections 4 and 5). The tools are sufficiently generic to be applistheto
surrogates in other regions. The only requirement is a dataset containingubafate

data and real species data for the same set of biological survey sites.



Figure 4.1 North east NSW study area.
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