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INTRODUCTION

Seabirds are major top-order predators in the South-
ern Ocean ecosystem, with annual estimates of prey bio-
mass consumption exceeding 6.6 × 108 t (Croxall 1984).
This prey consumption is patchily distributed throughout
the Southern Ocean. The factors that determine the dis-
tribution of seabirds at sea, and hence their prey con-
sumption, have been investigated for the last 3 decades.
These studies have been more successful in relating the
distributions and abundances of seabirds at sea to their
physical environment, such as sea surface temperatures,
water mass characteristics, sea ice extent, and wind
regime, rather than the distribution of their prey species
(see Woehler et al. 2003 for a brief review). Of these, the
presence/absence of sea ice and its extent and concen-
tration are known to have strong influences on seabird
distributions in the Southern Ocean (e.g. Ainley et al.
1993, 1994). These Southern Ocean studies have para-
lleled similar investigations elsewhere (for example Croll
1990, Leopold 1993, Mehlum et al. 1996).

While correlations between seabirds and aspects of
their environments have been demonstrated, there are
few published studies that build on these correlations
to produce predictive models. Predictive methods have
been popular in a range of ecological disciplines (e.g.
Guisan & Zimmermann 2000, Austin 2002, De’ath
2002). The primary focus of such methods is the con-
struction of statistical models, which are capable of
predicting species distributions based on environmen-
tal data. These are in contrast to explanatory methods
such as canonical correlation analysis (Gittins 1985)
and canonical correspondence analysis (ter Braak &
Prentice 1988), which attempt to identify the environ-
mental variables that best explain the observed pat-
terns in species’ distributions. The predictive approach
has been used for predicting changes in species’ distri-
butions in response to climate change (e.g. Scott et al.
1997, Sykes 1997), conservation planning (e.g. Frank-
lin 1995, Cawsey et al. 2002), and improving faunistic
and floristic atlases (e.g. Högmander & Møller 1995,
Leathwick 2001). Although the emphasis is on predic-
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tion rather than description, the relationships between
species and their environment can be inferred from
an understanding of the model’s internal species-
environment representations.

The predictive approach is particularly appealing
for Antarctic seabird-at-sea studies. Species diversity
amongst the breeding Antarctic seabirds is relatively
low (between 9 and 25 breeding species at regional
scales; Woehler et al. 2003), and observational studies
have revealed that seabird assemblages at sea are
remarkably consistent around the Antarctic continent
(Ribic & Ainley 1988, 1989, Ainley et al. 1993, Woehler
et al. 2003). Ice-associated assemblages have been
identified in the Ross Sea (Ainley et al. 1984), South
Atlantic, Amundsen and Bellingshausen Seas (Ainley
et al. 1998) and Indian (Woehler et al. 2003) sectors of
the Southern Ocean, with only minor differences in
species composition due to differences in regional
breeding species (Woehler et al. 2003). Predictive
models developed in one region might, therefore, be
applicable to other regions of the Southern Ocean.

As a consequence of the difficulties involved in
undertaking synoptic seabird surveys in the Southern
Ocean, the collection of at-sea data has been limited to
3 foci around the Antarctic: the Ross Sea (Ainley et al.
1984), the South Atlantic sector (Ainley et al. 1994),
and Prydz Bay (Woehler 1995, 1997, Woehler et al.
2003). The remaining majority of the Antarctic coast-
line has received little attention. Predictive models
applied to remotely sensed measurements of the phys-
ical environment could be used to provide an interim
indication of likely seabird communities in these
areas until regional surveys are undertaken. Predictive
models could also be used to explore the implications
of climate change, such as the reduction in sea ice
extent documented for the Antarctic Peninsula region
(Smith et al. 1999).

This study develops models for the prediction of
at-sea distributions of 6 species of Southern Ocean sea-
birds in the Vincennes Bay region of East Antarctica,
based on observations of these species within the
Prydz Bay region, approximately 1000 km to the west,
for the period 1980/81 to 2001/02. 

MATERIALS AND METHODS

Seabird and environmental observations. Details of
the observation methodologies have been described
previously (Woehler 1995, 1997). In these previous
studies, the Prydz Bay region was defined as that area
of the Southern Ocean between 60 and 90°E and south
of 60°S to the Antarctic continent. For this study, the
Prydz Bay region (hereafter ‘Prydz Bay’) has been
extended 10° farther north to include Heard Island

(53°05’S, 73°30’E), a breeding site for several seabird
species investigated here. The Vincennes Bay region
(hereafter ‘Vincennes Bay’) is defined for this study as
being between 100 and 120°E, and south of 50°S to the
Antarctic continent. Seabird-at-sea data from 1980/81
to 2001/02 were used in this study, except for observa-
tions from 1982/83, when a different observational
methodology was used (Woehler 1997). Data for prions
Pachyptila spp. have been pooled in analyses, as these
are difficult to separate at sea (Woehler 1997).

Physical environmental data collected contempora-
neously with seabird observations included sea surface
temperature (°C), sea state (Beaufort), cloud cover
(oktas), precipitation, wind force (knots), and air pres-
sure (hPa). Sea ice concentrations (% ice cover) were
estimated from passive microwave satellite images
(Cavalieri et al. 1999, 2002). The edge of the ice pack
(defined as the northernmost latitude at which the sea
ice cover dropped below 15%) was computed. The
standard deviation of sea surface temperature within a
spatial bin was calculated to detect frontal regions.
Digital coastline data (Soluri & Woodson 1990), bathy-
metric data (National Geophysical Data Center 1988),
the continental shelf break, and the southern bound-
ary of the Antarctic Circumpolar Current (ACC; Orsi et
al. 1995) were included in analyses. The shelf break is
usually considered to be ca. 600 m depth. However, we
did not have the complete 600 m isobath across the
study area and so the 1000 m isobath (GEBCO Digital
Atlas, British Oceanographic Data Centre 1994) was
used. The average distance between these 2 isobaths
was 4.3 km in the longitude interval 60 to 90°E: a small
difference when compared to the spatial bin sizes used
(see below). The pack-ice edge, coastline, shelf, and
ACC data were included in binary form, where a ‘1’
indicated that the feature intersected the spatial bin in
question.

The 2 most commonly observed species in both Prydz
Bay and Vincennes Bay in each of the 3 breeding cate-
gories outlined below were chosen for analyses. The
selected species were snow petrels Pagodroma nivea
and Antarctic petrels Thalassoica antarctica, which are
Antarctic endemic breeding species with breeding pop-
ulations in Prydz Bay and Vincennes Bay; Cape petrels
Daption capense and Wilson’s storm petrels Oceanites
oceanicus, which breed along the Antarctic coast and at
subantarctic localities; and white-chinned petrels Pro-
cellaria aequinoctialis and prions Pachyptila spp., which
breed on islands in temperate latitudes and forage in
Antarctic waters during the austral summer. 

Statistical analyses. A discrete-space approach was
used, in which the geographical sample space was
divided into a grid of rectangular spatial bins. We used
a bin size of 2° longitude by 2° latitude (approximately
95 × 220 km or 21 000 km2 per bin at latitude 65° S).
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An assessment of the sensitivity of the results to the
choice of spatial bin size was undertaken.

The at-sea observation data were transformed to
presence/absence format. The encounter rate for a
particular species in a particular bin was calculated as
the fraction of surveys of that bin in which the species
was observed. The species’ encounter rate was aver-
aged across all bins with a non-zero encounter rate.
The species was then marked as present in any bin for
which the encounter rate was greater than 10% of this
average. This procedure was used in order to avoid
including bins with only infrequent observations of a
particular species in that species’ range. The presence
or absence of observations of each species as a func-
tion of physical environment was modelled using
logistic regression (McCullagh & Nelder 1989).

At-sea observations of seabirds display spatial corre-
lation: observations taken at locations that are spatially
proximate will be more closely related than observa-
tions taken from widely separated locations (Schneider
1990). The standard logistic model ignores this spatial
correlation and assumes that the probabilities of ob-
serving a species in neighbouring spatial bins are
independent. The predictive accuracy of a model can
be improved in some applications if a mechanism for
spatial dependence is included in the model (Cressie
1993, Augustin et al. 1996, Carroll & Pearson 2000).
Accordingly, we also investigated the spatial logistic
model (also referred to as the autologistic model;
Besag 1974). This extends the logistic model by model-
ling presence as a function of environment and of
presence in surrounding spatial bins. The estimation of
the spatial logistic model parameters is problematic
because the exact maximum likelihood solution is
computationally intractable except where the number
of bins is small. Approximate methods, such as maxi-
mum pseudo-likelihood (Besag 1975, Augustin et al.
1998), are commonly used. We used the Markov Chain
Monte Carlo approximation to the maximum likeli-
hood solution (Geyer & Thompson 1992, Huffer & Wu
1998) as implemented by LeSage (2000). For further
details of the spatial logistic model, see Augustin et
al. (1996, 1998) for an example.

The seabird observations were collected across more
than 2 decades, and at different times during each
year; hence, there is temporal and spatial variation
within the data. Our interest was in the long-term rela-
tionships between observations and environment and
so data from all years were pooled. The time of year
was measured on a seasonal basis (beginning on July 1
and ending on June 30 the following year). We
assumed that the relationships between seabird obser-
vation and environment might not be constant within
this seasonal time frame, as the birds’ behaviours will
be driven by differing processes throughout the sea-

son. For each species we therefore fitted a sequence of
models, each spanning a 30 d time period, and with
consecutive models overlapping by 15 d. Thus, the first
model in the sequence covered the date range July 1 to
July 30 (data from all years combined), the second
covered July 15 to August 14, and so on. The 30 d time
period represents a compromise between the need for
sufficient data for parameter estimation and sufficient
temporal resolution to allow the within-season varia-
tion in bird observations to be captured. All environ-
mental observations associated with seabird observa-
tions within the bin were averaged. Bins which were
surveyed on less than 5 separate occasions were not
included in the analyses.

Preliminary analyses (not detailed here) using for-
ward selection of environmental variables by cross-
validation prediction error revealed that wind force,
cloud cover, precipitation, air pressure, the standard
deviation of sea surface temperature, the edge of the
ice pack, and the southern boundary of the ACC were
weak predictors of observations. Thus, the final envi-
ronmental variables used for analyses in this study
were sea surface temperature, sea ice concentration,
sea state, coastline, water depth, and shelf break.
Covariance amongst predictor variables can make
model interpretation difficult, and so the following
variable selection procedure was used to reduce the
number of predictor variables in each model. For each
time period, the observation data from Prydz Bay were
divided into 3 subsets of approximately equal size. This
division was done by voyage; that is, the available
voyages were randomly divided into 3 subsets. Vari-
ables were added to the model, using data from the
first subset of voyages to estimate the parameters. The
variable that gave the best improvement in predictive
accuracy (calculated on data from the second voyage
subset) was retained in the model. The improvement in
predictive accuracy was noted and used to assess the
importance of the variable as a predictor. Variables
were added until no improvement in predictive accu-
racy was obtained (or all variables had been added).
The predictive accuracy of the final model was esti-
mated using data from the third subset of voyages.
This procedure is known as cross-validation, and is a
widely used method of assessing prediction error with
limited data (Stone 1974, Hastie et al. 2001). Each
model was also applied to data from Vincennes Bay to
test the generality of the model when applied to data
from a different geographic region. The model build-
ing, cross-validation, and testing procedures were
repeated 10 times, using different randomly selected
voyage subsets each time.

Predictive errors are presented as mean squared
prediction error (MSE). The null MSE is given for com-
parison in each case. This is the error under a ‘null’
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model, which assumes a constant probability of obser-
vation across all spatial bins. The null model MSE
reflects the baseline probability of observation of a
given species. A model which is no more accurate than
the null MSE is therefore of little value for providing
predictive estimates. However, as discussed below, the
internal representations formed by such models can
still be of interest. The model MSE for each species
was compared to the null MSE using a Wilcoxon
paired-sample test at a significance level of p = 0.05.

RESULTS

The density of surveys between 1980/81 and 2001/02
is shown in Fig. 1. We have provided maps of obser-
vations of the 6 species included in these analyses
online (available at http://purl.oclc.org/net/wov/).
Fig. 2 shows the prediction error of the logistic models
for each of the 6 species listed in Table 1; errors are
given for both Prydz Bay and Vincennes Bay. Fig. 3
shows the relative importance of each environmental
variable as a predictor of each of these 6 species. The
correlations between environmental variables are
given in Table 2. We present the results of the spatial
logistic model for each species in turn.

Snow petrel

The distributions of at-sea sightings of snow petrels
in Prydz Bay indicate that snow petrels occupy the
southern areas of Prydz Bay, extending as far north as
56°S during October and November, and contracting
southward to the coastal regions of Prydz Bay (south of
64°S) for the period from January to March. There
were insufficient data after March, and so the north-
ward dispersion of snow petrels from their breeding
colonies around Prydz Bay after this time was not
recorded. The distribution of snow petrel sightings in
Vincennes Bay was similar to that in Prydz Bay, with a
southward contraction to the coastal areas throughout
the season. The spatial logistic models of snow petrel
sightings in Prydz Bay were significantly better than
the null model in each time period except late October
(Fig. 2). The same models applied to the Vincennes
Bay data also produced better performance than the
null in each time period except late October, indicating
good generalisation. Sea ice concentration (positive
model coefficient, indicating that snow petrels were
associated with sea ice) and sea state (negative coeffi-
cient; indicating an association with small values of
sea state) were the most important predictors from
November until early January (Fig. 3). The shelf break

was an important feature around Janu-
ary (positive coefficient, indicating an
association with the shelf break). Sea
surface temperature (negative coeffi-
cient) was the most important predictor
during February and March. 

Antarctic petrel

The distributions of sightings of Ant-
arctic petrels in Prydz Bay and Vin-
cennes Bay were similar to those of
snow petrels. The sightings of Antarctic
petrels during January and February
extended slightly farther from the
Prydz Bay coast than did those of snow
petrels; additionally, Antarctic petrels
were not seen in southern most Prydz
Bay (approximately 70°S, 75°E) from
January to March. The spatial logistic
models of Antarctic petrel sightings in
Prydz Bay were more accurate than the
null, except during the early (Novem-
ber) and late (March) parts of the season
(Fig. 2). When applied to the Vincennes
Bay data, the model errors were also
significantly lower than the null, except
during the early and later parts of the
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Fig. 1. Density of at-sea surveys of seabirds in the Prydz Bay and Vincennes Bay 
regions, East Antarctica, between 1980/81 and 2001/02
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season. The pattern of variable importance was similar
to that of snow petrels: sea ice concentration (positive
coefficient) was the dominant influence during Novem-
ber and December; thereafter the shelf break (positive
coefficient) was the dominant influence (Fig. 3). Sea

surface temperature (negative coefficient) also con-
tributed throughout the season. These results are con-
sistent with previous observations that Antarctic petrels
are observed near the shelf early in the summer and
farther offshore later (Ainley et al. 1984, 1993).

Cape petrel

Cape petrel sightings in Prydz Bay
were concentrated in the northern
part of Prydz Bay (N of 60°S) dur-
ing October, extending southwards
throughout the entire Prydz Bay
region during November and Decem-
ber, and then contracting to the
coastal regions adjacent to breeding
sites around Prydz Bay and Heard
Island during January and February.
Observations in March indicate that
Cape petrels were beginning to leave
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Fig. 2. Mean square prediction errors (MSE) of the logistic (solid line) and null (dotted line) models applied to at-sea observations
of 6 species of seabirds. A filled circle indicates that the logistic MSE is significantly less than the corresponding null MSE (p <
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Table 1. Number of surveys during which sightings of 6 species of seabird were
made in the Prydz Bay and Vincennes Bay regions of East Antarctica, from 

1980/81 to 2001/02

Species/taxa No. of No. of Total
sightings in sightings in no. of 
Prydz Bay Vincennes Bay sightings

(no. of (no. of (total surveys: 
surveys: 12 049) surveys: 5051) 17100)

Snow petrel 5344 1513 6857
Antarctic petrel 5021 1100 6121
Cape petrel 3816 1203 5019
Wilson’s storm petrel 3200 1099 4299
Prion spp. 7291 1863 9154
White-chinned petrel 4032 1054 5086
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the Prydz Bay coastal regions. The distribution of
Cape petrel sightings in Vincennes Bay was similar,
with the exception that all sightings from January to
March were restricted to the region of the Vincennes
Bay coast (S of approx 60°S), as there is no northerly
breeding-locality equivalent to Heard Island in Vin-
cennes Bay. The errors of the spatial logistic models
of Cape petrel observations in Prydz Bay were lower
than those of the null only during February and early
March (Fig. 2). This finding reflects the distribution of
breeding populations of this species in the Antarctic
and subantarctic. For the majority of the season, indi-

viduals from colonies will forage widely within Prydz
Bay, resulting in a broad at-sea distribution of obser-
vations. Around February, adults are feeding chicks
and do not forage far from the colonies, leading to
more predictable distributions of observations. When
applied to the Vincennes Bay data, the model errors
were significantly lower than the null error from late
December until March (Fig. 2). Sea surface tempera-
ture was the dominant environmental predictor, with
a negative coefficient (indicating an association with
colder waters, Fig. 3).

Wilson’s storm petrel

The distributions of observations of
Wilson’s storm petrels in Prydz Bay and
Vincennes Bay were superficially similar
to those of Cape petrels, but with a later
initial influx (late November to early
December, compared with October for
Cape petrels), and with a less pro-
nounced restriction to coastal areas
during January and February. The
spatial logistic models of observations
of Wilson’s storm petrels in Prydz Bay
were no more accurate than the null
(Fig. 2). Although the breeding distribu-
tions of Wilson’s storm petrels are similar
to those of Cape petrels, Wilson’s storm
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creasing values of the variable). A
sign is shown only where the sign
of the association was consistent
across all cross-validation itera-
tions. SNPE = snow petrels, ANPE
= Antarctic petrels, CAPE = Cape
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Table 2. Spearman correlations between environmental variables. For the pur-
poses of this table, binary variables coast and shelf (see ‘Materials and methods’)
have been replaced with distance to nearest coast and distance to shelf break.
Asterisks denote significant correlations (p < 0.01, assessed using the method 

of Dutilleul 1993)

Sea ice Sea state Water Distance Distance
concentration depth to nearest to shelf 

coast break

Sea surface –0.69* 0.52* 0.34 0.42* 0.62*
temperature

Sea ice –0.64* –0.37* –0.50* –0.64*
concentration

Sea state 0.31 0.44* 0.49*
Water depth 0.76* –0.54*
Distance to 0.77*

nearest coast



Raymond & Woehler: Predicting seabirds in the Southern Indian Ocean

petrels tended to be observed further from the coast
than Cape petrels during the later part of the season.
This less pronounced restriction to coastal areas led to
less accurate models in Prydz Bay. However, when
applied to the Vincennes Bay data, the model errors
were lower than the null from late January through to
March. No clear pattern was evident in the predictor
importances (Fig. 3).

Prion spp.

Sightings of prions in Prydz Bay and Vincennes Bay
showed a southward advance throughout the season.
Restricted to N of 60°S during October and November,
prions were observed almost to the Prydz Bay and Vin-
cennes Bay coasts by January. The Prydz Bay spatial lo-
gistic model errors were generally lower than the null
model errors, but not so during late October or late De-
cember (Fig. 2). For Vincennes Bay, the model errors
were lower than the null, except in late October and
January. Sea ice concentration (negative coefficient)
and sea state (positive coefficient) were important dur-
ing November and December (Fig. 3), indicating an as-
sociation with ice-free waters during this time. For the
remainder of the season, depth, sea surface tempera-
ture, and sea state were important (each with a positive
coefficient, indicating an association with the deeper,
warmer waters of northern Prydz Bay).

White-chinned petrel

White-chinned petrel sightings in Prydz Bay were
distributed in a similar manner to those of prions,
showing a southward trend throughout the season.
The distribution of white-chinned petrel sightings in
Vincennes Bay also showed a southward advance, but
with a bias to the western half of the region (W of
110°E) from January to March. Strikingly, there
were few sightings of white-chinned petrels in Vin-
cennes Bay during March, when
sightings were common in Prydz Bay.
The spatial logistic model errors for
white-chinned petrels in Prydz Bay
were less than the null, except during
late October (Fig. 2). With the Vin-
cennes Bay data, the model errors
were lower than the null model from
November to early January, but gen-
erally not so during the remainder of
the season. The importances of the
predictors were similar to those of
prions, showing an association with
ice-free waters during November and

December, and with the deeper, warmer waters in
northern Prydz Bay from January to March (Fig. 3).

General results

The standard logistic model (results not shown) was
in general only marginally less accurate than the spa-
tial logistic model. The differences reached statistical
significance (Wilcoxon paired- sample test at p < 0.05)
on 5 data sets: snow petrel observations in Vincennes
Bay, Antarctic petrels (both in Prydz Bay and Vin-
cennes Bay), prions (Prydz Bay), and white-chinned
petrels (Vincennes Bay). However, these differences
were negligible: the largest median difference in pre-
dictive accuracy occurred for the models for white-
chinned petrels in Vincennes Bay (0.9%). In one case
(Cape petrels in Prydz Bay), the logistic model error
was lower than that of the spatial logistic model, but
the median difference was small (0.4%).

The size of the spatial bins used here (2° longitude
by 2° latitude) was largely an arbitrary choice. To
ensure that the results of these analyses were not an
artefact of the selected spatial scale, we repeated the
analyses at differing bin sizes. Fig. 4 shows the predic-
tion error of the logistic model of sightings of prions in
Prydz Bay (averaged over all time bins) for varying
choices of spatial bin size. The model error was
unchanged across bin sizes ranging between 0.5° lon-
gitude by 0.5° latitude and 3° longitude by 2° latitude.
Results for other species were similarly unaffected by
choice of spatial bin size.

DISCUSSION

Predictive ability of the models

Comparable model performance on the Prydz Bay
and Vincennes Bay data sets indicates that the internal
species-environment relationships developed by the
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model for Prydz Bay were also relevant for Vincennes
Bay. This was found to be the case for snow and
Antarctic petrels. For these 2 species it can be seen that
the model error on the Prydz Bay data was approxi-
mately constant throughout the season, and similarly
so with the Vincennes Bay data (Fig. 2). These results
suggest a broader applicability of the models for these
2 species to other areas of the Southern Ocean adja-
cent to East Antarctica, and perhaps farther afield.

The remaining 4 species showed discrepancies be-
tween the Prydz Bay and Vincennes Bay model errors.
For white-chinned petrels, the model errors on the
Prydz Bay and Vincennes Bay data were similar from
November until late December. From January through
to March, however, the average Vincennes Bay model
error (0.37 ± 0.09) was more than 4 times that in Prydz
Bay (0.08 ± 0.02). Clearly, the processes governing the
distribution of white-chinned petrels in Prydz Bay dif-
fer from those in Vincennes Bay during the latter half
of the summer. Fig. 5b shows that observations of
white-chinned petrels during March are widespread in
Prydz Bay, but uncommon in Vincennes Bay. Earlier in
the season, there are no obvious differences in the dis-
tributions of white-chinned petrel sightings in the 2
bays (Fig. 5a). Fig. 5c,d shows the associated model

predictions. White-chinned petrels over-
winter in the subantarctic, and these
data suggest an earlier departure from
Vincennes Bay than from Prydz Bay.
A similar but less pronounced pattern
was seen in the observations of prions.
The average model error in Prydz Bay
from late January to March was 0.10 ±
0.03; in Vincennes Bay it was 0.19 ±
0.02 during the same period. As with
white-chinned petrels, prions overwin-
ter in the subantarctic and temperate
regions of the Southern Hemisphere
and these results suggest differences in
departures from summer foraging areas
around the Antarctic.

For Cape petrels and Wilson’s storm
petrels, the model performed better in
Vincennes Bay than Prydz Bay during
the latter part of the season (approxi-
mately January to March, Fig. 2). This is
an unusual result. It is more common to
find the performance on an indepen-
dent test set (i.e. Vincennes Bay) to be
worse than that obtained with the data
used to build the model (Prydz Bay).
Usually, this is a result of overfitting the
model to the training data (Hastie et al.
2001). However, the situation has been
reversed in this instance. This is a result

of topological differences between Prydz Bay and Vin-
cennes Bay: specifically, the presence of Heard Island
in the north of Prydz Bay, for which there is no equiva-
lent in Vincennes Bay. We have already noted that
Cape petrels and Wilson’s storm petrels breed both on
the Antarctic continent and at subantarctic locations,
such as Heard Island. Observations of these birds sug-
gest that from January to March, they forage in waters
that are relatively proximate to their colonies (Woehler
et al. 1991), and the models have captured this relation-
ship (see Fig. 3). In Prydz Bay, they have widespread
distributions, and the model accuracies are conse-
quently little or no better than the null. In Vincennes
Bay, where the colonies are only on the Antarctic coast,
the models are more accurate. This finding illustrates
that even though a model may not be sufficiently accu-
rate for practical predictive use, the internal species-
environment relationships formed by the model can
still be instructive.

Spatial logistic model

The differences in predictive accuracies between the
standard and spatial logistic models were small. In
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Fig. 5. Actual observations and predicted probability of observations of white-
chinned petrels in the Prydz Bay and Vincennes Bay regions, from 1980 to 2002.
Data in (a) and (c) are for mid-November to mid-December, and (b) and (d) are
for March. The empty arc of bins shows the separation between the area used to
develop the models (Prydz Bay) and that used for testing (Vincennes Bay). No
predictions were made for the sector between 90 and 100° E. For actual obser-
vations, dark grey = observed, light grey = not observed, white = no data. Pre-
dicted probabilities range from 0 (light grey) to 1 (black). Data from all years 
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order to obtain good performance with the standard
logistic model, binary predictor variables relating to
physical features (namely the coast and shelf break)
were replaced by the distances to those features.
Although this yielded good predictive accuracies, the
species-environment relationships (predictor variable
importances) were often less intuitive and ecologically
plausible than those obtained from the spatial logistic
model. For example, the standard logistic model indi-
cated that the distance to the coast was the most impor-
tant predictor of Antarctic petrel observations during
November. Using the same data, the spatial logistic
model indicated that the most important predictor was
sea ice concentration. Examination of the data re-
vealed that the sea ice during November extended to
approximately 900 km from the coast, and it was this
distance that the standard logistic model had identified
as important. Clearly, it is sea ice rather than relative
proximity to the coast that is the more likely driver
of Antarctic petrel observations in this scenario. This
finding is in agreement with other applications of spa-
tial models in ecology (e.g. Leathwick 1998, Keitt et
al. 2002), which indicate that the inclusion of a term
that explicitly models spatial correlation can markedly
change the conclusions drawn from species-environ-
ment models. 

Importance of variables

For the first part of the season (approximately No-
vember to early January) the sea ice concentration and
its covariate sea state were the most important predic-
tors of seabird observations (Fig. 3). Snow and Ant-
arctic petrels were ice-associated (observed near to or
within the pack ice), whereas the reverse was true for
prions and white-chinned petrels. This finding is in
agreement with earlier work (Fraser & Ainley 1986,
Ainley et al. 1993). From late December to February,
low sea surface temperatures and the shelf break were
important variables for snow, Antarctic, and Cape
petrels. This is probably indicative of inshore foraging
relatively proximate to nesting sites, rather than a strict
association with the shelf break. The observational
data suggest that snow petrels in particular were asso-
ciated with areas near to remnant sea ice, although this
association was not identified by the models. The other
physical environmental parameters that were collected
with the at-sea observations (sea level air pressure,
precipitation, wind force, sea state, and cloud cover)
were found to have poor predictive power and were
not used in the models. This finding does not necessar-
ily imply a lack of interaction between these elements
of the physical environment and seabird observations.
Rather, it might indicate that there is a mismatch

between the scales (both temporal and spatial) of the
analyses presented here, and the scales of these envi-
ronmental processes. For example, a temporal scale
of hours or days would probably be appropriate for
assessing variations in precipitation. This is a much
finer temporal scale than the 30 d time windows used
in this study.

Limitations of the study

One limitation of this study was the opportunistic
nature of data collection. Voyages were undertaken
primarily for logistic purposes (station resupply and
personnel movement) rather than dedicated surveys.
Seabird observers thus had little control over ship
tracks, and a designed sampling strategy was not pos-
sible. The most obvious consequence of this is the lack
of data before October and after March; sea ice during
the winter months makes ship travel to the Antarctic
continent difficult. Other more subtle variations in
survey density exist, such as the relative paucity of
observations north of 56°S during most months and the
frequent surveying of areas near to Australia’s Antarc-
tic stations (see Fig. 1). Our analysis methods were
chosen to minimise the effects of these imbalances.
Presence/absence data are likely to be more robust
than abundance data where survey effort is variable.
The use of presence/absence data also avoids possible
inter-observer bias in abundance estimates. However,
presence/absence data are susceptible to underesti-
mation of ranges of species (failing to detect presence),
particularly in bins with few surveys. Bins with a low
number of surveys were therefore discarded during
analyses (see ‘Materials and methods’). More formal
methods of incorporating survey effort into the analy-
ses exist, for example, by estimating the probability of
detecting species which are actually present in the
survey area (e.g. Stauffer et al. 2001).

The model selection and validation procedures were
carried out using voyage as a sampling unit. This
avoided over-fitting models to unusual characteristics
of individual voyages, and ensured that the cross-
validation estimates of prediction error were not arte-
factually optimistic. The similarity of prediction errors
on the Prydz Bay and Vincennes Bay data in most
cases indicates that this strategy was successful. Voy-
ages also tended to be aligned along the dominant
environmental gradient (north to south), leading to
a natural approximation of the gradsect sampling
method (Gillison 1984).

Some of the predictor variables used in this study are
surrogates for the relevant physical processes. Breed-
ing birds (snow, Antarctic, Cape petrels and Wilson’s
storm petrels) appear to remain in relative proximity to
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their nesting sites during the later part of the season
(approximately late December through to February).
Nesting site data might therefore be a useful addition
to the models. However, any model using this informa-
tion could not be applied to areas adjacent to unsur-
veyed nesting areas. Further, there are no indepen-
dent data on prey distribution and abundance. Clearly,
such data might be expected to contribute to an
increased predictability in the distribution of foraging
seabirds.

The models presented here are linear with respect to
the predictor variables. Non-linear terms or interac-
tions between variables might yield models which are
ecologically more plausible (Austin 2002). Generalised
additive models (Hastie & Tibshirani 1990) are com-
monly used for species-environment analyses for this
reason. The aim of this study was to demonstrate the
applicability of predictive models, and to compare
spatial and non-spatial versions of a relatively simple
model.
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