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Abstract Electronic tagging and remotely sensed oceanographic data were used to determine the oceanographic
habitat use and preferences of Atlantic bluefin tuna (Thunnus thynnus L.) exhibiting behaviors associated with
breeding in the Gulf of Mexico (GOM). Oceanographic
habitats used by 28 Atlantic bluefin tuna exhibiting breeding behavior (259 days) were compared with available
habitats in the GOM, using Monte Carlo tests and discrete
choice models. Habitat utilization and preference patterns
for ten environmental parameters were quantified:
bathymetry, bathymetric gradient, SST, SST gradient,
surface chlorophyll concentration, surface chlorophyll
gradient, sea surface height anomaly, eddy kinetic energy,
surface wind speed, and surface current speed. Atlantic
bluefin tuna exhibited breeding behavior in the western
GOM and the frontal zone of the Loop Current. Breeding
areas used by the bluefin tuna were significantly associated
with bathymetry, SST, eddy kinetic energy, surface chlorophyll concentration, and surface wind speed, with SST
being the most important parameter. The bluefin tuna
exhibited significant preference for areas with continental
slope waters (2,800–3,400 m), moderate SSTs (24–25 and
26–27C), moderate eddy kinetic energy (251–355 cm2 s–2),
low surface chlorophyll concentrations (0.10–0.16 mg m–3),
and moderate wind speeds (6–7 and 9–9.5 m s–1). A resource selection function of the bluefin tuna in the GOM
was estimated using a discrete choice model and was found
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to be highly sensitive to SST. These habitat utilization and
preference patterns exhibited by breeding bluefin tuna can be
used to develop habitat models and estimate the probable
breeding areas of bluefin tuna in a dynamic environment.

Introduction
In marine fishes, the location and timing of spawning
determine the environmental conditions experienced by
spawning and larval fishes, which in turn affect their
reproductive success (Bakun 1996; Chambers 1997). The
location and timing of spawning (i.e., habitat use during
spawning) are a function of specific environmental preferences and available environmental conditions (Manly
et al. 2002; Matthiopoulos 2003). It is therefore important
to quantify the environmental preferences of the spawning
fish because it will help determine essential spawning
habitat, predict the possible effects of habitat and climate
change, and test hypotheses about ecological processes
(Arthur et al. 1996; Laidre and Heide-Jorgensen 2005; Rice
2005). The use of electronic tags has improved our
understanding of the habitat use and preferences of several
pelagic species, by integrating biological and physical data
from electronic tags with ocean observation data sets from
satellites, buoys, and numerical models (e.g., Block et al.
2002, 2005; Polovina et al. 2004; Baumgartner and Mate
2005). However, our understanding of the environmental
preferences of spawning pelagic fish remains poor
(Schaefer 2001; Teo et al. 2007).
In this study, we integrate electronic tag data with
remotely sensed oceanographic datasets to determine the
oceanographic habitats in the Gulf of Mexico (GOM) used
by breeding Atlantic bluefin tuna (Thunnus thynnus). The
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western Atlantic stock of Atlantic bluefin tuna is known to
spawn primarily in the GOM from April to June (Magnuson et al. 1994; Mather et al. 1995; Schaefer 2001; Block
et al. 2005). Using electronic tags, we have shown that
western Atlantic bluefin tuna exhibit three distinct phases
(entry, breeding, and exit phases) of movement paths,
diving behavior and thermal biology, on their breeding
grounds in the GOM (Teo et al. 2007). As the bluefin tuna
enter and exit the GOM, the fish dive to significantly
deeper daily maximum depths (>500 m), and exhibit directed movement paths to and from areas where the fish
exhibit breeding-specific behaviors. In the breeding phase,
the fish exhibit significantly shallower daily maximum
depths, perform shallow oscillatory dives, and have
movement paths that are significantly more residential and
sinuous (Teo et al. 2007). In addition, the tags also recorded the highest water and body temperatures during the
night of the breeding phase. Based on these parameters, we
hypothesized the tags were recording courtship and/or
spawning behaviors, and use the tag data to identify the
locations and times of the breeding phase. Subsequently,
we combine this information with remotely sensed oceanographic data sets to quantify the habitat usage and the
available habitat during the breeding phase.
One of our aims is to determine the oceanographic
preferences of breeding western Atlantic bluefin tuna but it
is difficult to measure habitat preferences directly (Johnson
1980; Arthur et al. 1996; Manly et al. 2002). It is more
tractable to first quantify habitat use and the available
habitat, and to subsequently use resource selection models
and indices to quantify habitat preferences (Johnson 1980;
Arthur et al. 1996; Manly et al. 2002). We first use Chesson’s preference index (Chesson 1978, 1983) coupled with
Monte Carlo methods (Baumgartner and Mate 2005) to
visualize and estimate the univariate habitat preferences of
the bluefin tuna. Subsequently, we use a discrete choice
model to estimate a resource selection function (RSF)
(Cooper and Millspaugh 1999; McDonald et al. 2006).
The GOM has distinct oceanographic characteristics,
which can be conveniently divided into eastern and western
GOM. The eastern GOM is dominated by the Loop Current, which flows north through the Yucatan Straits and
makes an anti-cyclonic turn before exiting through the
Florida Straits. The Loop Current has a flow that varies
from 23 to 35 Sv (Hamilton et al. 2005) and meanders as
it approaches the Florida Straits. These meanders create
alternating zones of positive and negative vorticity, which
in turn generate alternating zones of enhanced production
and retention, respectively (Bakun 1996). Richards et al.
(1989) observed that Atlantic bluefin tuna larvae were
associated with the Loop Current frontal zone. This led
Bakun (1996) to hypothesize that Atlantic bluefin tuna may
be preferentially using the Loop Current frontal zone for
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spawning because of the alternating zones of positive and
negative vorticity. However, other larval surveys showed
that the majority of bluefin tuna larvae were found in the
western GOM (Nishida et al. 1998). One of the key
oceanographic features in the western GOM is cyclonic
and anti-cyclonic mesoscale eddies generated by or pinched off from the Loop Current, which travel from east to
west (Dietrich and Lin 1994). The cyclonic eddies in the
western GOM are associated with enhanced primary and
secondary production (Gasca 1999, 2003; Wormuth et al.
2000; Gasca et al. 2001; Suarez-Morales et al. 2002).
The spawning stock of Atlantic bluefin tuna in the
western Atlantic has declined by >90% over the past
30 years (ICCAT 2005). One of the management and
conservation issues facing Atlantic bluefin tuna is the need
for protection on their GOM spawning grounds. The
International Commission for the Conservation of Atlantic
Tunas (ICCAT, http://www.iccat.es), which manages
Atlantic bluefin tuna, recognizes the importance of protecting spawning grounds and has prohibited directed
fishing for bluefin tuna in the GOM since 1982 (Magnuson
et al. 1994). However, there is current concern about the
incidental bycatch of mature bluefin tuna by the U.S. yellowfin tuna longline fishery in the GOM (Block et al.
2005). The National Oceanic and Atmospheric Administration (NOAA) has instituted fishery observer programs to
document the bycatch and subsequently enacted regulations to reduce the bycatch (O’Brien et al. 2004). Nevertheless, the large number of longline hooks in the breeding
area is still resulting in high mortality rates (Block et al.
2005). By understanding the habitat use and oceanographic
preferences of bluefin tuna breeding in the GOM, we can
identify essential breeding habitat. In doing so, this will
help NOAA scientists to model the breeding habitat selected by the fish and reduce bluefin bycatch in the GOM.

Materials and methods
Electronic tag data
From 1996 to 2004, 772 Atlantic bluefin tuna (T. thynnus
L.) were tagged with either implantable archival tags (499)
or popup satellite archival tags (PAT, 273) in North Carolina, Massachusetts, and the GOM (Block et al. 2005).
The experimental procedures have previously been described in detail (Block et al. 1998a, b, 2001; Teo et al.
2007). Five models of archival tags (NMT v1.1 and v1.2,
Northwest Marine Technology, USA; Mk7 v1 and v2,
Wildlife Computers, USA; and the LTD 2310, Lotek
Wireless, Canada) and four versions of PAT tags (Wildlife
Computers, USA; hardware versions 1–4) were deployed.
These electronic tags recorded depth, water temperature,
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and light level data. In addition, the archival tags also recorded the peritoneal temperature of the fish.
Bluefin tuna geolocations were estimated from light
level and sea surface temperature (SST) data recorded by
the tags (see Teo et al. 2004 for a detailed description). For
PAT and Mk7 archival tags, a proprietary software package
from the tag manufacturer (WC-GPE Suite v1.1.5.0,
Wildlife Computers) was used to correct for light attenuation and to estimate longitudes from the light level data.
The LTD 2310 and NMT archival tags had onboard software that processed the light level and pressure data, corrected for light attenuation, and logged the estimated
longitude into the ‘day log’ (Ekstrom 2004). Sea surface
temperatures from the tags were combined with corresponding light level longitude estimates to obtain daily
latitude estimates (Teo et al. 2007). For a given day, the
latitude at which tag-recorded SSTs best matched corresponding remotely sensed SSTs along the light level longitude estimate was considered the latitude estimate for the
day (Teo et al. 2004).
Geolocations estimated from light and SST data were
combined with the corresponding tagging, popup endpoint
and/or reported recapture locations to generate a dataset
with 13,372 geopositions (Block et al. 2005). Based on this
dataset, 36 bluefin tuna were located within the GOM and
28 of these fish returned enough electronic tag data from
the GOM for further analysis (see Table 1 in Teo et al.
2007).
The locations and timing of each bluefin tuna’s breeding
phase were identified from their electronic tag data using
the method described in Teo et al. (2007). The geolocation,
depth, ambient, and body temperature data from the GOM
were extracted and used to analyze their movement paths,
diving behavior, and thermal biology. For each fish, we
determined the daily maximum depths during its period in
the GOM and filtered the maximum depths using a 3-day
median boxcar filter. The maximum depth was used because it was the most common depth data collected and
returned by both archival and PAT tags. The overall mean
of the filtered maximum depths was calculated, and the
central portion of the period in the GOM that was shallower than the mean was considered the breeding phase.
Subsequently, the diving behavior from the three phases
was visually examined to ensure that the algorithm performed adequately. We extracted the movement paths of
the fish and used the identified breeding phase locations
and dates (n = 259 days) to determine their habitat utilization and preference patterns.
Oceanographic data
We determined habitat use and preference patterns for
ten oceanographic parameters—bathymetry, bathymetric
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gradient, SST, SST gradient, surface chlorophyll concentration, surface chlorophyll gradient, sea surface height
anomaly (SSHA), eddy kinetic energy, surface wind speed,
and surface current speed. A 2¢ by 2¢ global topographic
dataset derived from ship soundings and satellite altimetry
data (Smith and Sandwell 1997) were downloaded from
the Scripps Institution of Oceanography (ftp://topex.ucsd.
edu/marine_topo/). Two small islands at approximately
25.53N, 90.42W were found to be spurious and were
removed from the dataset. Bathymetry values for the deleted area were subsequently filled by interpolating from
neighbouring pixels. Bathymetric gradients were calculated
by performing a two-dimensional convolution on the GOM
bathymetry grid, with a 3 · 3 pixel Sobel filter (Russ 2002;
Baumgartner and Mate 2005). The Sobel filter is used in
image processing to determine the magnitude and direction
of the gradients and edges in an image (Russ 2002). The
scalar gradient magnitude, G, of each pixel was calculated
by,
G¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
G2x þ G2y

ð1Þ

where Gx and Gy were the zonal and meridional bathymetric gradients of each pixel, respectively.
We obtained gridded SSTs from the Advanced Very
High Resolution Radiometer (AVHRR) sensors (Pathfinder SST, http://www.podaac.jpl.nasa.gov). The SSTs
for the GOM from 1999 to 2005 were extracted. The
data grids consisted of 8-day and monthly averaged SSTs
on a nominal 4-km equal angle grid. We preferentially
used 8-day grids but the monthly grid was used if the
cloud cover at the fish’s location was >50%. Cloud cover
was calculated from the spatial kernel average of a
location (see Analysis subsection for a detailed explanation of spatial kernel averaging). The SST gradients
were calculated in the same manner as bathymetry gradients.
Surface chlorophyll concentration data from the Seaviewing Wide Field-of-view Sensor (SeaWiFS) and the
Moderate Resolution Imaging Spectroradiometer (MODIS/
Aqua) were downloaded (http://www.oceans.gsfc.nasa.
gov). From 1999 to 2002, we used the data from SeaWiFS.
From 2003 to 2005, we used merged data from both
SeaWiFS and MODIS/Aqua, which reduced the cloud
cover in the 8-day data by about 20%. The downloaded
data consisted of 8-day and monthly averaged chlorophyll
concentration data on a 9-km equal angle grid. Similar to
the SST data, the 8-day datasets were used preferentially
but the monthly grid was used if the cloud cover for the 8day grid at the fish’s location exceeded 50%. Chlorophyll
concentration gradients were calculated in the same manner as bathymetry gradients.
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We downloaded SSHA and geostrophic velocity
anomaly data for the GOM, which were derived from
merged satellite altimetry measurements of four satellite
altimeters (Jason-1, ENVISAT/ERS, Geosat Follow-On
and Topex/Poseidon interlaced) (AVISO, http://www.
aviso.oceanobs.com). The SSHA and geostrophic velocity
anomaly data extended from 1993 to 2005, with data
assimilated every 7 days on a 1/3 Mercator grid. Geostrophic velocity anomalies during the breeding season
(March–June) were used to calculate the eddy kinetic energy (EKE) in the GOM. Eddy kinetic energy is a commonly used measure of the mesoscale variability of the
flow in a region and helps to identify regions where
mesoscale eddies and current meanders are relatively
common (e.g., Stammer 1998; Ducet et al. 2000; Pascual
et al. 2006; Waugh et al. 2006). The EKE (per unit mass)
was calculated by
EKE ¼


1  02
0
u þv2
2

ð2Þ

where u¢ and v¢ were the zonal and meridional velocity
anomalies, averaged over March to June from 1993 to
2005.
We downloaded ocean surface wind speed data from the
ERS-1/2 and QuikSCAT satellite scatterometers (http://
www.oceanwatch.pfeg.noaa.gov). For 1999, we used the
wind speed data from the ERS-1/2 satellites, which were on
a 1.0 equal angle grid. From 2000 to 2005, we used the
wind speed data from the QuikSCAT satellite, which were
on a 0.5 equal angle grid. All the surface wind speed data
consisted of 8-day averaged grids.
We obtained surface current velocity data, which were
derived from merged satellite altimeter and scatterometer
data from Collecte Localisation Satellites (CLS, http://
www.cls.fr). Surface currents were calculated by adding
the geostrophic flow derived from the absolute dynamic
topography from four satellite altimeters (Jason-1, ENVISAT/ERS, Geosat Follow-On and Topex/Poseidon interlaced) to the Ekman component derived from the ocean
surface wind velocity data (Gaspar et al. 2006; Pascual
et al. 2006). We obtained surface current velocity data for
the GOM every 7 days on a 0.25 grid from 1999 to 2005
during the breeding months.
Analysis
Oceanographic habitat use patterns of breeding phase
Atlantic bluefin tuna were quantified from spatial kernel
samples of oceanographic data at the location and date of
each breeding phase geolocation estimate. A spatial kernel
sample is a spatially weighted average of the data using a
specified spatially explicit function. We used spatial kernel
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sampling in order to account for the error distribution
associated with each geolocation estimate. For archival
tags, the error distributions of the geolocation estimates
were approximated by bivariate Gaussian distributions with
standard deviations (r) of 0.78 and 0.90 in the zonal and
meridional directions, respectively (Teo et al. 2004). For
PAT tags, the error distributions of the geolocation estimates were approximated by bivariate Gaussian distributions with rs of 1.30 and 1.89 in the zonal and meridional
directions, respectively (Teo et al. 2004).
Separate 2-r spatial kernels for archival and PAT tags
were created from their respective error distributions, which
would encompass the 95% confidence intervals of the
geolocation estimates. The spatial kernels can be visualized
as three-dimensional normal distributions, with the x and y
directions corresponding to the zonal and meridional coordinates, and the height of the kernel corresponding to the
probability that the fish was at that location. For each geolocation estimate, an oceanographic data grid was obtained
for the corresponding date. The spatial kernel was placed
over the data grid, with the center of the spatial kernel over
the pixel corresponding to the geolocation estimate. If the
geolocation estimate was from an archival tag, the spatial
kernel based on the error distribution of an archival tag was
used, and similarly for a PAT tag. A weighted average of the
oceanographic data was then calculated using weights corresponding to the height of the spatial kernel over each
pixel. This weighted average was considered as the oceanographic habitat used by the fish for that day. Bathymetric
gradient, SST gradient, EKE, chlorophyll concentration,
chlorophyll gradient, and surface current speed were logtransformed to improve the linearity of the data.
Oceanographic habitats available to the bluefin tuna
were determined from spatial kernel samples of oceanographic data at the locations from null model movement
paths, which were generated by Monte Carlo methods
(Baumgartner and Mate 2005). For each fish, we randomly
generated 10,000 null model movement paths with the
initial position of the generated paths being identical to the
initial location of the observed paths. The initial position
for fish tagged in the GOM would be their tagging location,
whereas the initial position for fish entering the GOM from
the Atlantic Ocean would be their first geolocation west of
80W. Segment distances (distance between geolocations)
were identical to the observed track but travel direction of
each segment was randomly generated from a uniform
distribution. The generated positions were not allowed to
occur on land or exit the GOM. At each generated location,
we made a spatial kernel sample of the oceanographic
habitat using the same method as the observed tracks.
Using null model movement paths and spatial kernel
sampling to calculate available habitat has two main
advantages. The habitat available to an animal at time t + 1
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is autocorrelated with the location of the animal at time t
and the distance traveled by the animal between times t and
t + 1. If the available habitat is calculated from a fixed area
larger than that traveled in a single time step, the estimated
habitat preferences of the animal will likely be inaccurate
(Manly et al. 2002). Since the null model movement paths
were generated using the movement characteristics of each
individual animal, the magnitude of the autocorrelation for
each location and time step in the generated paths were
identical to that of the observed paths. This would therefore
‘side-step the problem’ of spatiotemporal autocorrelation
in the analysis (Matthiopoulos et al. 2004). In addition, the
uncertainty in the geolocation estimates is explicitly accounted for in both the observed habitat use and the
available habitat data with the spatial kernel samples. It is
important to note that the spatial kernel samples of the
environment are statistical representations of the environment experienced by the fish rather than the actual environment. As with any statistical representation, there will
be errors associated with it, and the estimated RSF will
therefore be approximate. However, this source of error
will likely be small compared with the errors inherent in
the remote-sensing data.
We used Chesson’s preference index (Chesson 1978,
1983) to visualize and estimate the univariate habitat
preference of the fish. The Chesson’s preference index is
commonly used to quantify the resource preference (habitat
and/or food) of an individual or a group of animals (Manly
et al. 2002). The Chesson’s preference index of the ith
habitat type, ai, is calculated by,
ðoi =pi Þ
ai ¼ P
n 

oj =pj

ð3Þ

j¼1

where oi is the sample proportion of used units in the ith
habitat type, pi is the sample proportion of available units
in the ith habitat type, and n is the total number of habitat
types. For each oceanographic parameter, we calculated oi
as the normalized frequency of occurrence in the ith bin
of the habitat use distribution and pi as the normalized
frequency of occurrence in the ith bin of the distribution
of available habitat (see previous paragraph). We subsequently calculated ai for each histogram of each oceanographic parameter.
Monte Carlo tests were used to determine the probability
that the habitat preferences displayed by the Atlantic
bluefin tuna could have occurred by chance (i.e., by
moving at random, Baumgartner and Mate 2005). For each
oceanographic parameter, we calculated the observed
Chesson’s index distribution using the ith bin of the normalized frequency histograms of observed habitat use as oi
and the ith bin of the normalized frequency histograms of

available habitat as pi. We also calculated 10,000 simulated
Chesson’s index distributions from the simulated movement paths. At each bin of the frequency histograms, we
counted the number of simulations with Chesson’s index
value greater than or equal to the observed value. This
number can be thought of as the probability that the observed Chesson’s index at that bin could have occurred by
chance. The bins with less than 500 of the simulated runs
having Chesson’s index values greater than or equal to the
observed values were identified. These bins had <5%
chance that the preference shown by the fish could have
occurred by chance (i.e., P < 0.05).
There were two main problems related to using Monte
Carlo tests with Chesson’s indices. Firstly, using the
Chesson’s index requires binning continuous variables like
SST, which may induce bin width artifacts. We addressed
this by varying the bin width by approximately 25% (both
bigger and smaller) and found that the habitat preference
patterns remained relatively robust. Secondly, we conducted multiple Monte Carlo tests, which may result in
false positives. We chose not to make Bonferroni-type
corrections to the statistical significance levels because we
intended this phase of the analysis to be primarily exploratory. In particular, the Chesson’s index was a useful
visualization tool for habitat preferences.
In order to address these problems, we used a discrete
choice model to estimate the RSF of the breeding bluefin
tuna. Discrete choice models are a large class of models
commonly used in econometrics to understand the behaviors and preferences of human subjects (Train 2003). In
recent years, discrete choice models have been used to
analyze habitat selection by animals and estimate their
RSFs (McCracken et al. 1998; Cooper and Millspaugh
1999; Manly et al. 2002; McDonald et al. 2006). One of the
key advantages of using discrete choice models in aquatic
environments is that the available habitat is not assumed to
be static.
In this study, we used the multinomial logit form of
discrete choice model, which is the most common form of
discrete choice model (Manly et al. 2002; Train 2003).
Bluefin tuna were assumed to select an area for spawning
based on the available habitat. Since the bluefin tuna may
have used the same area repeatedly for spawning, the habitat
choices were assumed to have been made with replacement.
McDonald et al. (2006) showed that in this scenario, the
conditional probability of area i being selected is
pðiÞ ¼

expðb1 xi1 þ b2 xi2 þ    þ bp xip Þ
P
expðb1 xk1 þ b2 xk2 þ    þ bp xkp Þ

ð4Þ

k¼fU 0 [Ag

where b1, b2, …, bp are coefficients to be estimated, xij is
the value of oceanographic parameter j for the ith area, the
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set U¢ is the set of used areas, and A is the set of areas in
the Monte Carlo sample of areas from the GOM. The
likelihood function for the observed data is simply the
product of these probabilities,

Lðb1 ; b1 ; . . . ; bp Þ ¼

nu
Y

pðjÞ

ð5Þ

j¼n1

where n1,…,nu were the areas used by the bluefin tuna.
Following McDonald et al. (2006) and Manly et al. (2002),
the coefficient estimates were obtained using a stratified
Cox proportional hazards function. (PROC PHREG, SAS
9.1, SAS Inc.). The resulting RSF, which is the relative
probability of bluefin tuna using an area in the GOM, is
simply the numerator of Eq. 4. We only included parameters in the RSF that were statistically significant
(P < 0.05). The habitat used by the breeding bluefin tuna
and the habitat available were sampled using the spatial
kernel samples. We included the longitude and latitude of
the locations to test if the bluefin tuna preferentially used
certain areas of the GOM. In addition, quadratic terms of
all parameters were included in the model because the
Chesson’s indices indicated that the bluefin tuna often
preferred moderate levels of the oceanographic parameters
being tested. However, interaction terms were not included
due to the lack of degrees of freedom.
We performed a sensitivity analysis on the RSF to
determine the relative importance of the various parameters. Sensitivity was calculated as the percent change in the
RSF exponent with a 10% change in parameter values, with
respect to the mean parameter values from the spatial
kernel samples. Increased sensitivity indicated that the
parameter more strongly affected the probability of bluefin
tuna using an area.

Results
Breeding phase locations (n = 259 days) for the 28
Atlantic bluefin tuna (T. thynnus) were primarily located
over the lower slopes of the northern GOM (Figs. 1, 2).
Locations along the slope waters ranged from the western
GOM to the frontal zone of the Loop Current (Fig. 1).
The discrete choice model also indicated, as long as the
other parameters in the RSF remained constant, the western
GOM would have a higher probability of being used (Table 1). The negative coefficient for longitude indicates that
the RSF decreases with increasing longitude (eastwardly).
In addition, the negative coefficient for the quadratic term
indicates that the RSF with respect to longitude is domeshaped. Negative coefficients for the quadratic terms
indicate that the responses are dome-shaped, whereas
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positive coefficients indicate bowl-shaped responses. In
contrast to longitude, latitude did not significantly affect
the probability of bluefin tuna using an area and was not
included in the RSF (Table 1).
The breeding locations of bluefin tuna were significantly
associated with depths of 2,800 to 3,400 m (P < 0.05,
10,000 Monte Carlo samples, Fig. 2). A large proportion
(32.8%) of the breeding locations were in areas between
2,800 and 3,400 m (Fig. 2). The discrete choice model
indicated that bathymetry significantly affected the probability of bluefin tuna using an area, with deeper waters
being more likely to be used (Table 1). In addition, the
bluefin tuna significantly preferred the continental slope
areas with moderate bathymetric gradients (11.2 to
22.4 m km–1, P < 0.05, 10,000 Monte Carlo samples,
Fig. 3). However, bathymetry gradient did not significantly
affect the probability of bluefin using an area if other
environmental parameters were taken into consideration,
and was not included in the RSF (Table 1).
The majority of breeding phase locations (88.8%) were
located in areas with SSTs ranging from 24 to 29C
(Fig. 4). The bluefin tuna significantly preferred SSTs in
the ranges of 24–25C and 26–27C (P < 0.05, 10,000
Monte Carlo samples, Fig. 4). In addition, the bluefin tuna
experienced significantly different SSTs between months,
with the warmest SSTs in June (P < 0.001, ANOVA, Table 2). Significant preferences for 24–25C and 26–27C
were exhibited in April and May, respectively. In June,
bluefin tuna predominantly used SSTs between 28 and
29C but no significant preference was detected in this
temperature range (Fig. 4). The discrete choice model also
indicated that the bluefin tuna significantly preferred
moderately warm SSTs (Table 1). Sensitivity analysis of
the RSF indicated that SST was by far the most important
oceanographic parameter that significantly affected the
probability of bluefin tuna using an area for breeding
(Table 1). Most of the breeding phase locations (79.2%)
were in areas with SST gradients between 0.013 and
0.025C km–1 but the fish did not exhibit a significant
preference for any SST gradient (P > 0.05, 10,000 Monte
Carlo samples). The discrete choice model also indicated
that SST gradient did not significantly affect the probability
of bluefin tuna using an area (Table 1).
The majority of the breeding phase locations (56.4%)
occurred in waters with low surface chlorophyll concentrations (0.10–0.16 mg m–3), and the bluefin tuna exhibited
a significant preference for areas with this range (P < 0.05,
10,000 Monte Carlo samples, Fig. 5). In addition, the
breeding phase bluefin tuna also significantly preferred
areas with low chlorophyll gradients (6.3 · 10–4 to
3.2 · 10–3 mg m–3 km–1, P < 0.05, 10,000 Monte Carlo
samples, Fig. 6). This was corroborated by the discrete
choice model, which showed that surface chlorophyll and
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Fig. 1 Thunnus thynnus. a Geolocations (yellow circles, n = 259) of
28 breeding phase Atlantic bluefin tuna. Geolocations were determined from light and sea surface temperature data collected by
electronic tags deployed on the fish. 200 and 3,000 m contour lines
are shown as gray lines. b Observed spatial use of breeding phase
Atlantic bluefin tuna (n = 28)

chlorophyll gradient significantly affected the habitat use
of bluefin tuna (Table 1).
Breeding bluefin tuna used, and significantly preferred
areas with moderate eddy kinetic energy, ranging from 251
to 355 cm2 s–2 (P < 0.05, 10,000 Monte Carlo samples,
Fig. 7). A large proportion (48.7%) of the breeding phase
locations occurred in these areas (Fig. 7). The discrete
choice model analysis indicated that eddy kinetic energy
significantly affected the probability of bluefin tuna using
an area (Table 1). The main area in the GOM with this
moderate level of eddy kinetic energy is the western GOM
and to a lesser extent, the edge of the Loop Current (Fig. 7).
In the GOM, this range of eddy kinetic energy is
indicative of areas with moderate surface current speeds
and the presence of mesoscale eddies. The majority
(81.9%) of the breeding phase locations occurred in surface
current speeds from 12.6 to 31.6 cm s–1, and the fish significantly preferred these areas with these current speeds
(P < 0.05, 10,000 Monte Carlo samples, Fig. 8). In addi-

Fig. 2 Thunnus thynnus. a Observed bathymetric habitat use
exhibited by breeding phase Atlantic bluefin tuna (n = 28). b
Bathymetric habitat preference of breeding phase Atlantic bluefin
tuna. Red bars indicate bins where fish exhibited significant
preference (P < 0.05, 10,000 Monte Carlo samples)

tion, the fish exhibited some preference for areas with nonzero SSHA (Fig. 9), which indicates the presence of
eddies. However, the preference was not significant
(P > 0.05, 10,000 Monte Carlo samples, Fig. 9). The
discrete choice analysis indicated that surface current
and SSHA did not significantly affect the use of an area
once the effects of all other parameters were considered
(Table 1). However, quadratic term of surface current is
marginally insignificant (P = 0.0544, Table 1), and may
still have a biological effect on habitat use. Although
50.6% of the breeding phase locations had SSHA from –5
to 5 cm, the Chesson’s preference indices for these areas
were relatively low (Fig. 9), which indicates that the GOM
is dominated by areas with SSHA around zero but the fish
significantly preferred areas with eddies.
The Atlantic bluefin tuna used and preferred areas with
moderate wind speeds, and the majority of the breeding
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Table 1 Thunnus thynnus. Parameter estimates and sensitivity of resource selection function (RSF) derived from discrete choice model of
breeding bluefin tuna habitat preference (to three significant figures)
Parameters
Longitudeb
Longitude
Latitudeb

Parameter estimates

–0.0531
–10.2
–0.0862

Standard error

v2

P > v2

Sensitivity
of RSF (%)

0.0137

15.0

0.0001*

13.4

2.50

16.7

<0.0001*

14.3

0.0621

1.93

0.1648

2.37

0.1236

Latitude

4.84

3.15

Bathymetryb

9.55 · 10–7

2.91·10–7

0.001*

0.0779

Bathymetry

0.00311

0.00130

5.72

0.0168*

0.0782

10.8

a

Bathymetry gradientb
a
Bathymetry gradient

–2.68
16.9

1.67
9.15

2.59
3.42

0.1074
0.0644

SSTb

–0.158

0.0802

3.88

0.049*

3.30
3.45

8.57

4.10

4.38

0.0364*

a

SST

–0.327

1.01

0.105

0.746

a

–3.13

0.6915

SST gradientb

7.90

0.157

a

SST gradient

0.519

0.227

5.23

0.0222*

0.0161

a

1.98

0.904

4.81

0.0282*

0.0308

a

–0.462

0.139

0.0009*

0.0144

a

–5.20

1.70

9.32

0.0023*

0.0809

SSHAb

–0.000261

0.000885

0.0871

0.7679

Chlorophyllb
Chlorophyll
Chlorophyll gradientb
Chlorophyll gradient

SSHA

0.0207

2.24

0.1345

a

–0.524

0.217

5.84

0.0157*

0.0163

a

6.46

2.59

6.24

0.0125*

0.100

Surface windb

0.117

0.0602

3.76

0.0524

Eddy kinetic energyb
Eddy kinetic energy

0.0309

11.1

Surface wind
Surface currentb

–1.89
–1.06

0.791
0.552

5.69
3.70

0.017*
0.0544

a

–3.22

1.86

2.99

0.0835

a

Surface current

0.187

Overall model was highly significant (v2 = 557.97, P < 0.0001); sensitivity was calculated as percent change in the RSF exponent with a 10%
change in mean parameter value
* Parameter was significant (P < 0.05) and included in RSF
a

Log-transformed parameter

b

Quadratic term—negative parameter estimate indicates dome-shaped response, and vice versa

phase locations (53.2%) were in such areas (5–7 m s–1,
Fig. 10). The fish exhibited significant preferences for
moderate wind speeds (6–7 and 9–9.5 m s–1, P < 0.05,
10,000 Monte Carlo samples, Fig. 10). The discrete choice
model also showed that surface wind speed significantly
affected the habitat use of bluefin tuna (Table 1).

Discussion
Electronic tags were used to detect the distinct movement
patterns, oscillatory diving behavior, and high body temperatures that characterize Atlantic bluefin tuna (T. thynnus) breeding in the GOM (Teo et al. 2007). Diving
behavior and horizontal movements were used to estimate
the most likely time and location of breeding. Subsequently, the oceanographic habitat use and preferences of
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the bluefin tuna were quantified by comparing the oceanographic habitats used, against the habitats available in the
GOM.
Previous knowledge of the spatial and temporal
spawning distributions of Atlantic bluefin tuna have primarily been obtained from larval surveys and histological
examination of reproductive tissues from fishery samples
(McGowan and Richards 1989; Schaefer 2001; Block et al.
2005). This study adds to our understanding by using
electronic tag data to elucidate the habitat use and preference patterns of breeding bluefin tuna. Of the Atlantic
bluefin tuna observed to have spawned in the GOM, the
majority of the fish spawned in the western GOM. This
result is supported by large-scale larval tuna surveys in the
GOM by the RV Shoyo Maru and RV Oregon II, which
also found that the majority of larval bluefin tuna are found
in the western GOM (Nishida et al. 1998). Bluefin tuna are
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a 0.30

0.30

0.25
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Fig. 3 Thunnus thynnus. a Observed bathymetric gradient use of
breeding phase Atlantic bluefin tuna (n = 28). b Bathymetric gradient
preference of breeding phase Atlantic bluefin tuna. Red bars indicate
bins where fish exhibited significant preference (P < 0.05, 10,000
Monte Carlo samples)

Fig. 4 Thunnus thynnus. a Observed SST habitat use of breeding
phase Atlantic bluefin tuna (n = 28). b SST habitat preference of
breeding phase Atlantic bluefin tuna. Red bars indicate bins where
fish exhibited significant preference (P < 0.05, 10,000 Monte Carlo
samples)

also using the frontal zone of the Loop Current in the
GOM. Geolocation and analysis of breeding behavior
indicated that two fish (98–512 in 1999 and A0532 in
2003) exhibited breeding phase behavior near the Loop
Current frontal zone (Teo et al. 2007). Detailed larval
surveys in the eastern GOM have shown that bluefin tuna
larvae are associated with the Loop Current frontal zone
(Richards et al. 1989). Therefore, our results from the
electronic tagging data of mature bluefin tuna on their
breeding grounds are consistent with previous larval tuna
studies in the GOM. In addition, the breeding locations are
similar to the areas where the bluefin bycatch by the US
longline fleet is high (Block et al. 2005).
Sea surface temperature is a key oceanographic
parameter for determining the location and timing of
spawning in tunas, Atlantic bluefin tuna are thought to

prefer SSTs in excess of 24C for spawning (Mather et al.
1995; Block et al. 2001; Schaefer 2001; Garcia et al. 2005).
Sea surface temperature was by far the most important
oceanographic parameter affecting the probability of an
area being used by breeding bluefin tuna because the RSF
was most sensitive to SST (after longitude). The SST significantly affected the distribution of breeding phase
bluefin tuna, and the fish primarily used SSTs ‡ 24C and
preferred SSTs of 24 to 27C. There was monthly variation
in the SSTs used and preferred by the fish. For example in
June, the fish primarily used areas with SSTs between 28
and 29C but the fish do not exhibit any significant preference for these temperatures, which may indicate a lack of
appropriate breeding areas with the preferred SST range
during the later part of the breeding season. These high
SSTs indicate that bluefin tuna occupying the GOM late in
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Table 2 Thunnus thynnus. Monthly remotely sensed sea surface
temperatures (SSTs) at locations and dates that Atlantic bluefin tuna
exhibited breeding phase behavior
April

May

June

Number of days

121

89

49

SST (C)

24.4 ± 0.5

26.2 ± 0.5

28.6 ± 0.3

SSTs were significantly different between all months (P < 0.001,
ANOVA)

the breeding season are likely subjected to a relatively high
thermal stress. We hypothesize that high temperatures and
hypoxic waters would combine to decrease survivorship for
bluefin tuna caught on longlines in the GOM. It would
therefore be important as a first step, to minimize the
interactions between the longline fishery and the breeding
bluefin tuna in the GOM during this period.
a 0.25

In the Balearic Archipelago, Atlantic bluefin tuna larvae
were primarily found in SSTs from approximately 24 to
25C (Garcia et al. 2005). Like most tuna species, the two
other species of bluefin tuna (Pacific bluefin tuna, T. orientalis, and Southern bluefin tuna, T. maccoyii) also primarily breed in SSTs ‡ 24C (Bayliff 1994; Caton 1994;
Schaefer 2001). In laboratory studies on Pacific bluefin
tuna, the number of deformed larvae at hatching was reduced by rearing eggs at 25C (Miyashita et al. 2000),
which suggests temperature directly affects larval development. Other scombroid species also appear to prefer
SSTs ‡ 24C for breeding. For example, swordfish off
eastern Australia become more reproductively active as
water temperature exceeded 24C (Young et al. 2003).
Western Atlantic bluefin tuna in the breeding phase
appeared to prefer areas with moderate eddy kinetic energy

a 0.20

0.15
0.10

Proportion of use

Proportion of use
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Chlorophyll concentration (mg m-3)
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0.06
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Chlorophyll concentration (mg m-3)

Fig. 5 Thunnus thynnus. a Observed surface chlorophyll habitat use
of breeding phase Atlantic bluefin tuna (n = 28). b Surface chlorophyll
preference of breeding phase Atlantic bluefin tuna. Red bars indicate
bins where fish exhibited significant preference (P < 0.05, 10,000
Monte Carlo samples)
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Fig. 6 Thunnus thynnus. a Observed surface chlorophyll gradient use
of breeding phase Atlantic bluefin tuna (n = 28). b Surface
chlorophyll gradient preference of breeding phase Atlantic bluefin
tuna. Red bars indicate bins where fish exhibited significant
preference (P < 0.05, 10,000 Monte Carlo samples)
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Fig. 8 Thunnus thynnus. a Observed surface current speed habitat
use of breeding phase Atlantic bluefin tuna (n = 28). b Surface
current speed preference of breeding phase Atlantic bluefin tuna. Red
bars indicate bins where fish exhibited significant preference
(P < 0.05, 10,000 Monte Carlo samples)
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Fig. 7 Thunnus thynnus. a Eddy kinetic energy (EKE) distribution in
the Gulf of Mexico. b Observed EKE habitat use of breeding phase
Atlantic bluefin tuna (n = 28). c EKE habitat preference of fish. Red
bars indicate bins where fish exhibited significant preference
(P < 0.05, 10,000 Monte Carlo samples)

(251–355 cm2 s–2), where mesoscale eddies are prevalent.
Similarly, the discrete choice model indicated that eddy
kinetic energy significantly affected the probability of
breeding bluefin tuna using an area, even after taking into
consideration the effects of all other parameters. Eddy
kinetic energy identifies regions where phenomena like
mesoscale eddies and current meanders are common
(Waugh et al. 2006). The GOM has a complex environment

where cyclonic and anti-cyclonic eddies are generated by
the Loop Current, and eddy kinetic energy measurements
can be used to better define the habitat. The meanders and
high current speed of the Loop Current (23 to 35 Sv,
Hamilton et al. 2005) cause the eastern GOM to be an area
of high eddy kinetic energy, while moderate eddy kinetic
energy areas are found primarily in the western GOM.
One of the key oceanographic features in the western
GOM is the cyclonic and anti-cyclonic mesoscale eddies
generated by the Loop Current, which travel to the western
GOM (Dietrich and Lin 1994) at speeds of 3 to 6 km day–1
(Sutyrin et al. 2003). The Loop Current sheds large anticyclonic eddies in the eastern GOM, and these anticyclonic eddies in turn generate cyclonic eddies and areas
with positive vorticity as they move from east to west
(Dietrich and Lin 1994). The moderate eddy kinetic energy
of the western GOM indicates the prevalence of these
mesoscale eddies. In contrast, the shelf regions have lower
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Fig. 9 Thunnus thynnus. a Observed SSHA habitat use of breeding
phase Atlantic bluefin tuna ( n = 28). b SSHA habitat preference of
fish. Red bars indicate bins where fish exhibited significant preference
(P < 0.05, 10000 Monte Carlo samples)

eddy kinetic energy. Cyclonic eddies and areas with positive vorticity in the GOM are associated with cooler temperatures, shallower thermoclines, and enhanced primary
and secondary production (Olson 1991; Bakun 1996; Gasca
1999, 2003; Wormuth et al. 2000; Gasca et al. 2001;
Suarez-Morales et al. 2002). These cooler regions may be
important for adults because warm SSTs, coupled with
large body sizes and increased activity during courtship
and spawning, may result in increased metabolic stress.
In contrast, anti-cyclonic eddies and areas with negative
vorticity have enhanced retention, warmer temperatures,
and deeper thermoclines (Olson 1991; Bakun 1996; Wormuth et al. 2000; Gasca et al. 2001). Bakun (1996) suggested that regions where enhanced production is followed
by enhanced retention would likely improve survival and
recruitment of larval fish.
Larval tuna surveys around the Balearic Archipelago in
the western Mediterranean Sea have similarly suggested
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Fig. 10 Thunnus thynnus. a Observed surface wind speed habitat use
of breeding phase Atlantic bluefin tuna (n = 28). b Surface wind
speed preference of breeding phase Atlantic bluefin tuna. Red bars
indicate bins where fish exhibited significant preference (P < 0.05,
10000 Monte Carlo samples)

that mesoscale eddies are likely to be important for the
successful reproduction of eastern Atlantic bluefin tuna
(Garcia et al. 2005). The Balearic Islands consist primarily
of Ibiza, Mallorca, and Menorca in whose waters bluefin
tuna are known to spawn (Platonenko and Serna 1997;
Nishida et al. 1998). Based on larval tuna survey data from
2001 to 2003, Garcia et al. (2005) also suggested that
bluefin tuna were spawning in mesoscale anti-cyclonic
eddies south of the Balearic Islands.
The bluefin tuna exhibited some preference for areas
with highly negative and/or positive SSHA but these
preferences were not statistically significant. Electronic tag
data are able to provide accurate, high-resolution information on the behavior and physiology of bluefin tuna, and
we used this information to determine the days when the
fish were likely to be breeding (Teo et al. 2007). However,
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the geolocation estimates have relatively coarse spatial
resolution (Teo et al. 2004). It may therefore be more
difficult to determine the habitat use and preference of the
breeding bluefin tuna in relation to small-scale features,
such as eddies that are 50–100 km across. As the accuracy
of geolocation estimates improves, our ability to analyze
fish habitat use and preference in relation to these smallscale features will also improve. In comparison to SSHA,
eddy kinetic energy identifies large regions where phenomena like mesoscale eddies and current meanders are
important over long time scales, and is therefore less
affected by geolocation error.
Our analysis showed that Atlantic bluefin tuna exhibited
significant preference for the continental slope of the GOM
during the breeding phase. However, the fish were most
likely not directly using the continental slope of the GOM
because the maximum depths exhibited by the fish during
the breeding phase were relatively shallow (Teo et al.
2007). It is more likely that the fish preferred areas with
mesoscale eddies, which interact with the bottom topography. As the eddies move from the eastern to the western
GOM, the eddies interact with the bottom topography of
the continental slope, which acts as a guide for the propagation of these eddies (Smith and O’Brien 1983; Sutyrin
et al. 2003).
Surface chlorophyll concentration and gradient significantly affected habitat use of breeding phase bluefin tuna,
with a significant preference for areas with low surface
chlorophyll concentrations (0.10–0.16 mg m–3). This is
similar to the surface chlorophyll concentrations for other
pelagic fish species that use warm, oligotrophic waters for
spawning. For example, swordfish increased their reproductive activity in waters below 0.2 mg m–3 (Young et al.
2003). Bluefin tuna larvae around the Balearic Islands were
also found in areas with low surface chlorophyll concentrations (Garcia et al. 2005). However, they did not report
the levels of surface chlorophyll associated with the bluefin
tuna larvae. The low surface chlorophyll concentrations
associated with bluefin tuna and other pelagic fish are
likely due to their preference for spawning in warm, oligotrophic waters. This preference for warm, oligotrophic
waters may reduce predation on eggs and larvae.
Wind speed is one determinant of microturbulence,
which is thought to affect the feeding success and growth
rate of larval fishes (MacKenzie and Leggett 1993; Dower
et al. 1997). Moderate levels of microturbulence have been
shown in laboratory studies to improve the feeding rate,
growth, and survival of the larval stages of several species,
including yellowfin and Pacific bluefin tuna (Kimura et al.
2004; Kato and Kimura 2005). Increased microturbulence
increases the contact rate between larval fish and their prey;
thus enhancing their feeding rate (Rothschild and Osborn
1988) but high levels of microturbulence reduce the ability
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of larval fish to capture and handle prey (MacKenzie and
Kiorboe 2000). In laboratory studies, Kato and Kimura
(2005) showed that Pacific bluefin tuna larvae had improved feeding and survival rates at moderate levels of
microturbulence with dissipation rates from approximately
3.2 to 10.0 · 10–7 m2 s–3. Since bluefin tuna larvae are
primarily in the upper 15 m of the water column, the
optimal wind speed for the bluefin tuna larvae would be
approximately 7.5 to 12.5 m s–1 (Kato and Kimura 2005).
This range appears to be slightly higher than the preferred
wind speeds exhibited by the bluefin tuna in the breeding
phase. This may be because using wind speed alone
underestimates the level of microturbulence and prey
contact rate in an area, because turbulence can also be
generated from surface currents (Dower et al. 1997). In
addition, the feeding rate is also dependent on the prey
concentration.
When interpreting the results of the discrete choice
model, it is important to note that all the parameters in the
RSF should be considered at the same time. If an area has
an environmental parameter that increases the probability
of bluefin tuna using an area but another parameter that
decreases it, the antagonistic effects of the parameters may
cancel each other out. It is also important to note that it is
unclear if bluefin tuna are directly cueing on specific
oceanographic parameters in their breeding areas, and if so,
which parameters. It is therefore useful to consider that the
breeding areas used by bluefin tuna tended to have certain
oceanographic characteristics rather than being specific
cues.
In this study, we have quantified the habitat use and
preference of Atlantic bluefin tuna on their breeding
grounds in the GOM. Results of this study can be used to
develop a detailed model for the breeding habitat of
Atlantic bluefin tuna in the GOM and determine their
essential breeding habitat. Bycatch of mature bluefin tuna
in the GOM is potentially impacting the recovery of the
western stock of Atlantic bluefin tuna (Block et al. 2005). If
the essential breeding habitat can be identified, as we have
done here, and a restricted time-area closure in the GOM
developed to reduce the interaction of pelagic longlines
with bluefin tuna, it may be possible to protect this
important spawning habitat. Importantly, our results can
form the basis of a predictive habitat-interaction model
used to set up time-area closures or direct commercial
fisheries to areas with lower probability of interaction. In
order to minimize the impact on the fishers, the optimal
time and area of closure could also be determined by
comparing the habitat use and preferences of yellowfin
tuna in the GOM (the target species), with bluefin tuna. The
fishers could then be encouraged to fish in areas where the
yellowfin catch-per-unit-effort is likely to remain high but
with reduced impact on bluefin tuna. In addition, it would
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be important to do a parallel study on the breeding grounds
of eastern Atlantic bluefin tuna in the Mediterranean Sea
and compare the results of this study. Comparative analysis
will enable us to better understand how pelagic fish species
use different oceanic regions during spawning, discern
potential population differentiation in distinct habitats, and
help delineate and protect spawning grounds of the Atlantic
bluefin tuna.
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