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Abstract

Conservation planning for biodiversity requires spatially
continuous species data that encompasses the area of
interest. Because of the lack of such data in most coral
reef settings, we developed a statistical model to expand
site-specific coral reef fish species counts to contimicus
spatial data, Biotic and abiotic reef characteristics were
evaluated in their suitability to serve as predictor
variables. These variables were then applied to our
species distribution model. We used a Generalised Linear
Modelling approach to detemnine the probability of
occurrence of seven focal fish species in an unsurveyed
patch or habitat. For six out of seven species we derived
suitable models and predicted their presences across the
whole study area of Kimbe Bay, Papua New Guinea. The
resulting data were entered into the reserve selection
software MARXAN, comparing the modelled data with
the original species dataset in their ability to identify
priority sites for conservation in irreplaceability maps.
The species distribution model constituted a powerful tool
to expand limited site records to be used in conservation
planning in conjunction with abiotic and biotic reef
information for a larger planning area. At the same time,
sites with high conservation priority identified by species
data were also identified by modelled data.

Keywords: coral reef fish diversity, GLM,
conservation planning, species distribution, probability of
occurrence

1 Introduction

No-take reserves are recognised ‘as amongst the most
efficient tools for fisheries management and biodiversity
conservation in marine environments (Hixon, et al. 2001,
Roberts, et al. 2002), Recent evidence suggests that long-
term conservation of species diversity and community
functionality can be achieved ouly by carefully designed
and sited marine reserve networks (Allison, et al. 1998,
Stewart, et al. 2003). One of the major information gaps
in our capacity to conserve coral reef biodiversity is the
lack of consistent species-level data at a spatially broad
scale relevant to iocal management efforts. In many
cases, information on habitats, health of reefs, and the
distribution and abundance of species are non-existent,
out of date cr spatially biased. For example, data is often
collected in the vicinity of marine research stations, or in
locations where major external or internal facilitating
organisations encourage research by providing resources.
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If the existing, patchy data are utilised for reserve
planning, then only the reefs that were arbitrarily chosen
to be surveyed will be included in the planning process,
reducing flexibility for the design and configuration of the
marine reserve networks. To avoid this bias we need
repeatable methods to predict the distribution and
abundance of species and/or habitats across entire
planning areas.

Predictions of species probabilities of occurrence have
been extensively used fto inform monitoring and
conservation planning in the terrestrial realm (Polasky, et
al, 2000, Zaniewski, et al. 2002). A review and
comparison of common modelling approaches such as
generalised linear models, generalised additive models,
multivariate statistical models and machine learning
methods is' given by Elith (2000). General linear models
have been extensively employed for the prediction of
species  distributions (Bio, et al 2002, QGuisan,
Zimmermann 2000, Miller, Franklin 2002) and this
approach has heen compared with other species
distribution modelling techniques such as Canonical
Correspondence Analysis (CCA) (Guisan, et al. 1999),
neural networks (Manel, et al. 1999), discriminant
analysis (Manel, et al, 1999), and ecological niche factor
analysis (Engler, et al. 2004). Statistical and practical
aspects of GLM have been extensively reviewed and
detailed elsewhere (McCullagh, Nelder 1997, Rushton, et
al. 2004). The application of these methods to coral reef
environments is rare (but see Garza-Perez, et al. 2004),
despite their potential to enhance marine conservation
planning efforts. :

Marine environments differ from terrestrial ones in geveral
characteristics that affect species distribution models
(Lourie, Vincent 2004) and in turn the conservation
planning in these environments (Carr, et al, 2003). In
land-based applications predictor variables for species
modelling have been selected from a wide range of
geological, geographical and biological parameters.
Several authors found that logistic regression as a
frequently used method of GLM distribution modelling is
less powerful if there are few presences within a dataset
(Guisan, et al. 1999), and is sensitive to parameter
accuracy (Manel, et al. 1999). These characteristics are
likely to present challenges to the use of such techniques
in the marine realm, where species-specific data are
extremely scarce, spatially limited and environmental



variables not readily available. Often geological or
physical information describing a marine project area
does not exist or lacks the spatial resolution required
(Lourie, Vincent 2004). In their spatial prediction model
of coral reef habitat, Garza-Perez et al. (2004) employed
bathymetry data and spectral bands derived from satellite
imagery as predictor variables, Kelly et al. (2001) utilised
water depth and a relative exposure index to predict
seagrass occurrence and vulnerability to threats. Stevens
and Connolly (2004) evaluated whether marine habitat
distributions could be predicted by a suite of abiotic
parameters, however, the study found that abiotic
parameters were unsuitable for habitar distribution
modelling.

Conservation planning algorithms require continuous
spatial biodiversity data. Because of the lack of such
data, surrogate features such as habitat types have been
utilised in terrestrial {Lombard, et al. 2003, Oliver, et al.
2004) and marine applications (Gladstone 2002, Stewart,
et al, 2003, Ward, et al. 1999). To expand site-specific
biological data sets to continuous spatial data,
conservation planners have used species distribution
models. These statistical models determine the
probability of occurrence of a species in an unsurveyed
patch or habitat (Manel, et al, 2001, Peterson, et al, 2000,
Polasky, et al. 2000). The resulting probabilities for each
species then form the input data used by reserve selection
algorithms such as MARXAN (Ball, Possingham 2000).
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In this paper, we develop an approach to infer coral reef
fish occurrences at locations rof sampled. We assessed a
suite of abiotic and biotic reef characteristics as predictor
variables used in a statistical model for their ability to
predict species distributions.  We constructed GLM
models for seven focal species of coral reef fishes to
predict species occurrence. We evaluated whether this
statistical modelling approach could improve the spatial
coverage of species survey data for use in coral reef
conservation planning.  To achieve this aim, the
prebabilities of species ccourrences were entered in the
reserve selection programme MARXAN and the marine
reserve networks thus created were then compared.

2 Methods

2.1 The Study Site

The study was conducted in Kimbe Bay, New Britain
(150° 15°E, 5° 15°S), Papua New Guinea (Fig. 1). This
bay is approximately 100km across its mouth, and it
supports a large number of small patchreefs that rise
steeply from the seabed and have a flat top, as well as
fringing reefs adjacent to the coast. All reef areas were
mapped and assigned to one of 1721 reef planning units.
A planning unit was used as the smallest spatial entity for
both modelling and conservation planning analyses. The
planning units comprised of either entire patch reefs, reef
sections of fringing reefs cut perpendicular to the coast, or
subsections of large off-shore reef areas. They were of
similar size, and represent the approximate area covered
by species surveys.

151%06'E

51 20 30 40
B R —] —
Kilometers

Figure 1.  Map showing the Kimbe Bay project area and 149 sampling sites.

22 Identifying Data Layers and Model Predictors
Data layers of coral reef characteristics were used to
identify a suite of candidate predictor variables for the
fish species, Seme data layers also served as direct input
into reserve selection software for comparisons with
modelled daia. Here we describe those data layers.

The bathymetry data layer was interpolated from a chart
of Kimbe Bay (Australian Hydrographic Service, 1967,
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new edition 1992, AUS 547} and local knowledge (GPJ,
MB, Shannon Seeto pers. com.). Exposure data were
defined by local knowledge and known prevailing wind
directions.

Remote sensing can provide a classification of reef
habitats, where data quality depends on the resolution and
quality of the remotely sensed image used (Green, et al,
2000). Two LANDSAT 7™ images were classified into



five broad reef classes (Stuart Sheppard, pets. comm.).
These broad reef classes were: Fringing Reef, Patch Reef,
Atoll, Cuter Fringing Reef, and Barrier Reef.

Bioregions were created based on biclogical habitat
information, coral species diversity, habitat types, and a
multivariate community analysis of scleractinian coral
diversity data. Coral community analysis was undertaken
using principal component analysis (PCA) (Glynn, Ault
2000). The data were assessed separately for the eastern
and western part of the bay, in accordance with existing
publications (Holthus, Maragos 1994, Maragos 1994,
Turak 2002) and data sources.

Socio-economic factors are lkely to play an important
role in the health and status of coral reef species. For
instance, direct fishing pressure is applied to some target
fisheries species, and more importantly for species
distribution modelling there are large-scale changes in
land use that impact on coral reefs through erosion and
increased sedimentation (Bryant, et al, 1998).

Because in the Kimbe Bay region a major human induced
adverse impact to reef health is sedimentation induced by
rainforest clearing and subsequent establishment of palm

oil plantations, we assumed that the potential effect of
human populations is the distance of a reef from the
nearest shore and the nearest river estuary. We believe
this may be a useful surrogate for direct impacts such as
fishing pressure and indirect impacts such as
sedimentation caused by land clearing respectively. This
data layers was calculated by spatial analysis of GIS data
layers derived from BIORAP datasets (CRES 2000).

2.3 Fish Data

Site-specific presence/absence data for 856 species of
coral teef fish have been collected for 149 reef sites at
Kimbe Bay (Allen, Munday 1994, Beger 2002). Fish data
were recorded using a timed swim method, whereby the
observer travels across the depth gradiemt from
approximately 25 m depth to the shallowest depth on the
reef. Each site is surveyed once in a constant time for
between 60 to 90 minutes, with time spent evenly across
the depth gradient. For this study, we selected six focal
species. These species represented fishes with differing
life traits likely to affect their spatial distribution, such as
habitat preference, nutritional preference, territory size,
and larval duration (Table 1).

Table 1, Foca! species and their life traits. (Sadovy, et al. 2003), *FishBase www. fishbase.org

Focal species Habitat preference Nutrition Territory size
Cheilinus undulatus steep outer reef slopes, lagoon Large invertebrates and 20/10000m’,
Riippell, 1828 reefs? small fish' largel
Acanthochromis polyacanthus 2 2

(Blecker, 1855) Inshore and offshore coral reefs Zooplankton Small
Amblyglyphidodon aureus steep outer reef, usually in current 2

(Cuvier, 1830) prone habitats® Zooplankton Small
Amphiprion percula 2 Zooplankton, benthic

(Lacepéde, 1802) lagoon and seaward reefs a]gae" Small
Nemateleotris magnifica upper Portions of outer reef Zooplankton, copepods, Small
Fowler, 1928 slopes and crustaceans ma
Plectropomus oligacanthus drop-offs and steep channel 2 Large, rare
(Bleeker, 1854) slopes Crustaceans and fishes ﬁshg
Ctenochaetus tominiensis coral-rich drop-offs of sheliered Herbivore Medium

Randall, 1955 coasts’

2.4 Statistical Analysis and Modelling
Environmental processes directly influencing coral reef
fish distributions include recruitment, dispersal,
competition, predation and habitat structure (Garcia-
Charton, Perez-Ruzafa 2001, Sale 2002). The habitat
preference of our seven focal species is likely to be
influenced by these processes, but determining habitat
classes for coral reefs is not a straight forward
undertaking, since site visits to a large number of reefs are
required for a conclusive assessment. As for most coral
teef locations, large scale spatially explicit physical and
environmental data are sparse and of limited quality for
Kimbe Bay.

Candidate predictors of species distribution were selected
based on available information in maps and GIS
databases. Co-linearity between variables is likely to
reduce the precision in estimating the variable coefficients
and their significance (Booth, et al. 1994). Therefore, we
used an iterative process that identified a subset of
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uncorrelated predictors. First, we identified relationships
between variables using  Spearman’s  correlation
coefficient, Second, a multivariate ordination of the
variables was conducted, using both multidimensional
scaling and hierarchical cluster analysis (Clarke 1993).

We generated species occutrence probabilities from
presencefabsence data at 149 surveyed sites for the seven
focal fish species. The GLM method for this dataset
applied a logistic regression of the type,
In 1—“‘1“7‘; =b0 +b1x1+b2x2 +...+b,‘x_r, (1)

where p is the probability of the species being present, and

,,,,,, Logistic regression
models were fitted for each species using a step-forward
and step-backward method. For the step-forward method,
the analysis was started as a univarjate model (one
predictor) and predictors were added to improve model fit.
For the step-backward method, all predicting variables



and their interactions were considered in the initial model.
Subsequent models removed variables or their
interactions. The best fitting model for each species was
identified using Akaike’s information criterion (AIC)
(Akaike 1974),

AIC=2logL+k-edf , 2
where L is the likelihood and edfthe equivalent degrees of
freedom of the fit. The resulting AIC weights allowed us
to determine the model that most parsimoniously reflects
reality (Rushton, et al. 2004).

2.5 Reserve Selection

There are several ways of entering species probability of
occurrence data into a conservation planning tool, as
summarised by Wilson, et al. (2005). In this study, we
converted probabilities of presence into presence/absence
data by assuming all probabilitiess above 0.5 are
presences, otherwise they are absences. These data
served as input data for conservation features (species) in
the planning software.

We applied the reserve selection software MARXAN
(Ball, Possingham 2000) to select a configuration of
marine reserve sites. MARXAN uses a set of algorithms
to achieve a numbet of efficient and reasonable solutions
that satisfy the set conservation targets at a near minimum
cost. For this paper, the cost for each planning unit (reef)
is assumed to be the same, therefore all solutions
minimised the number of reef units included in the
reserve network.  The mathematical formulas and
concepts behind MARXAN have been extensively
described in the reserve selection literature (McDonnell,
et al. 2002, Possingham, et al, 2000, Stewart, et al. 2003).
We ran simulated annealing and greedy heuristic
algorithms in MARXAN for each modelling scenario,
cach analysis was repeated 1000-fold. For ease of
comparison, we choose a conservation target of 20% the

distribution of each conservation feature ta be protected in
the scenarios. 'We compared maps of irreplaceability of
planning units for the reserve networks identified using
modelled and real data as conservation features with the
Kappa statistic, in order to assess the relative efficiency of
each approach of modelling the marine biodiversity
features.

The Kappa statistic (Cohen 1960) measures the degree of
concordance between the two sets of results. It evaluates
the extent that irreplaceability of sites overlaps after
removing overlap due to chance, The Kappa statistic is

K= Po—Pe ] (3)

1- Pe )
where p, is the proportion of planning units that overlap
and p, is the proportion of planning units that overlap due
to chance. The Kappa statistic ranges from a maximum of
one to a minimum of negative one, with a value of one
indicating perfect overlap, zero indicating expected
overlap due to chance and negative one indicating no
overlap (Wilson, et al. 2005).

32 Defining Predictor Variables

We identified eight candidate environmental ‘predictors
from ocean charts, remote sensing, community analysis,
and local and expert knowledge (Table 2). The methods
of choosing the final suite of predictive variables reduced
the list of eight candidate to five final variables, bioregion
(ECO.NAME)/ exposure (EXPOSURE), presence or
absence of a land/water interface (ISLAND), mean
swirounding depth at 500 m proximity (DEPTHS00M) and

distance to nearest estuary (DISTANCE.EST).
Correlation analysis identified co-linear parameters
(Table 3).

Table 2. Candidate predictor variables, their characteristics and variable type for coral reef fish distribution model in Kimbe

Bay.
Code Predictor Class Data type
HARITAT Reef- class (Fringing Reef, Patch Reef, Atoll, Outer Fringing Reef, and Environmental Ordinal, 5
Barrier Reef.) classes
Bioregions (East inner coastal fringing reefs, East inner exposed
coastal reefs, East outer coastal reefs, East outer patchreefs, Exposed Ordinal. 9
ECONAME  offshore patchreefs, West inner coastal fringing reefs, West outer Envircnmental classes ’
coastal reefs, West inner patchreefs, West outer patchreefs*, West
offshore reefs, Willaumez*)
. . . . Ordinal, 4
EXPOSURE  Exposure (low, medium, upper medium, high} Environmental classes
ISLAND Presence of land/water interface Environmental  Binomial
DEPTH500 - . .
M Bathymetry (mean depth at 500 m proximity) Environmental  Continuous
I]\D/{EPTHIOUO " Bathymetry (mean depth at 1000 m proximity} Environmental ~ Continuous
DISTANCE.  pistance to nearest estuary Sacio- Continuous
EST gconomic
DISTANCE. . Socio- .
LAND Distance to nearest land cconommic Continuous

* excluded from analysis owing to lack of data
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Table 3. Results of Spearman Rank correlation analysis between pairs of predicfor variables, Spearman Rank coefficients rho
(p) and probabilities p are given for each pair wise comparison, significant values in bold.

[ECONAME |
HABITAT P = 0.004%
p=0.27298
DEPTH s00M P=0.00888 p=0.6249
p=025473 p=-0.04820
DEPTH ;=g 0407 p=0.0564 p=<22e16
1000M  5=027803 .p=-0.18687 p=0.84979
EXPOSURE p=89e-07 p—006842 p=<22e16 p=<22el6
p=046308 p—-0.17858 p=0.61336 p=0.75087
ISLAND p=0.02352 p=0.04086 p="9%16e06 p=5.84e-06 p=10.01024
p=-022121 p=-020010 p=-042159 p=-D43002 p=-025010
-Dlﬁ?\]}g@' p=007141 p=09829 p=<22e-16 p=<22e-16 p=4.06¢-05 p=-<22e-16
P=0.17669 p=0.00212 p=062849 p=0.6706 p=039212 p=07265
DISE‘;"CE' p=0.00382 p=0.02252 p=<22e-16 p—<22e-16 p=<22e-16 p=02935 p=1.27c-05
p—028085 p=-022282 p=0.60111 p=072996 p=0.79869 p—-0.10337 p=0.41536
DEPTH  DEPTH DISTANCE. DISTANCE.
ECONAME HABITAT -0t Jorow  EXPOSURE  IsLaND D1y AT EST

The subsequent multivariate ordination analysis indicated
that ECO.NAME, HABITAT and EXPOSURE were co-
linear (Fig. 2) with 58% and 80% similarity respectively.
We chose to utilise both the ECONAME and
EXPOSURE variables in separate models, to test the
stability of this surrogacy. All subsequent calculations
were conducted with two variable sets, set 1 with
ECO.NAME, ISLAND, DEPTH500M and
DISTANCE.EST, set 2 with EXPOSURE, ISLAND,
DEPTH500M and DISTANCE.EST. Since  the
ECO.NAME variable was created using coral diversity
data, whereas the exposure dataset was based on physical
features only, such an approach allowed us to test the
necessity and benefit of the increased discrimination
between sites gained by incorporating the more explicit
coral data into the model.

The two depth variables were 60% similar to each other,
and with p = < 2.2e-16 in the correlation analysis they
were likely to be proxy variables. Distance to nearest land
and the distance to the nearest estuary were equally
closely related to each other (60% similarity, p = 1.268e-
05). Distance to the nearest estoary was chosen as the
final predictor.

3.3 Species models

The best models describing the species associations with
the predictor variables were identified (Table 4). Each
focal species had specific predictors describing their
habitat association. Cheilinus undulatus occurrences for
variable set] were strongly positively related to
ECONAME and weakly positively related to
DISTANCE.EST.  For variable set2, its surrogate

EXPOSURE, with a weaker relationship, replaced the
ECONAME variable, Acanthochromis polyacanthus
showed no relationship with any predictors. For set 1,
Amblyglyphidodon aureus occurrences were strongly
positively related to ECO.NAME. Weak relationships for
EXPOSURE and DEPTHS300M replaced ECO.NAME for
set2. Amphiprion percula occurrences were strongly
negatively related to ISLAND and weakly negatively
related to DEPTH500m for both sets of predictor
variables. Nemateleotris magnifica occumrences were very
strongly positively related to ECO.NAME and weakly
positively related to DEPTHS00m. For variable set 2,
occurrences for this species were very strongly negatively
related to ECONAME, weakly negatively related to
ISLAND, and weakly positively related to DEPTH500M.
Occurrences of Plectropomus oligacanthus were strongly
positively related to ECO.NAME and weakly negatively
related to ISLAND, For variable set 2, the ECO.NAME
variable was replaced by its surrogate EXPOSURE, with a
weak negative relationship to EXPOSURE. Crenochaetus
tominiensis occurrences were negatively related to
ISLAND, weakly negatively related to DISTANCE.EST,
and weakly positively related to DEPTH500M for both
sets of predictor variables.

. The models predicted the occurrences of six focal species
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(excluding Acanthochromis polyachanthus). Fig. 3 shows
the reef units in Kimbe Bay with predicted probabilities of
occurrence at all reef units visually expanded by a
Thiessen polygon algorithm in  GIS (Bwrrough,
McDonnell 1998),




Reef predictors - correlation analysis
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Figure 2. Dendrogram and ordination of similarity between predictors, a) for all predictors, and b) for final suite of
predictors.

Tabled4.  List of best available models for seven focal species with model coefficients, estimated degrees of freedom (edf),
AIC values and residual deviation values. 1 — Set | of predictor variables included ECO.NAME, 2 — Set 2 of predictor
variables included EXPOSURE instead of ECO.NAME.,

Set  Model equation edf AlC Res_idyal
deviation
Cheilinus 1 ~-1.97+1.89*ECO.NAME+0.0013*DISTANCE.EST 11 96.04 74.04
undulatus 2 ~-3.16+1.1 *EXPOSURE+0.00012* DISTANCE.EST 5 96.61 86.61
Acanthochromis 1 299 | 42.20 4021
polyvacanthus 2
Amblyglyphidodon 1 ~-17.57+35.13*ECO.NAME 10 1232 103.2
aureus 2 ~0.35-1.93*EXPOSURE+0.007*DEPTH500M ) 124.76 114.76
j;ifﬁ;i”‘"" J ~0.13-128%ISLAND-0.005* DEPTHS00M 3012039 11439
O — 1 ~-19.71+37.6 7* ECO.NAME+ 0.005*DEPTH500M 10 85.81 63.81
g g Tom s LAnEALLE 6  87.56 75.56
&t 1.50*ISLAND-+0.012*DEPTH500M : ’
Plectropomus 1 ~-16.9+19.3*ECO.NAME-1.58*ISLAND 11 119.15 97.15
oligacanthus 2 ~1.09-1.19*EXPOSURE-1.74*ISLAND 5 119.33 109.33
Ctenochaetus I ~3.23-1.49*ISLAND- 4 48.88 40.87
tominiensis 2 0.000137*DISTANCE.EST+0.013*DEPTH500M ; )
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3.4 Conservation planning results

As expected, modelled species distributions data used as
input into the conservation planning software MARXAN
provided an improvement of spatial coverage across the
project area compared to site-specific species survey data.
The modelled prebability data identified many of the
same prority sites for conservation with high
irreplaceability as those sites identified using the original
species survey dataset, as indicated by a high kappa value
of x = 0.53, also compare Fig. 4. Irreplaceabilities for the
original data were high at selected sites that most likely
had unique species compositions, supported a high
number of species or harboured rare species (Fig. 4a).
These sites were also assigned high conservation priority
with the modelled data set (Fig. 4b). This result indicated
that while the species distribution model improved spatial
coverage, it maintained the original information content
with regards to important conservation sites. For instance,
a reef site at Fathers reef off Lolabau Island was identified
as highly irreplaceable from the original species data,
based on the fact that it had a unique and valuable species
assemblage. The same site was also highlighted as a
priority based on modelled data, however, additional reef
units that exhibited similar reef characteristics were also
rated with high irreplaceability.

The reserve network solutions identified in this
comparison did not contain the same set of planning units
for the different data layers. This was because the GLM
data layer contained data values for all planning units,
while the fish presence-absence data only existed for a
subset of 149 sites, The best solutions for modelled
species distribution data assigned high irreplaceability to a
large proportion of highly irreplaceable planning units
determined by the method using the original fish data, as
indicated by the positive kappa value.

4 Discussion

Systematic conservation planning on coral reef
ecosystems still largely depends on the use of surrogate
data (Day, et al. 2003, Leslie, et al. 2003, Turpie, et al.
2000) in place of actual biodiversity data. Where
planning algorithms have been applied to coral reef
systems using raw data on distribution (Beger, et al. 2003)
the varying survey effort within the project region created
a bias towards surveyed sites. In this paper we use
statistical modelling of species presence/absence based on
physical and habitat parameters as a tool to expand point-
data into continuous probability data. The intent here is to
remove the selection bias away from just those sites that
were surveyed,

Determining predictor variables for species modelling at a
local scale such as in Kimbe Bay proved difficult because
of the relative lack of geographic, physical and biological
data, a situation likely to be similar in other developing
countries, The parameters we obtained data for were
relatively basic (such as distance to land) or lacked
guantitative support {such as exposure, which was largely
determined from local expertise). Remote sensing proved
to be a useful tool to determine broad habitat classes, and
provides scope for finer habitat classifications in future
studies (Andréfoust, Riegl 2004}.

Our bioregion approach utilised hard coral biodiversity
data to determine reefs of similar coral assemblage
characteristics within the bay. Coral assemblages provide
imporiant habitat and structure for reef fishes, who
associate with corals in characteristic assemblages
{Chittaro 2004, Gust, et al, 2001)." Though the bioregion
classes were based on actual data, they are still hampered
by a bias of coral survey sites towards the outer patch
reefs, It is likely that a finer classification of eco-regions
in the coastal areas could be derived with better data
coverage on fringing reefs, particularly as these reefs are
more prone to human impact and therefore changed
communities.

The correlation analysis of predictor variables showed that
a large number of variables were highly correlated,
rendering them inappropriate as model predictors. We
compared the analysis of models for both the correlated
variables ECO.NAME and EXPOSURE, as in tnany
studies coral data to derive bioregions will be lacking, and
exposure will be a more easily available surrogate. For all
fish species where ECO.NAME was part of the model
derived by variable set 1, EXPOSURE was also part of
the model derived by set 2. For Cheilinus undulatus and
Plectropomus oligacanthus the relationships were very
similar, where ECONAME and EXPOSURE served as
direct surrogates of each other. Since the ECO.NAME
variable represents ordinal data of nine classes, this type
of relationship depended mainly on which ECO.NAME
class was a major predictor of Cheilinus undulatus
occurrences and how this class was related to
EXPOSURE classes. For Amblvglyphidodon aureus and
Nemateleowris magnifica the ECONAME variable was
replaced in the model by a combination of EXPOSURE
and one other predictor. In all cases, the resulting AIC
values of the best model were very similar for both
variable sets. This indicated that EXPOSURE would be a
suitable surrogate for a bioregional analysis, if detailed
biological information was not available to delineate eco-
regions. :

Al species differed in the variables that best described

* their probability of presence. This conclusion is in line
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with other studies, who found that species-habitat
associations are species specific (Chittaro 2004). As
species included in the analysis are added, it is likely that
the combination and number of predictor variables would °
also expand in its range of combinations.

Thete was ne single variable predicting the oceurrence of
all species. Thus it is unlikely that biodiversity can be
represented by a specific bictic or abiotic surrogate
parameter. In a conservation planning context, surrogates
such as habitats or eco-regions have been recommended
to represent marine diversity (Day, et al. 2003, Gladstone
2002, Ward, et al. 1999). From our experience here it
may increase efficiency to employ a suite of uncorrelated
parameters as surrogates for biodiversity in conservation
planning.


















