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INTRODUCTION

Understanding geographic ranges of species is cru-
cial in studying biogeographic as well as large-scale
ecological questions in the marine realm. A particular
problem in studying marine species’ distributions
arises from the paucity of reliable occurrence records
that frequently represent only a fraction of the species’
actual ranges (Guinotte et al. 2006), providing an
incomplete picture of distributions and factors affect-
ing them. Ecological niche modeling (ENM) offers a
means of addressing the problem of limited occurrence
data on species’ distributions by providing predictions

about species potential ranges based on environmental
parameters (Soberón & Peterson 2004).

In ENM, known occurrences of species are related to
raster environmental data layers in an evolutionary-
computing environment to reconstruct species’ distrib-
utions in environmental dimensions. ENMs can be pro-
jected across broader landscapes than the original
sampling area to identify a potential geographic distri-
bution for the species. ENMs can then be used for a
variety of applications, including design of sampling
strategies (e.g. Guisan et al. 2006, Pearson et al. 2007)
and identification of areas vulnerable to species inva-
sions (Peterson 2003). ENM is also being employed as
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a forecasting tool for biotic responses to changing cli-
mates (e.g. Martínez-Meyer & Peterson 2006) and can
be incorporated into analyses of evolution of species’
autecology (e.g. Martínez-Meyer et al. 2003).

In particular, theoretical studies predict a high de-
gree of conservation of ecological niches among closely
related species over evolutionary timescales (Holt &
Gaines 1992), which has subsequently been demon-
strated empirically (e.g. Peterson et al. 1999, Martínez-
Meyer & Peterson 2006, Kambhampati & Peterson
2007, Peterson & Nyári 2008, but see Rice et al. 2003
and Graham et al. 2004 for counterexamples). In
essence, conservatism is expected since mortality rates
are higher under conditions outside the niche (Holt &
Gaines 1992). This property of ecological niches may
allow prediction of species’ distributions and ecology
from information regarding their relatives. Specifically,
in a phylogenetic context, ENMs can be used to test hy-
potheses about evolution of species’ ecology. For exam-
ple, investigating patterns of overlap of niche require-
ments of closely related species may allow untangling
the roles of ecology and historical contingencies in
shaping of species’ distributions and the process of spe-
ciation (see Swenson 2008 for a review).

ENM studies to date have focused almost exclusively
on terrestrial fauna and flora and, although ENM has
been demonstrated to produce robust predictions of
geographic distributions of marine species (Wiley et al.
2003, Kluza & McNyset 2005, Guinotte et al. 2006,
Bryan & Metaxas 2007, Therriault & Herborg 2008), it
has seen only limited application by marine biologists
thus far. Our aim was to expand ENM applications to
evaluate the utility of these methods for understanding
potential distributions and large-scale ecological prop-
erties of 3 species of chirodropid cubozoans.

Cubozoa encompasses approximately 40 described
species in 2 orders, Carybdeida and Chirodropida (see
Daly et al. 2007). Like many other medusozoan cnidar-
ians, cubozoans are characterized by alternation of
benthic polyp and free-swimming medusa genera-
tions. Here, we focus on potential distributions of the
medusa generation in chirodropid box-jellyfishes;
polyps have been observed in the wild only once
(Hartwick 1991), so knowledge of this life stage is lim-
ited. Chirodropid medusae can frequently be encoun-
tered in coastal waters in the tropics and subtropics
and may display species-specific patterns of seasonal
occurrence and abundance.

Many cubozoan species contain potent toxins in their
stinging capsules (called nematocysts), and their high
toxicity regularly leads to severe stings that can cause
cardiac dysfunction or cardiac arrest in humans
(reviewed by Winkel et al. 2003). For this reason, cubo-
zoans have received considerable attention from scien-
tists and authorities in Australia, where they represent

a public health threat and cause financial losses in the
tourism industry (Bailey et al. 2003). In particular, the
Australian chirodropid Chironex fleckeri is considered
the world’s most lethal jellyfish (Fenner & Williamson
1996). Given its practical importance, its distribution in
Australian waters is better documented than those of
other cubozoan species. Using data from museum
records, we investigated the degree to which ENM
approaches are able to predict the species’ native geo-
graphic range.

Outside of Australia, knowledge of chirodropid dis-
tributions is mainly anecdotal, but assuming that niche
conservatism holds for chirodropids, it should be possi-
ble to extrapolate niche predictions based on Aus-
tralian Chironex fleckeri to predict the potential distri-
bution of related species. We also modeled niche
distributions of 2 Asian chirodropids (Chiropsoides
buitendijki sensu lato and Chironex yamaguchii),
using what limited occurrence information was avail-
able. By doing so, we modeled possible geographic
ranges of chirodropids throughout Oceania and Asia.
We used these models to investigate niche overlap in
geographic and ecological space among the 3 chiro-
dropid species. This study demonstrates that ENM can
improve understanding of distributions and ecological
properties of marine organisms, even when very few
distributional data are available.

MATERIALS AND METHODS

Study species: taxonomy and nomenclature. Of the
3 species studied, Chironex fleckeri Southcott, 1956 is
the only one with a stable taxonomic history. Chirop-
soides buitendijki (van der Horst, 1907) and Chirop-
soides quadrigatus (Haeckel, 1880) have seen histori-
cal and current taxonomic debate (Mayer 1917, Thiel
1928, Stiasny 1937, Gershwin 2006, Lewis & Bentlage
2009). C. quadrigatus was originally described from
Burmese waters (Haeckel 1880) and later redescribed
based on material from the Philippines (Mayer 1910).
The original description, however, was based on a sin-
gle damaged, juvenile specimen that differs strikingly
from Philippine and Japanese chirodropids (Thiel
1928, Stiasny 1937, Gershwin 2006, Lewis & Bentlage
2009). In particular, the few interpretable characters of
Haeckel’s C. quadrigatus closely resemble C. bui-
tendijki, which was originally described from Java
(van der Horst 1907), suggesting that they may be syn-
onymous (Gershwin 2006). Hence, we included
Haeckel’s C. quadrigatus specimen from Burma in our
C. buitendijki modeling experiments. The taxonomic
confusion surrounding C. quadrigatus misled others to
identify the chirodropid species that can be found in
the Philippines and Japan as C. quadrigatus. A recent
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study (Lewis & Bentlage 2009) demonstrated this case
of mistaken identity, and described the Philippine/
Japanese chirodropid as Chironex yamaguchii Lewis
& Bentlage, 2009.

Input data. Occurrence data were accumulated from
catalogued museum specimens and the scientific liter-
ature (Fig. 1, Table 1). Spatial accuracy of data points
varied from source to source; some specimens were
georeferenced with reasonably precise latitude and
longitude, whereas other locality information consisted
of textual descriptions of collection sites only. The lat-
ter were georeferenced for the present study, and
hence may be subject to greater uncertainty (Table 1).

Environmental data included raster geographic
information system grid layers summarizing yearly
averages of remotely sensed environmental parame-
ters and ocean colors from the Aqua-MODIS satellite
(Table 2; Savtchenko et al. 2004). Aqua-MODIS ocean

color satellite imagery for 2003 to 2006 was averaged
across the binned yearly composite images. We also
included seafloor topographic grids derived from a
combination of satellite measurements of marine grav-
ity field anomalies and ship depth soundings (Smith &
Sandwell 1997). All environmental grids were resam-
pled to a resolution of 2.52’ for analysis using nearest-
neighbor sampling because ENM algorithms require
all grids to be at the same resolution and extent. All
grids except bathymetry were already on the same res-
olution and scale, but the native resolution of the
bathymetry grid was 2’.

Ecological niche modeling. Several approaches
have been used and explored for ENM (reviewed by
Elith et al. 2006). From these algorithms, we employed
2 commonly used evolutionary-computing algorithms,
the Genetic Algorithm for Rule-Set Prediction (GARP;
Stockwell & Peters 1999) and a maximum entropy

123

Fig. 1. Occurrence points used in ecological niche modeling, as well as locations from which undetermined chirodropid box-jelly-
fishes have been reported (the latter were not used in model-building). Reports from (a) the Maldives in Stiasny (1937), (b) India
in Nair (1951), (c–g) Thailand (Andaman Sea), Malaysia, Brunei, Sulawesi, Irian Jaya, and Papua New Guinea, respectively, in
Fenner & Williamson (1996), (h) Thailand (Gulf of Siam) in Suntrarachun et al. (2001), (i) Vietnam in Dawydoff (1936) and Ranson
(1945). m: Chironex fleckeri; d: Chiropsoides buitendijki; j: Chironex yamaguchii; Q: approximate locations from which indeter-
minate chirodropids have been reported. ACT: Australian Capital Territory, NSW: New South Wales, NT: Northern Territory, 

QLD: Queensland, TAS: Tasmania, VIC: Victoria, WA: Western Australia
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approach (Maxent; Phillips et al. 2004,
2006). Both GARP and Maxent are
designed specifically to manage pres-
ence-only data, which offers advan-
tages over other algorithms that
require both presence and absence
data for model development. Absence
information could be used to allow the
modeling algorithm to evaluate com-
mission error (i.e. the area predicted
present but not actually inhabited by
the species). However, absence data
are particularly problematic because
non-observation of a species at a local-
ity may result from lack of sampling,
lack of opportunity for dispersal to sites
with suitable habitat, vicariant specia-
tion, or real absence of suitable condi-
tions (Anderson et al. 2003), particu-
larly in poorly-known organisms like
chirodropids. Below, we outline the
implementation of each algorithm, but
Stockwell & Peters (1999) and Phillips
et al. (2004, 2006) provide more in-
depth explanations of the respective
software packages.

GARP is a heuristic algorithm that
iteratively ‘evolves’ rule-sets (if-then
statements regarding environmental
conditions) that are combined into final
predictions. First, input occurrence
data are divided into training data for
model development and extrinsic test-
ing data for model selection. GARP
then works in an iterative process, in
which it first selects a method from a
set of possibilities (logistic regression,
bioclimatic rules, range rules, negated
range rules), and applies this method to
the training data. The resulting rule is
evaluated for its significance, based on
a set of 1250 presence points generated
by resampling from a subset of the
input training points with replacement
and an equal number of pseudoab-
sence points (i.e. points generated at
random from grid pixels at which the
species has not been recorded). In sub-
sequent iterations, rules are changed
(evolved) randomly, based on a set of
change operators designed to mimic
chromosomal evolution (e.g. crossing-
over, deletion), thus introducing ele-
ments of stochasticity in the rule-
changing process. Significance of
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Species Lat Long Source
Place of origin

Chironex fleckeri
Moreton Bay, QLD, AUS –27.29 153.26 SAM
Yeppoon, QLD, AUS –23.14 150.82 SAM
Mackay, QLD, AUS –21.20 149.27 QM G317061

–21.12 149.26 SAM
–20.90 149.05 QM G317015

Repulse Bay, QLD, AUS –20.58 148.75 QM G3569
Prosperpine, QLD, AUS –20.50 148.81 SAM
Bowen, QLD, AUS –20.07 148.35 SAM
Townsville, QLD, AUS –19.14 146.78 SAM

–19.02 146.46 SAM
Ross River, QLD, AUS –18.73 146.84 SAM
Cardwell, QLD, AUS –18.23 146.09 SAM
Tully Head, QLD, AUS –18.07 146.09 SAM
Broome, WA, AUS –17.95 122.21 SAM
Thompson’s Creek, WA, AUS –17.48 146.15 SAM
Sweers Island, QLD, AUS –17.15 139.60 QM G322298
Cairns, QLD, AUS –16.86 145.81 QM G4140

–16.83 145.77 SAM
Machan’s Beach, QLD, AUS –16.80 145.76 SAM
Gladstone, QLD, AUS –16.68 145.64 SAM
Port Douglas, QLD, AUS –16.48 145.47 QM G317043
Kurrimine Beach, QLD, AUS –16.22 145.90 NMM F81653
Townsville, QLD, AUS –15.46 145.35 SAM
McArthur River, NT, AUS –15.38 136.25 MAGNT C011739
Bathurst Head, QLD, AUS –14.22 143.97 SAM
Aurukun, QLD, AUS –13.60 141.51 SAM
Weipa, QLD, AUS –12.64 141.84 SAM
Darwin, NT, AUS –12.49 130.84 SAM

–12.48 130.84 SAM
–12.48 130.83 MAGNT C012108
–12.48 130.84 MAGNT C011617
–12.48 130.84 MAGNT C005479
–12.47 130.87 SAM
–12.47 130.85 MAGNT C014843
–12.42 130.85 MAGNT C013719
–12.42 130.83 MAGNT C011147
–12.40 130.80 MAGNT C003862
–12.40 130.81 MAGNT C004706

Berry Springs, NT, AUS –12.35 130.83 MAGNT C011641
Darwin, NT, AUS –12.35 130.88 MAGNT C011185

–12.34 130.88 MAGNT C011186
Shoal Bay, NT, AUS –12.32 130.97 MAGNT C011975
Kakadu National Park, NT, AUS –12.19 132.34 MAGNT C014953
Milingimbi, NT, AUS –12.15 135.01 MAGNT C014936
Kakadu National Park, NT, AUS –12.15 132.24 MAGNT C014934

–12.06 132.39 MAGNT C014933
Milingimbi, NT, AUS –12.03 134.93 MAGNT C014952
Maningrida, NT, AUS –11.97 134.23 MAGNT C014951

–11.85 134.08 MAGNT C014954
Bathurst Island, NT, AUS –11.60 130.17 SAM
Port Essington, NT, AUS –11.27 132.12 MAGNT C015246
Garik Gunak Baru National Park, –11.20 132.14 SAM
NT, AUS

Simpson Point, QLD, AUS –10.74 142.38 SAM

Table 1. Sources of occurrence data used to model species’ ecological niches.
Italicized latitude and longitude values indicate records that were georeferenced
by us based on a textual description of the sampling locality. Where applicable,
museum catalog numbers or references to the scientific literature are provided.
NCL: National Chemical Laboratory India; USNM: US National Museum of
Natural History; MAGNT: Museum and Art Galleries of the Northern Territory;
QM: Queensland Museum; SAM: South Australian Museum. AUS: Australia;
PH: Philippines; JP: Japan; ID: Indonesia; LK: Sri Lanka; IN: India; BUR: Burma; 

PK: Pakistan
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changes in the predictive values (pres-
ence or absence of the species) before
and after the application of the new
rule is evaluated using a significance
parameter outlined by Stockwell &
Peters (1999). As GARP is a stochastic
approach, alternate runs using the
same input data lead to different
results. Hence, following best-practices
approaches (Anderson et al. 2003), we
generated 200 models for each species
(previous tests showed that 1000 repli-
cates do not improve the final model
compared to 100 replicates). From
these 200 models we retained 20 mod-
els (in our cross-validation experi-
ments; see below) or 40 models (for our
large-scale projections) that showed
the lowest omission error, and then dis-
carded the 50% that predicted the
most extreme values of areas present
(‘commission error index’ of Anderson
et al. 2003). This ‘best subset’ of repli-
cate models was then summed, pixel
by pixel, to create a final prediction.

Maxent addresses the issue of pres-
ence-only modeling differently com-
pared to GARP, as it does not rely as ex-
plicitly on pseudoabsence data. The
basic idea behind Maxent is to model a
probability distribution for species oc-
currence that is most spread out (i.e. ex-
hibits the highest degree of entropy),
given certain constraints. In terms of
ENM, the constraints are represented by
the values of environmental parameters
observed at known occurrence points
(Phillips et al. 2004, 2006). Maximum en-
tropy is invoked in Maxent because it
gives the least biased estimate possible
on the given information when charac-
terizing unknown events with a statisti-
cal model (Jaynes 1957). In addition to
using raw environmental data values
(features) as input, Maxent also uses
transformations (i.e. feature vectors) of
the variables when the input features
are continuous variables, which may be
the variables squared, multiplications of
2 or more variables, categorizations, and
other types of transformations. Feature
vectors are included in the modeling
process to improve the model-to-data fit.
The auto feature option that we used lets
Maxent find the feature-vector combina-
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Species Lat Long Source
Place of origin

Chironex yamaguchii
Pujada Bay, Mindanao, PH 6.91 126.24 USNM 27914
Panabutan Bay, Mindanao, PH 7.70 122.00 USNM 27916
Ulugan Bay, Palawan, PH 10.14 118.78 USNM 28691
Malampaya Sound, 10.80 119.40 USNM 28699
Palawan, PH

Taytay, Palawan, PH 10.88 119.54 USNM 38016
Malcochin, Linapacan, PH 11.60 119.80 USNM 28692
Cataingan Bay, Masbate, PH 12.02 124.03 USNM 27913
Mansalay Bay, Mindoro, PH 12.30 121.50 USNM 27917
Tilik Bay, Lubang, PH 13.90 123.11 USNM 28698
San Miguel Bay, Luzon, PH 13.90 123.11 USNM 28695
Hamilo Point, Luzon, PH 14.15 120.56 USNM 28700
Subic Bay, Luzon, PH 14.74 120.22 USNM 27911
Bolinao Bay, Luzon, PH 16.60 119.90 USNM 28697
Okinawa Island, JP 26.33 127.75 USNM 1121556
Nakagusuka Bay, 26.45 127.83 QM G317050
Okinawa Island, JP

Kana Beach, 26.47 127.97 QM G317051
Okinawa Island, JP

Chatan, Okinawa Island, JP 26.30 127.73 QM G317064
Ginowan, Okinawa Island, JP 26.28 127.72 Lewis & Bentlage (2009)
Chatan Beach, 26.30 127.73 Lewis & Bentlage (2009)
Okinawa Island, JP

Motobu Port, 26.65 127.88 Lewis & Bentlage (2009)
Okinawa Island, JP

Sukuji Beach, 24.44 124.12 Lewis & Bentlage (2009)
Ishigaki Island, JP

Chiropsoides buitendijki
Jakarta, Java, ID –6.10 106.87 van der Horst (1907)
Mount Lavinia, Colombo, LK 6.82 79.87 Fernando (1992)

6.86 79.86 Fernando (1992)
Krusadai Island, 9.23 79.22 Menon (1936)
Tamil Nadu, IN

Chennai, Tamil Nadu, IN 13.09 80.33 NCL 106964
Chiropsides quadrigatus
Rangoon, BUR 16.37 96.36 Haeckel (1880)

Chiropsoides buitendijki
Sandspit, Karachi, PK 24.84 66.92 Tahera & Kazmi (2006)

Table 1 (continued)

Parameter PC 1 PC 2 PC 3 PC 4 PC 5

Seafloor topography –0.224 0.116 –0.607 0.682 0.329
Sea surface temperature 0.211 0.115 –0.744 –0.419 –0.408
Chlorophyll 0.423 –0.140
Calcite –0.365 0.278 0.193 –0.187
Diffuse attenuation –0.415 –0.193
nlw at 412 nm 0.386 0.244 0.126
nlw at 443 nm 0.365 0.322
nlw at 488 nm 0.529 0.529 0.156
nlw at 531 nm –0.243 0.485 0.114 –0.505
nlw at 551 nm –0.183 0.465 –0.491 0.637
Cumulative proportion 0.540 0.790 0.890 0.950 0.990
of variance

Table 2. Parameters used for model building, including the loadings of the first 5
principal components (PC) and their importance expressed in cumulative propor-
tions of variance; loadings < 0.1 not shown. All data were continuous. The spatial
resolution of topography data was 2’; that of all other parameters was 2.52’.
Topography data were acquired from http://topex.ucsd.edu/ (accessed August
2002); all other data were from http://oceancolor.gsfc.nasa.gov/ (accessed 

December 2007). nlw: normalized water-leaving radiance
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tion most suitable to the particular input data set based
on sample sizes available (for further information see
Phillips et al. 2006, Phillips & Dudík 2008).

Rather than assigning a probability from 0 to 1 to
each pixel, the Maxent probability distribution sums to
1 over the entire grid to produce a ‘raw’ output. Such
individual grid cells are assigned very small probabil-
ity values, making a prediction more difficult to inter-
pret on a map. This problem is addressed by offering 2
additional output formats: cumulative output in which
the value assigned to each pixel is the sum of probabil-
ities assigned to all pixels that have equal or smaller
raw probability values, and logistic output, which is a
logistic transformation of the raw values, providing a
probability of species’ presence (or habitat suitability)
for every grid cell ranging from 0 to 1 (Phillips & Dudík
2008). We use the logistic output format throughout
this contribution, but note that all 3 output formats are
monotonically related to each other. In contrast to
GARP, Maxent is deterministic, so every run with the
same dataset returns the same answer.

We performed all experiments using Desktop GARP
(ver. 1.1.6; www.nhm.ku.edu/desktopgarp) and Maxent
(ver. 3.0; www.cs.princeton.edu/~schapire/maxent). For
model building, we considered only spatially unique
occurrence points, and models were trained on the same
geographic area over which they were projected. Mod-
els were built with a random selection of 15% of occur-
rence points set aside for internal model evaluation by
the algorithms. Maxent models were imported into Ar-
cView 3.2 (ESRI) as floating-point grids and then multi-
plied by 1000 and converted into integer grids, since the
former are difficult to manipulate.

K-fold cross-validation. To investigate the ability of
our ENM techniques to predict known occurrences, we
divided the Australian study area (i.e. Chironex fleck-
eri) into 6 sectors containing roughly similar numbers
of spatially unique occurrence points. We restricted
this cross-validation approach to Australia since the
other 2 areas (= species) held only very limited occur-
rence points. Models were built (1) using occurrence
points falling in 5 of the 6 sectors to predict the distrib-
ution of points in the sixth, and (2) using points falling
in half of the sectors to predict the other half. The sig-
nificance test we employed to evaluate model perfor-
mance follows Anderson et al. (2002, 2003): given the
proportion of pixels predicted present versus absent in
each evaluation sector, we tested whether occurrence
points fell into pixels predicted present more often
than would be expected at random. Cumulative,
1-tailed binomial probabilities of observed proportions
of test points falling in pixels of predicted presence and
absence at different threshold levels of model output
probabilities were calculated to test for significance. In
Maxent, because the area of predicted occurrence be-

comes extremely small in the upper part of the output
probability distribution, we reclassified the continuous
probability distribution of the output model into a dis-
crete one using several thresholds (i.e. >0, >0.01, >0.1,
>0.3, >0.5, and > 0.8) for each of which we calculated
binomial probabilities. For GARP, binomial probabili-
ties were calculated for each congruence level of the
10 best models.

Large-scale predictions and visualizations in eco-
logical space. To generate broad-scale predictions of
predicted distributions for each species, we set a
threshold for prediction of presence as the lowest pre-
diction score, which represents the model output val-
ues at points of known occurrence (Pearson et al.
2007). In a few cases, training points fell into grid cells
that had been assigned 0 probability of occurrence by
the model; as these pixels were adjacent to pixels pre-
dicted at a higher threshold, we assigned these occur-
rences the threshold that was immediately adjacent.
To explore more restrictive thresholds, we also calcu-
lated the average probability value assigned by the
model to grid cells containing occurrence points and
set this value as a more stringent threshold for predic-
tion of presence.

Finally, we explored the distribution of each mod-
eled niche in environmental dimensions. We used the
‘combine grids’ option in the Grid Transformation
Tools extension of ArcView to create a composite of all
environmental parameter grids with the final ecologi-
cal niche model grids. We exported the attributes table
associated with this grid and then imported a random
subset of 100 000 pixel values for visualization in S-
Plus (Insightful Corporation). To reduce the dimen-
sionality of this space, we employed principal compo-
nents analysis based on the correlation matrix. Niche
models were transformed into binary predictions using
the same thresholds as described above, and areas of
modeled niche space were then related to overall
availability of environmental conditions in 2-dimen-
sional scatterplots. We also related the environmental
conditions within a 250 nautical mile (nmi) (= 463 km)
buffer zone around each occurrence point to overall
environmental conditions. By this means, we could
evaluate which environmental conditions are likely to
be encountered by each species in the immediate
vicinity of its known populations.

RESULTS

Effects of missing data and sampling biases

Models generated performed well in validation exer-
cises in which distributional data from 5 regions were
used to train a model that predicts distributions in a
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sixth region: in all cases, occurrence points set aside
during model building were predicted significantly
better than random (p < 0.01; Fig. 2a). In Maxent,

under these conditions, the high-probability values
clustered around occurrence points used in model
building (Fig. 2b). Maxent models nonetheless per-

127

Fig. 2. Representative results from model-validation experiments with Australian Chironex fleckeri. Niche models were generated
by GARP and Maxent within 5 or 3 of the 6 sectors (sectors are delineated by straight lines) of the buffer zone that encompasses an
area of 250 nautical miles (= 463 km) around each occurrence point. Strength of prediction is indicated according to the color gra-
dient (see key). The GARP scores from 1 to 10 represent congruence among the 10 best models; Maxent output represents a prob-
ability distribution of occurrence. : occurrence records used for model building; : occurrence points used for model evaluation
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formed well in extrapolating into ‘unsampled’ sectors
at lower thresholds (i.e. around 0.8; all p < 0.01).

More extreme validation experiments, in which half
of the regions were set aside for model testing (a total
of 15 experiments in each GARP and Maxent),
revealed similar differences between GARP and Max-
ent (Fig. 2c–f). GARP performed well in most cases,
predicting points falling into sectors left out from
model building with high precision (p < 0.01). How-
ever, in 2 cases presenting the most extreme spatial
biases (i.e. training points all from 1 extreme of the
geographic distribution), GARP failed to predict points
in the ‘unsampled’ sectors (both p > 0.05; e.g. Fig. 2e).
Maxent models behaved similarly and failed in the
same 2 scenarios (both p > 0.05; e.g. Fig. 2f).

Large-scale predictions and niche overlap among
species

Although GARP and Maxent models differed in sev-
eral aspects, they displayed largely congruent patterns
(Fig. 3). In general, GARP predicted broader areas for
Chiropsoides buitendijki and Chironex yamaguchii
than the corresponding Maxent models, but more
stringent GARP thresholds and less stringent Maxent
thresholds yielded geographic predictions that were
closely similar. The GARP model differs from the Max-
ent model in this comparison in predicting areas off-
shore of southwestern and southern Australia, as well
as near New Zealand. Niche models for C. fleckeri and
C. buitendijki were largely congruent using both algo-
rithms (Fig. 3). The models for C. yamaguchii, how-
ever, showed only limited overlap with the other 2 spe-
cies, regardless of modeling method: in fact, the
models for this species versus the other 2 seemed to be
almost the ‘negative’ of one another.

Considering only areas of agreement between the 2
modeling techniques, predictions for each species
were as follows. Niche models for Chironex fleckeri
predicted suitable habitat along the northern Aus-
tralian coast from approximately Exmouth, Western
Australia, to central and southern Queensland, includ-
ing southern Papua New Guinea. In addition, large
coastal areas in Southeast Asia are predicted, ranging
roughly from Vietnam to Pakistan. The prediction for
Chiropsoides buitendijki is very similar as regards the
geographic extent of the prediction, but with more
area predicted in Asia and less in Australia. In both
cases, the Philippines are predicted as unsuitable,
except for a few pixels. By contrast, niche models for C.
yamaguchii are distinct from those of the other species,
and Philippine distributional areas, and areas of
Sulawesi and the lesser Sunda Islands are predicted as
suitable. As noted above, this model is nearly the

inverse of the other 2, predicting coasts opposite to the
ones predicted by the other models (e.g. the northern
coast of Papua New Guinea).

In ecological space, 79% of the variation in the 10-di-
mensional environmental dataset are explained by its
first 2 principal components (Table 2). Projecting the
niche models for each species from geographic space
into environmental dimensions makes the overlap and
differentiation among the 3 niche models especially
apparent (Fig. 4). The pattern is similar to that ob-
served in geographic space: overlap among Chironex
fleckeri and Chiropsoides buitendijki niche models is
extensive, but the C. yamaguchii model occupies a
region of environmental space adjacent to, but distinct
from, the other 2 species. The only conditions under
which C. yamaguchii overlaps extensively with the
other 2 species is when the lenient GARP prediction is
used, which appears to show excessive commission er-
ror in both geographic and environmental space. This
differentiation is mirrored in the environments that are
‘accessible’ (i.e. with a 250 nmi buffer zone around
each occurrence point) for each species. Whereas the
buffered regions for the former 2 appear quite similar,
the environment surrounding C. yamaguchii in the
Philippines and Japan overlaps only on one extreme
with those of C. fleckeri and C. buitendijki.

DISCUSSION

Modeling techniques

ENM offers a promising avenue by which to investi-
gate the biogeography of marine invertebrates for
which distributional data are often depauperate. In
particular, the ready availability of ENM algorithms
facilitates exploration of the technique for the GIS user.
However, some degree of care is necessary when
interpreting ENM results. For example, when chal-
lenged to predict species’ occurrences across broad,
unsampled regions, differences between GARP and
Maxent emerge. In general, both algorithms predict
testing data considerably better than random expecta-
tions. The major difference between GARP and Max-
ent predictions parallel those documented previously
for terrestrial taxa (Peterson et al. 2007): GARP models
are more general than those generated by Maxent,
thus performing better in extrapolation challenges like
the partitioning experiment we conducted, but are
more prone to overprediction. In particular, the highest
probabilities of predicted occurrence in Maxent
closely associate with the points on which the model
was trained, which leads to predictive failures of the
higher probability levels of many Maxent models. In
essence, the number of pixels that are assigned higher

128



Bentlage et al.: Ecological niche modeling of chirodropids

suitability scores is so small that numbers of occur-
rence data points omitted from predictions become
extremely large. As such, thresholding becomes a crit-
ical step in considering predictions derived from Max-
ent models: above a certain probability level, Maxent
models tend to reflect overfitting (i.e. they appear to be

more accurate in fitting known data than predicting
new data, thus hampering extrapolation; Peterson et
al. 2007). Recent changes to Maxent output (i.e. the
‘logistic’ output), which we employed here, represent a
rescaling of the probability distribution to deempha-
size this distributional skew (Phillips & Dudík 2008) but
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Fig. 3. Geographic distribution predicted for the 3 chirodropid species throughout Oceania and Asia, as inferred by GARP
and Maxent. Color indicates the threshold applied to the broad-scale predictions. Green: lenient threshold; blue: stringent 

threshold
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do not seem to completely remedy the problems
pointed out by Peterson et al. (2007).

Our results support the idea that the broader ‘ramp’
of probability values in Maxent models is less mean-
ingful, and should be interpreted with caution (Peter-
son et al. 2007). Since all Maxent outputs are related to
one another monotonically (Phillips & Dudík 2008) this
is true for both output options. A post hoc transforma-
tion of continuous Maxent results into binary values by
thresholding, however, seems to produce reasonable
predictions that allow effective extrapolation. Interest-
ingly, although application of different strategies for
thresholding niche models produces results that are
much more congruent between GARP and Maxent,
GARP models generally cover broader areas when
applying the same thresholding criteria to both GARP
and Maxent models. Prediction beyond present knowl-

edge of species’ distributions, in general, is desirable
in ENM, but the question is how much of such overpre-
diction or commission ‘error’ is biologically informa-
tive? Here, ENM ‘overprediction’ permitted us to pre-
dict distributional patterns of species across broad,
unsampled areas with considerable accuracy, and to
compare patterns of ecological niche occupancy. We
were able to predict among species, as well as predict
chirodropid occurrences throughout the Indo-Pacific.
In this sense, as has been pointed out previously
(Soberón & Peterson 2005), commission ‘error’ is quite
desirable in ENM exercises. It is important to note,
however, that no algorithm is capable of effective
extrapolation if the input data for modeling are biased.
In our most extreme spatial stratification experiments
(Fig. 2e–f), extrapolation exercises failed most likely
because the occurrence data for model training were
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Fig. 4. Distribution of the first 2 principal components (PC) of each final niche model in the entire environmental space of the
study area and proportion of the entire environmental space ‘accessible’ to each species. Dark gray squares: environmental space
available in the study region; black squares (left and middle column): area occupied by models under lenient threshold; light gray
squares: area occupied by models under stringent threshold; black diamonds (right column): environmental conditions present in 

a 250 nautical mile (nmi) (= 463 km) buffer around occurrence data points
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sampled from one extreme of an ecological gradient
(see Stockwell & Peterson 2002, Peterson 2005).

Ecological niche comparisons

One may argue that, instead of modeling ecological
niches, it may be easier and more desirable simply to
interpolate among known occurrence points (Bahn &
McGill 2007). For well-sampled species, this approach
might be a viable means of estimating realized distrib-
utions. ENM, as noted earlier, goes beyond recon-
structing species’ distributions to assemble a predic-
tive model of their ecological requirements, and as
such offers considerably more inferential power.

Among the 3 species analyzed, the geographic distri-
bution of the Australian Chironex fleckeri is best
known (i.e. from Exmouth, Western Australia, to Glad-
stone, Queensland). However, current distributional
maps (e.g. Fenner & Williamson 1996) do not account
for the possibility that the width of the species’ distribu-
tion along the coastline is unlikely to be uniform. ENMs
offer predictions that create a more detailed and ex-
plicit picture. For example, 2 occurrence points off the
coast of Queensland were not included in any predic-
tion from either algorithms (not discernible in our fig-
ures); these specimens may indeed have been sampled
that far offshore and identified correctly, but the models
suggest that those sites are atypical of the species’ oc-
currence. In particular, these records may represent
samples from sink populations, which would be consis-
tent with the idea that C. fleckeri does not venture far
off the coast into deep waters (e.g. Hooper 2000). In
other areas, however, the models suggest that the spe-
cies may occur farther offshore than the actual occur-
rence points would indicate (e.g. at the Northern Terri-
tory and Queensland boundary), which is a hypothesis
that can be tested via additional sampling efforts.

Further, we obtained a single record from Moreton
Bay, Queensland, for Chironex fleckeri, some 400 km
south of Gladstone. In almost all modeling experi-
ments, Moreton Bay was predicted suitable for the spe-
cies. The Moreton Bay area predicted by the ENM is
disjunct from the rest of the C. fleckeri potential distri-
bution in Maxent models, and only loosely connected
in GARP models (Fig. 3). Hence, it may well be that
the bay represents a place to which individuals are
dispersed by the predominantly southward-flowing
coastal currents, and then may be viable. Clearly,
these predictions await additional sampling effort to be
iteratively confirmed, rejected, refined, and reinter-
preted. Nonetheless, ENMs present a means of offer-
ing up hypotheses of geographic distributions of spe-
cies within their native ranges, which can be tested
through further sampling.

That ENM captures the ecological niche, rather than
simply the geographic distribution, leads to predictions
of suitable habitat for a given species in geographic
space that generally exceeds the range it actually
inhabits. In some cases, given prevalent niche conser-
vatism (Peterson et al. 1999), sampling areas of ‘over-
prediction’ will lead to discovery of related species
(Raxworthy et al. 2003), as shown by broad niche over-
lap between Chironex fleckeri and Chiropsoides bui-
tendijki throughout Oceania and Asia. Indeed, in sev-
eral places predicted by these models, chirodropid
occurrences have been noted (Fig. 1). Only in a few of
these cases has the animal been captured (Dawydoff
1936, Stiasny 1937, Ranson 1945, Nair 1951); at most of
these sites, however, characteristic sting marks and
clinical symptoms provide the only evidence of chiro-
dropid occurrences (Fenner & Williamson 1996, Sun-
trarachun et al. 2001). Similarly, the C. yamaguchii
ENM predicts several areas from which chirodropids
have been reported, but for which no specific determi-
nation has been possible (Fenner & Williamson 1996).

Niche differentiation

Somewhat surprisingly, the Chironex yamaguchii
niche model was distinct from the models for C. fleck-
eri and Chiropsoides buitendijki. In particular, ecolog-
ical theory would lead one to expect that the congeners
C. fleckeri and C. yamaguchii should share more eco-
logical characteristics than either does with C. bui-
tendijki. It could be argued that the taxonomic frame-
work is wrong, but this seems unlikely (Lewis &
Bentlage 2009, B. Bentlage, P. Cartwright & A. G.
Collins unpubl.). Niche conservatism is an expectation,
but its violation does not imply that model fit is erro-
neous. Rather, organisms evolve new characteristics,
and instances in which the expectation of discovering
niche conservation is not met represent interesting
avenues for further inquiry.

Niche differentiation (sensu Kambhampati & Peter-
son 2007) can be real (i.e. 2 species inhabit different
niches, despite having access to the same set of envi-
ronmental conditions) or apparent (i.e. 2 species
inhabit different niches because the environments
accessible to each are different). Given these consider-
ations, it may be argued that the differentiation we
observe is apparent rather than real. The environment
accessible to Chironex yamaguchii is simply very dif-
ferent from the environments surrounding the other 2
species (Fig. 4; 250 nmi buffer). Similar conditions do
exist in all 3 environments, but the area of overlap is
limited to a few pixels (Fig. 4).

Niche differentiation may thus have taken place by
ancestral species establishing themselves in the rare,
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shared environments (which may have been more
extensive at the time) with dispersal into more com-
mon environments occurring subsequently. Alterna-
tively, all environments were more equal in the past,
and changing climates affected different localities in
different ways, leading to niche differentiation. A com-
prehensive study integrating ENMs with phylogenetic
analyses and paleooceanography will allow testing
such scenarios.

The exact ecological nature of this differentiation is
somewhat complex since a full interpretation of the
loadings of each principal component does not seem
feasible at this point. Ocean color, such as water-
leaving radiances at different wavelengths, which
strongly contributes to principal components 1 and 2,
has been used previously to distinguish among marine
habitats (e.g. Mishra et al. 2005). We suggest that the
ocean color can be interpreted as a proxy for habitat
structure. However, large-scale ground-truthing will
be required to fully interpret which habitats the mod-
els predict.

CONCLUDING REMARKS

We have outlined the types of questions that can be
addressed with ENM concerning the distribution, large
scale ecology, and evolution of marine taxa. ENMs offer
the opportunity to address questions on broad spatial
scales that may not be easily addressed using other
approaches. Undoubtedly, the predictions derived
through modeling approaches will benefit much from
evaluation using experimental approaches to test the
models’ ecological components as well as sampling
programs to evaluate their geographic predictions.
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