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Quantifying overlap between the 
Deepwater Horizon oil spill and 
predicted bluefin tuna spawning 
habitat in the Gulf of Mexico
Elliott L. Hazen1,2, Aaron B. Carlisle1,3, Steven G. Wilson3, James E. Ganong3, 
Michael R. Castleton3, Robert J. Schallert3, Michael J. W. Stokesbury4, Steven J. Bograd1 & 
Barbara A. Block3

Atlantic bluefin tuna (Thunnus thynnus) are distributed throughout the North Atlantic and are both 
economically valuable and heavily exploited. The fishery is currently managed as two spawning 
populations, with the GOM population being severely depleted for over 20 years. In April-August of 
2010, the Deepwater Horizon oil spill released approximately 4 million barrels of oil into the GOM, with 
severe ecosystem and economic impacts. Acute oil exposure results in mortality of bluefin eggs and 
larvae, while chronic effects on spawning adults are less well understood. Here we used 16 years of 
electronic tagging data for 66 bluefin tuna to identify spawning events, to quantify habitat preferences, 
and to predict habitat use and oil exposure within Gulf of Mexico spawning grounds. More than 
54,000 km2 (5%) of predicted spawning habitat within the US EEZ was oiled during the week of peak 
oil dispersal, with potentially lethal effects on eggs and larvae. Although the oil spill overlapped with a 
relatively small portion of predicted spawning habitat, the cumulative impact from oil, ocean warming 
and bycatch mortality on GOM spawning grounds may result in significant effects for a population that 
shows little evidence of rebuilding.

The Atlantic bluefin tuna (Thunnus thynnus) is a large endothermic, highly migratory species that is broadly 
distributed throughout the Atlantic Ocean from the waters off Greenland and Norway in the north to Argentina 
in the south1–3. Atlantic bluefin tuna are one of the most highly valued fish in the world which has led to the 
heavy exploitation of all three bluefin tuna species (Atlantic bluefin, southern bluefin T. maccoyii, Pacific bluefin 
T. orientalis)4,5. Atlantic bluefin tuna (ABFT) migrate seasonally between productive temperate and subpolar 
foraging habitats to warm subtropical habitats where they feed and spawn3,6–8. Historically, fish from the western 
population were hypothesized to spawn in the Gulf of Mexico (GOM) and those from the eastern population 
to spawn largely in the Mediterranean3,9–12. A recent study has shown spawning in Atlantic slope waters but it 
remains unclear how much this spawning area contributes to the western Atlantic bluefin tuna stock13. Both 
Mediterranean and GOM spawning populations are now known to mix and feed in waters off the western north 
Atlantic, particularly along the eastern seaboard of North America, while recent tagging, otolith michrochemis-
try, and genetic studies have shown that large adult fish feeding in the Gulf of St. Lawrence are largely fish from 
the western population6,7,9,14. Following feeding in the waters off the east coast of North America, fish from the 
western Atlantic stock migrate south to the GOM from November to August with a peak in spawning during the 
spring and early summer6,12,15,16.

Both the GOM and Mediterranean Atlantic bluefin tuna populations have been greatly reduced due to overex-
ploitation, however the GOM population is smaller and has been more heavily impacted by overfishing than the 
Mediterranean population17. The GOM spawning stock biomass is 20% of 1970 levels and the ensuing 20-year rebuilding 
plan has not stemmed declines, highlighting the long term effects of fishing pressure on this depleted population10,18. 
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Although no bluefin tuna are targeted in the US portion of the GOM due to existing fishery restrictions, they are 
caught as bycatch on yellowfin longline fisheries, prompting seasonal closures in the past two years7,12,16.

Bluefin tuna in the GOM spawn primarily in March – June in waters warmer than 24 °C yet often avoiding 
the warmest loop current waters, likely minimizing physiological stress and optimizing survival of spawned lar-
vae12,16,19. Predictions of future warming scenarios for the GOM indicate that physiology may limit available 
spawning habitat unless tuna spawning shifts to earlier in the year20. Given the importance of the GOM as a 
spawning location for the western population6,12,16,19, cumulative effects from anthropogenic activities that impact 
this critical habitat during the spawning season need to be assessed.

On April 20th 2010, the Deepwater Horizon (DWH) oil platform exploded in the northern GOM, releasing 
approximately 4 million barrels of crude oil into the ocean until the well was sealed in September 2010, resulting 
in one of the largest oil spills in history21,22. The shelf and slope waters of the northern GOM are a biodiverse area 
that serve as a spawning location for many pelagic fish species, including bluefin tuna, dolphinfish, marlin and 
swordfish12,16,23, in addition to supporting a variety of economically important commercial and recreational fish-
eries. Impacts of oil on the biology of higher trophic levels are particularly difficult to assess, as observed mortality 
is typically a significant underestimate, less than 10% of actual mortality24. Exposure of fish eggs and larvae to 
crude oil and weathered oil byproducts has a variety of deleterious, sublethal effects, including reduced growth 
rates, genotoxicity, impaired cardiac function, morphological malformations and premature hatching25–29. Less 
is known about impacts on juvenile or adult tunas. Given the depleted status of the GOM population of bluefin 
tuna18, their use of the GOM as a spawning area16, and the vulnerability of eggs and larvae to Polycyclic aromatic 
hydrocarbon contaminants26,27, the oil spill may have had significant effects on the health of the GOM population 
of bluefin tuna. Therefore, continued monitoring of adult tuna in addition to the 2010 year class is needed to 
understand population level effects.

Understanding the risks incurred by marine species in relation to anthropogenic stressors requires informa-
tion on the habitat use and movements of marine animals as well as the spatial and temporal patterns of their 
stressors30,31. Published data on spawning events and larval distribution show a peak in May suggesting that mul-
tiple bluefin tuna life stages (eggs, larvae and adults) were likely exposed to oiled waters in the GOM12,16. In fact, 
two electronically tagged adult bluefin tuna exhibited putative spawning behaviors in the vicinity of the oil spill, 
spending several weeks in the waters around the Macondo well7. Using nekton surveys, Muhling et al.11 estimated 
that between 5–12% of larval bluefin tuna in the US EEZ were exposed to contaminated waters each week during 
the oil spill, although the bulk of spawning habitat and larvae were outside the area affected. Predicted adult blue-
fin habitat use in the GOM can be used to determine their potential exposure to contaminated waters, while the 
location and timing of spawning will determine the extent that eggs and larvae may be exposed to oil products. 
Hence, a more complete understanding of the potential impact that the oil spill had on bluefin tuna adults and 
larvae requires knowledge of how these fish use the GOM and where they spawn.

Here we use an extensive satellite and archival tag dataset from mature Atlantic bluefin tuna7 on GOM 
spawning grounds to model adult presence and spawning habitat within a generalized additive mixed modeling 
(GAMM) framework. In addition, we parameterized a Bayesian model to identify potential spawning events. 
Remotely-sensed oceanographic data were used to generate a spatially and temporally explicit estimate of where 
bluefin tuna were and where spawning occurred in the GOM during the DWH oil spill. We then combined hab-
itat and spawning predictions with the spatial extent of the oil spill to quantify the overlap between bluefin tuna 
spawning habitat and oiled waters. Our approach provides both a time-varying and cumulative estimate of the 
impact of the DWH oil spill on adults and potentially multiple life history stages of bluefin tuna.

Methods
A total of 125 bluefin tuna were satellite tagged in the southern Gulf of Saint Lawrence (GSL in the waters off 
Cape Breton Island, Nova Scotia) in September through October from 2007 to 2014. Tags were programmed 
to release during their late summer return to the GSL foraging ground in order to recover the tag after fully 
sampling the Gulf of Mexico. Post-release tags transmitted location via Argos satellites, and when possible tag 
recovery was attempted from a shore-based recovery team7. In addition, we also examined historical data from 
surgically implanted or externally attached archival tags deployed in the Gulf of Mexico and off Cape Hatteras 
and Morehead City, North Carolina from 1999–2005 (n =​ 24)12. All bluefin tuna were caught on rod and reel and 
tagged using two generations (MK10 and miniPATs) of Wildlife Computers pop-up satellite archival tags (PAT) 
over the course of the study. Light levels recorded by the tags were processed to generate daily estimates of latitude 
and longitude which were then matched sea surface temperature (SST) data from tag and remotely sensed data 
following Teo et al.32. Position estimates were refined using a probabilistic state space model (SSM) that incorpo-
rated maximum dive depth and bottom bathymetry and enabled quantification of the uncertainty associated with 
each daily position6,33,34. The model was validated with endpoint data from tagged Atlantic bluefin tuna (n =​ 72). 
For detailed information on tag preparation, programming, attachment, construction, and geolocation analyses 
see Block et al. and Wilson et al.6,7. All experimental protocols were carried out in accordance with relevant guide-
lines and regulations, and were approved by the Administrative Panel on Laboratory Animal Care of Stanford 
University and the Acadia University Animal Care Committee.

From the electronic tagging dataset, we examined 66 Atlantic bluefin tuna with tags recovered and that 
entered the GOM (which occurred between November and June) to examine residency and habitat preference 
(Supplemental Table 1). Bluefin were considered to have entered the GOM once they passed the 80.5° W meridian 
and remained within the GOM for six days. The resulting GOM bluefin tuna dataset encompassed 5272 track-
ing days with individual track lengths ranging from 7 to 193 days within the Gulf (for tag deployment details 
see ref. 7). Two of these tagged tuna (ID 5109026 and 5109029) were present in the GOM during April-August 
of 2010, overlapping temporally and spatially with the Deepwater Horizon oil spill. The tag data set contained 
extensive archival data enabling a thorough examination of bluefin tuna behavior in the GOM. We also use model 
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integrated surface oil data from the Environmental Response Management Application (ERMA) as part of the 
National Resource Damage Assessment (NRDA) to estimate the total surface area of the GOM that was oiled, 
and to calculate a time series of adult Atlantic bluefin tuna habitat and spawning habitat oiled35,36. These modeled 
products rely on remotely sensed data for surface waters thus the effects of subsurface oil remain outside the scope 
of this study.

As tracking data give presence of tuna but no direct measure of absence, correlated random walks (CRWs) 
were used to represent a null model where tuna could move in the environment independent of oceanographic 
variables. For each of the 66 bluefin tuna tracks, 100 CRWs were created for use as pseudo-absences in our model 
framework (Supplemental Figure 1). CRWs are simulated tracks that consist of a succession of random steps, with 
each position generated using tag-derived turning angle and distance distributions from a specific tuna track37,38. 
The starting point for each CRW was the tagging location (if tagged in the GOM) or point of entry to the gulf, 
the initial angle of travel of the CRW matched the initial angle of the corresponding tag, each CRW position was 
given the same error distribution as the actual track, and each CRW has the same duration as the original tag. 
CRWs are not true absences because un-tagged tuna movement patterns are unknown and their distribution 
could potentially overlap with a null track. For each track, a random CRW was chosen from the population of 
CRWs to create a presence/absence dataset to fit and predict habitat likelihood, with this process repeated 60 
times38,39. We also examined spatial and temporal scales of bluefin tuna movement within the GOM using resi-
dence time and first-passage time analyses in the R package adehabitat (v. 1.8.18).

Spawning dates were determined based on the diving behavior and internal temperature of archival 
tagged tuna (see Supplemental methods for additional information and ref. 16). Diving behavior in the 
GOM was characterized by deep diving as the fish entered and exited the GOM (crossing 80.5° W), and peri-
ods of shallow oscillatory diving during the night when internal temperatures increased. Telemetry-derived 
rapid oscillatory diving behaviors have been used to identify putative spawning, such as for skipjack tuna 
in the eastern Pacific40, bluefin tuna in the GOM16,41, and bluefin tuna in the Balearic sea42. While we 
lack direct observations of spawning from telemetry records, these oscillatory dives are uniquely found 
on spawning grounds and occur spatially and temporally in areas of high larval abundance12,16. Each fish 
with diving behavior was examined for oscillatory night diving (ref. 16 ) using both expert opinion of two 
scientists and a Bayesian model (fully described in the Supplemental methods). Putative spawning dates 
were combined with transiting dates to create a binary response variable with negative binomial link in the 
spawning likelihood generalized additive mixed model.

Modeled spawning behavior could only be calculated for the electronic tags with continuous time series 
records including archival tags and recovered PAT tags. Switching state-space models have been used to identify 
putative foraging events via distance and turn and angles34, and here we use both horizontal and vertical move-
ment data with additional proxies to identify presumed spawning events. Dates and locations from state space 
modeled output were classified as “spawning” or “non-spawning.” We identified ten “proxy” functions to separate 
days hypothesized as spawning behavior from non-spawning days (see supplement). This method of combining 
proxies is tolerant of false detections, and allows for overlapping probability distributions. Note that this method 
does not require that a proxy be high or low to indicate spawning, rather it requires that the proxy values are 
concentrated at some point along the proxy axis during spawning. Spawning and non-spawning dates that were 
identified in the archival tag validation data set were also compared to visually identified spawning from a pair of 
human experts. These two approaches showed 87% agreement suggesting that by combining both methods we are 
able to robustly identify changes in behavior that typify spawning.

Remotely sensed environmental data were obtained for both actual and CRW tracks using Xtractomatic 
(http://coastwatch.pfel.noaa.gov/xtractomatic). The data sets included time-series of sea surface temperature 
(SST) and SST variability (standard deviation, SSTsd – 8 day) merged from Pathfinder and AVHRR, surface 
chlorophyll-a concentration (chl a – 8 day) merged from SeaWiFS and MODIS, sea surface height anomaly (SSHa 
– 1 day) from Aviso, SSHa variability (standard deviation, SSHsd) from Aviso, eddy kinetic energy (EKE – 1 day) 
derived from Aviso, vertical Ekman pumping (wekman – 8 day) derived from merged Quikscat and Ascat data, 
north winds (uy10 – 8 day) merged from Quikscat and Ascat data, moon phase (moon – 1 day) from NOAA, 
bathymetry (bathy) and rugosity (standard deviation, bathysd) both from eTOPO2. For each oceanographic 
variable, the geolocation error radius from each daily SSM and CRW position was used to calculate a mean value. 
Transformations of the environmental variables were explored to ensure data were normally distributed. A loga-
rithmic transformation was required for Chl-a and EKE.

In order to quantify habitat use in the GOM, a binary presence/absence generalized additive mixed model 
(GAMM) was fit as a function of oceanographic variables incorporating a negative binomial link function. We use 
state space model derived geolocation error at each position to determine the radius of sampled predictor varia-
bles, which provides a probabilistic estimate of experienced environmental covariates. In addition, we assess error 
introduced by pseudo-track choice via AUC scores of multiple CRW combinations, and we assess model diagnos-
tics for habitat and spawning using k-fold cross-validation with test-training datasets. Spawning likelihood mod-
els were fit using a binary spawning/non-spawning GAMM for each daily position along the track against similar 
oceanographic variables, and also used a negative binomial link function. GAMMs are semi-parametric models 
that use smoothing splines to identify the relationship between dependent variable and predictor43. GAMMs 
allow for non-linearity, non-constant variance, and non-monotonicity in contrast to more conservative linear 
models. The mixed model can incorporate random effects, and in our case used tag ID as a random variable to 
account for correlations among observations. The advantage of pairing track points with CRW points in a GAMM 
framework is that both absence and presence are sampled at the same spatiotemporal scales minimizing the resid-
ual autocorrelation. Various combinations of environmental data sets were included in the GAMMs based on a 
priori designation to determine the best model. The models’ explanatory and predictive power were compared 
using Akaike Information Criterion (AIC) and area under the curve (AUC) statistics44,45. The GAMMs were run 

http://coastwatch.pfel.noaa.gov/xtractomatic
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in R (version 3.12) using the MGCV package (version 1.7–6) with cross-validation using the ROCR package 
(version 1.07). The GAMM model with highest AUC values and subsequently lowest AIC value was run 60 times 
with randomly chosen pseudo-absence tracks for each tag to quantify error derived from CRW selection. We ran 
model diagnostics using k-fold cross-validation in two configurations. Models were fit with randomly selected 75 
training/25% test data, and subsequently each year was removed when fitting the model as test data to examine 
interannual predictive ability. The cross-validation process was repeated for the spawning model and a single 
best-fit spawning model was chosen for prediction purposes.

Environmental relationships from the best-fit GAMMs were used to predict (1) adult ABFT habitat and (2) 
spawning likelihood within that habitat, both as a function of ocean variables from April 1st to August 26th, 2010 
in weekly increments. Response surfaces for the time of the oil spill were aggregated by week at 0.25° x 0.25° spa-
tial resolution. Binary cut-offs were determined using the ROCR package (version 1.0-7) in order to minimize the 
false positive rates and provide conservative estimates of both habitat and spawning likelihood. Modeled habitat 
likelihood and spawning likelihood were multiplied together to get estimates of total spawning habitat during the 
duration of the oil spill. Oil products were also interpolated to the nearest date to provide comparable oil extent in 
the Gulf of Mexico. The amount of spawning habitat in the GOM was summarized for the US EEZ for comparison 
with previous studies, as well as for the entire Gulf of Mexico in relation to overlap with oil layers. We calculated 
the percentage of habitat within the oil spill that was predicted bluefin spawning habitat in addition to the total 
percentage of spawning habitat that was oiled. These two metrics provide complementary statistics on the overlap 
between oil and tuna and secondarily quantify potential impact on spawning adult tuna in the GOM.

Results
Tag data from 1997–2014 indicate that the peak occupancy in the GOM for bluefin tuna (40% of tagged fish) 
occurs from March 15th to May 31st (Fig. 1A,B) which agrees with previous analyses of Atlantic bluefin tuna elec-
tronic tag data, larval data, and bycatch data7,11,12,46. Proposed spawning behavior was identified between April 
1st and June 28th with a peak (>​20% of tags with spawning) between April 15th and May 20th (Fig. 1B). Bluefin 
tuna occupied the entire GOM, while spawning was generally more restricted to the northern GOM slope waters 
(>​23° N latitude). Residence time and first-passage time analyses for the entire GOM dataset indicated that the 
average scale of movement was 100 km every 4.3–10.1 days (Fig. 1C). Given that tuna could easily move out of a 
100 km ×​ 100 km grid cell within a week (Fig. 1C), each week was considered new habitat.

Models of bluefin habitat (presence vs. simulated absence) resulted in a subset of 6 environmental variables 
selected in the most parsimonious model (Table 1, Supplemental Table 2, Supplemental Fig. 2). The summary sta-
tistics showed that these variables remained significant across all 60 runs of the models (100%), except for SSHa 
and SSHsd, which were significant in 78% and 93% of the CRW iterations respectively (Table 1). The spawning 
model selected included 9 out of 11 terms from the full model (Supplemental Table 2). The final habitat and 
spawning models both had higher AUC values than the reduced model (SST, SSHa, EKE), so the best-fit models 
were chosen for predictive purposes to maximize our accuracy (Table 1, Supplemental Table 2, Supplemental 
Figures 3–5). Cross validation for 75% training/25% test with 5 folds resulted in mean AUC values of 0.789 and 
0.905 for the presence/absence and spawning model respectively. Cross validation by year (13 folds) resulted in 
mean AUC values of 0.758 for the presence/absence, and 0.901 for the spawning model.

The models demonstrated that Atlantic bluefin tuna in the GOM had strong associations with SSTs between 15 
and 25 °C, higher EKE values (>​0.001 log m2·s−2), and slightly positive SSHa values (between −​0.16 and 0.2 cm). 
Tuna also avoided shallower shelf waters with a preference for the shelf break, slope and deeper waters (Fig. 2, 
Supplemental Figs 2,4 and 5). Spawning habitat preferences had similar environmental drivers to total habitat 
with some notable exceptions. Bluefin tuna were more likely to exhibit spawning behavior at high temperatures 
(>​22 °C), and low SSHa values (<​−​0.05 cm), and spawning behavior was more likely during full moons. Adult 
tuna avoided the loop current (higher EKE values, Fig. 2G) and warmer waters as the season progressed (higher 
SST values) and predicted spawning habitat also excluded the loop current (Figs 2F and 3). The combined hab-
itat predictions showed preferred bluefin tuna habitat was most persistent in the western and northern GOM 
throughout the duration of the oil spill. However, the overall availability of preferred habitat decreased particu-
larly after June 1st of 2010 (Fig. 3).

Estimates of oiled spawning habitat were predicted beginning on April 21st, and oil was largely absent from sur-
face waters by July 28th. Importantly, the timing of the oil spill directly overlapped with the maximum extent of adult 
bluefin tuna foraging and spawning habitat in the gulf (Fig. 3). Weekly oiled habitat ranged from 0 to 2.6% (mean 1%)  
of total bluefin habitat in the Gulf (Fig. 3F), and 0 to 5.5% (mean 1.8%) of habitat in the US EEZ, at the peak on June 
6th, 2010. This corresponds to 54,000 km2 habitat oiled out of 941,394 km2 total habitat available on that date. At 
the same time, >​70% of the extent of the oil spill was identified as preferred bluefin tuna habitat through May 12th  
with that amount dropping to near 0% in early June (Fig. 3E). However, there was a secondary peak between July 
1st and July 21st when tuna habitat and the oil spill overlapped again (20% of oil extent was habitat and <​1% of 
total bluefin preferred spawning habitat was oiled). Summing the area of the predicted habitat and the oil spill 
overlap by week, the cumulative oiled tuna habitat was 8,086,130 km2 representing the potential for a significant 
impact on adult and potentially larval bluefin tuna in the GOM.

Discussion
Atlantic bluefin tuna are the focus of international fisheries management and significant effort has been 
invested in trying to rebuild the GOM and Mediterranean populations in part due to their high economic 
value. Rebuilding plans have not yet resulted in recovery of the GOM population, and seasonal closures have 
recently been established to protect this population on the GOM spawning grounds7. The discrete GOM blue-
fin tuna population is largely fished in the Gulf of St. Lawrence, with fisheries landings over 500t per year 
recently17,18,47,48. Although bluefin tuna are not directly harvested by the US in the GOM, their reliance on the 
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GOM for spawning has resulted in a significant level of bluefin tuna bycatch in yellowfin tuna longline fisher-
ies6,46. The impacts of the DWH oil spill on this vulnerable and rebuilding population remain unknown.

The Deepwater Horizon was the largest oil spill in US history, in an area of huge economic and ecological 
importance49–51, yet the effects of this event on the ecology of the GOM remain unclear, especially for commer-
cially important pelagic species such as the Atlantic bluefin tuna. Numerous pelagic species spawn in the GOM in 
the spring and summer months including Atlantic bluefin, yellowfin, and blackfin tunas, blue marlin, swordfish 
and mackerels, and consequently numerous economically important fisheries operate within the GOM12,16,23. We 
demonstrate that there was significant overlap between bluefin tuna spawning habitat (eggs, larvae and adults) 
and oiled surface waters in the Gulf of Mexico, up to 2.6% of their total Gulf habitat or 5.5% of their habitat within 
the US EEZ. Our estimates are slightly lower than those from larval surveys (5–11%), but previous calculations 
used preliminary oil surface layers and focused only on the northern GOM11. The ultimate effects of having 
between 2.6% of their total GOM spawning habitat to 11% of their larval habitat within the US EEZ11 exposed 

Figure 1.  Atlantic bluefin tuna residence and spawning behavior in the Gulf of Mexico from tag data 
(1997–2014). (A) State-space modeled presence is shown in blue with tag-derived spawning events shown 
in red. (B) Temporal occupation of the gulf is shown in blue measured by percentage of tagged fish with peak 
percentage of fish spawning shown in red. The period of the Macondo well oil spill in 2010 is shown in grey.  
(C) Residence time and first passage time illustrate spatio-temporal scales of movement patterns of tagged 
bluefin tuna within the gulf. Figures were made in R v. 3.2.0: A Language and Environment for Statistical Computing, 
R Core Team, R Foundation for Statistical Computing, Vienna, Austria (2016) https://www.R-project.org.

https://www.R-project.org
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to oil are unclear, but they may have potentially important effects on the 2010 year-class of Atlantic bluefin tuna. 
Monitoring 2010 and future cohorts would allow assessment of whether DWH had an acute effect on bluefin 
tuna, although chronic impacts may take much longer to manifest52.

There are well documented impacts in larval tuna exposed to oil via the blocking of critical cardiac 
pathways26,53,54, yet the effects on juveniles and adults remain less clear. Experimental effects of oil on chub 
mackerel indicated that four days of cumulative exposure significantly impaired their metabolic rates55. 
Adult bluefin are capable of moving at a scale of ~100 km per week thus it is likely they could move to avoid 
direct exposure to oil for prolonged periods. Nonetheless, it is possible that even minimal exposure for fish 
with high gill surface areas when combined with the energetic costs of spawning and high temperatures in 
the GOM may have a synergistic deleterious effect on adult survival (e.g. ref. 56) or long-term reproductive 
output57. Similar effects have been observed in Prince William sound where chronic exposure inhibited 
reproduction and increased mortality rates for fish years after the initial spill52. Bluefin tuna are not obligate 
spawners and can skip years, although spawning can occur for multiple days and multiple bouts within 
a season58. Even though there is high variability in output and natural mortality of bluefin tuna larvae59, 
increased larval mortality due to oil exposure may further reduce the resilience of this population to con-
tinued high fishing pressure.

By examining total habitat use by Atlantic bluefin tuna and putative spawning behavior, we were able to pre-
dict spawning habitat for adults and presumably the resulting distribution of eggs and larvae7,16. Spawning events 
were more constrained than adult habitat, with moon phase playing an important role in these models. We found 
that spawning likelihood was greater in low SSHa waters, and warmer waters similar to previous findings from 
adult and larval data in the GOM6,12,19,41. In addition, the timing and spatial extent of spawning here matches 
the phenology and distribution of larval bluefin tuna in the GOM19, providing strong support for our use of 
night-time, shallow, rapid oscillatory dives as a proxy for spawning. Because tuna entered the GOM as early as 
November and spawning was largely in the late spring and early summer when water temperatures were warmer, 
the model predicts spawning at warmer temperatures compared to habitat use models (Fig. 2E,G). Tuna spawning 
is predicated on presence in the GOM, thus the results of the spawning model must be interpreted in concert with 
the results of the presence/absence model. In other words, tuna cannot spawn in a location that an adult does not 
occur. The preference for temperatures cooler than 25 °C in the habitat model suggests that tuna occupy cooler 
habitat within the GOM, but spawn preferentially later in the season and in lower SSHa waters. Similar to the 
findings here, bycatch data show increased catch rates at lower SSHa values and cooler temperatures, suggesting 
preferential use of mesoscale eddies46. Given tuna spawn late in the season before leaving the GOM, spawning 
likely occurs at an optimal temperature for the larvae, yet close to the physiological thermal limit of bluefin 
(Figs 1B and 2, refs 12,16 and 46) increasing their potential sensitivity to additional stressors such as oil and 
bycatch. Larval distribution models fit to climate projections estimated that spawning habitat in late spring would 
contract due to warming while early spring spawning may become more common, which substantiates these 
potential physiological limits of adult bluefin20.

The combination of increased capabilities of electronic tags60–62 with advances in statistical techniques has 
expanded the use of habitat models in marine conservation and management63,64. However, the dichotomy 
between analysis techniques for tag-based movement data and fisheries stock assessments still make combining 
these approaches difficult65,66. Recently, tag data have been combined with Bayesian movement models to analyze 
and incorporate mixing among discrete populations for use in improving international quota allocation66. Tag 
data have been integral in ecosystem based management approaches such as overlap with anthropogenic risks31, 
designation and assessment of protected areas67, predicted response to climate change68, and assessing bycatch 
risk in marine fisheries69. Moving beyond static and seasonal closures, tag data have been critical in identifying 

n (models)

Full model Reduced model Spawning model

60 60 1

s(sst) 100% 100% 100%

s(log(eke)) 100% 100% —

s(ssha) 78% 49% 100%

s(sst_sd) 100% — —

s(ssha_sd) 93% — —

s(bathy) 100% — 100%

s(log(chl)) — — 100%

s(uy10) — — 100%

s(bathy) — — 100%

s(bathyrms) — — 100%

s(moonphase) — — 100%

R-squared 0.25 0.13 0.27

AUC 0.794 0.703 0.72

AIC 54055 49010 67258

Table 1.   Generalized additive mixed model output for the selected best model (presence/absence), reduced 
model (presence/absence), and the selected best spawning model. The amount of times each term remained 
significant over 60 runs is represented by percentages.
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Figure 2.  Generalized additive mixed model response curves for (A) presence-absence and (B) spawning 
likelihood. Positive values on the y-axis indicate increased likelihood of presence or spawning. The four 
most significant explanatory variables, sea surface temperature, eddy kinetic energy, sea surface height, and 
bathymetry are shown here, with complete GAMM splines shown in Supplemental Figs 3 and 4. Figures were 
made in R v. 3.2.0: A Language and Environment for Statistical Computing, R Core Team, R Foundation for 
Statistical Computing, Vienna, Austria (2016) https://www.R-project.org.

https://www.R-project.org
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dynamic management areas such as for turtles in the central Pacific70,71 and bluefin tuna in Australia72. Seasonal 
closed areas for longlines targeting GOM yellowfin tuna have been implemented in 2014–2017 for April and May 
to minimize bluefin tuna bycatch7,73. Importantly, the tuna habitat model presented here could be used in either 
a near-real time predictive mode using satellite data or in forecast mode with forward-looking projections from 
ocean models to offer dynamic closures that would track key ocean features, potentially minimizing bycatch in 
longline fisheries72,74–76. Combining adult Atlantic bluefin tag data with fisheries observer bycatch data and lar-
val sampling data would provide a holistic picture of bluefin tuna habitat use in the GOM to improve dynamic 
approaches to conserve this rebuilding population.

References
1.	 Di Natale, A., Idrissi, M. & Rubio, A. J. The Mystery of Bluefin Tuna (Thunnus Thynnus) Presence and Behaviour in Central-South 

Atlantic in Recent Years. Collect. Vol. Sci. Pap. ICCAT 69, 857–868 (2013).
2.	 MacKenzie, B. R., Payne, M. R., Boje, J., Høyer, J. L. & Siegstad, H. A cascade of warming impacts brings bluefin tuna to Greenland 

waters. Global change biology 20, 2484–2491 (2014).
3.	 Mather, F. J., Mason, J. M. & Jones, A. C. Historical document: life history and fisheries of Atlantic bluefin tuna. (US Department of 

Commerce, National Oceanic and Atmospheric Administration, National Marine Fisheries Service, Southeast Fisheries Science 
Center, 1995).

4.	 Collette, B. et al. High value and long life-double jeopardy for tunas and billfishes. Science 333, 291–292 (2011).
5.	 I. S. C. Stock Assessment of Pacific Bluefin Tuna. International Scientific Committee for Tuna and Tuna-like Species in the North 

Pacific Ocean Annex 9 (2016).
6.	 Block, B. A. et al. Electronic tagging and population structure of Atlantic bluefin tuna. Nature 434, 1121–1127 (2005).
7.	 Wilson, S. G. et al. Tracking the fidelity of Atlantic bluefin tuna released in Canadian waters to the Gulf of Mexico spawning grounds. 

Canadian Journal of Fisheries and Aquatic Sciences 72, 1700–1717 (2015).
8.	 Baglin, R. E. Jr. Reproductive biology of western Atlantic bluefin tuna. Fishery Bulletin 80, 121–134 (1982).
9.	 Gillanders, B., Schloesser, R. W., Neilson, J. D., Secor, D. H. & Rooker, J. R. Natal origin of Atlantic bluefin tuna (Thunnus 

thynnus) from Canadian waters based on otolith δ​ 13C and δ​ 18O. Canadian Journal of Fisheries and Aquatic Sciences 67, 563–569 
(2010).

10.	 Magnuson, J. J. An assessment of Atlantic bluefin tuna. 1–166 (National Academy Press, 1994).
11.	 Muhling, B. et al. Overlap between Atlantic bluefin tuna spawning grounds and observed Deepwater Horizon surface oil in the 

northern Gulf of Mexico. Marine pollution bulletin 64, 679–687 (2012).
12.	 Teo, S. L., Boustany, A. M. & Block, B. A. Oceanographic preferences of Atlantic bluefin tuna, Thunnus thynnus, on their Gulf of 

Mexico breeding grounds. Marine Biology 152, 1105–1119 (2007).
13.	 Richardson, D. E. et al. Discovery of a spawning ground reveals diverse migration strategies in Atlantic bluefin tuna (Thunnus 

thynnus). Proceedings of the National Academy of Sciences 113, 3299–3304, doi: 10.1073/pnas.1525636113 (2016).

Figure 3.  (A–D) Spawning habitat predictions and oil spill extent over the duration of the oil spill. Likelihood 
of habitat ranges from low (white and pink) to high (yellow and green). Timeseries of (E) the habitat contained 
within the oil spill (percentage of oil spill area) represents how much of the oiled extent was considered tuna 
habitat, while (F) the amount of tuna habitat oiled (percentage of total habitat) represents the how much of 
predicted Gulf of Mexico spawning habitat was covered in oil. Figures were made in R v. 3.2.0: A Language and 
Environment for Statistical Computing, R Core Team, R Foundation for Statistical Computing, Vienna, Austria 
(2016) https://www.R-project.org.

https://www.R-project.org


www.nature.com/scientificreports/

9Scientific Reports | 6:33824 | DOI: 10.1038/srep33824

14.	 Rooker, J. R. et al. Natal homing and connectivity in Atlantic bluefin tuna populations. Science 322, 742–744 (2008).
15.	 Stokesbury, M. J., Teo, S. L., Seitz, A., O’Dor, R. K. & Block, B. A. Movement of Atlantic bluefin tuna (Thunnus thynnus) as 

determined by satellite tagging experiments initiated off New England. Canadian Journal of Fisheries and Aquatic Sciences 61, 
1976–1987 (2004).

16.	 Teo, S. L. et al. Annual migrations, diving behavior, and thermal biology of Atlantic bluefin tuna, Thunnus thynnus, on their Gulf of 
Mexico breeding grounds. Marine Biology 151, 1–18 (2007).

17.	 Fromentin, J.-M., Bonhommeau, S., Arrizabalaga, H. & Kell, L. T. The spectre of uncertainty in management of exploited fish stocks: 
The illustrative case of Atlantic bluefin tuna. Marine Policy 47, 8–14 (2014).

18.	 Arrizabalaga, H. et al. Report of the 2012 Atlantic bluefin tuna Stock Assessment Session. ICCAT SCI-033, 1–124 (2013).
19.	 Muhling, B. A., Lamkin, J. T. & Roffer, M. A. Predicting the occurrence of Atlantic bluefin tuna (Thunnus thynnus) larvae in the 

northern Gulf of Mexico: building a classification model from archival data. Fisheries Oceanography 19, 526–539 (2010).
20.	 Muhling, B. A., Lee, S.-K., Lamkin, J. T. & Liu, Y. Predicting the effects of climate change on bluefin tuna (Thunnus thynnus) 

spawning habitat in the Gulf of Mexico. ICES Journal of Marine Science 1051–1062, doi: 10.1093/icesjms/fsr008 (2011).
21.	 Camilli, R. et al. Tracking hydrocarbon plume transport and biodegradation at Deepwater Horizon. Science 330, 201–204 (2010).
22.	 Crone, T. J. & Tolstoy, M. Magnitude of the 2010 Gulf of Mexico oil leak. Science 330, 634–634 (2010).
23.	 Rooker, J. R. et al. Spatial, temporal, and habitat-related variation in abundance of pelagic fishes in the Gulf of Mexico: Potential 

implications of the Deepwater Horizon Oil Spill. PloS one 8, e76080 (2013).
24.	 Williams, R. et al. Underestimating the damage: interpreting cetacean carcass recoveries in the context of the Deepwater Horizon/BP 

incident. Conservation Letters 4, 228–233 (2011).
25.	 Balk, L. et al. Biomarkers in natural fish populations indicate adverse biological effects of offshore oil production. PLoS One 6, 

e19735 (2011).
26.	 Brette, F. et al. Crude oil impairs cardiac excitation-contraction coupling in fish. Science 343, 772–776 (2014).
27.	 Carls, M., Rice, S. & Hose, J. Low-level exposure during incubation causes malformations, genetic damage, and mortality in larval 

Pacific herring (Clupea pallasi). Environmental Toxicology and Chemistry 18, 481–493 (1999).
28.	 Incardona, J. P., Collier, T. K. & Scholz, N. L. Defects in cardiac function precede morphological abnormalities in fish embryos 

exposed to polycyclic aromatic hydrocarbons. Toxicology and applied pharmacology 196, 191–205 (2004).
29.	 Norcross, B. L., Hose, J. E., Frandsen, M. & Brown, E. D. Distribution, abundance, morphological condition, and cytogenetic 

abnormalities of larval herring in Prince William Sound, Alaska, following the (Exxon Valdez) oil spill. Canadian Journal of Fisheries 
and Aquatic Sciences 53, 2376–2387 (1996).

30.	 Samhouri, J. F. & Levin, P. S. Linking land-and sea-based activities to risk in coastal ecosystems. Biological Conservation 145, 
118–129 (2012).

31.	 Maxwell, S. M. et al. Cumulative human impacts on marine predators. Nature communications 4, doi: 10.1038/ncomms3688 
(2013).

32.	 Teo, S. L. et al. Validation of geolocation estimates based on light level and sea surface temperature from electronic tags. Marine 
Ecology Progress Series 283, 81–98 (2004).

33.	 Block, B. et al. Tracking apex marine predator movements in a dynamic ocean. Nature 475, 86–90 (2011).
34.	 Jonsen, I. D., Flemming, J. M. & Myers, R. A. Robust state-space modeling of animal movement data. Ecology 86, 2874–2880 

(2005).
35.	 MacDonald, I. R. et al. Natural and unnatural oil slicks in the Gulf of Mexico. Journal of Geophysical Research: Oceans 120, 

8364–8380, doi: 10.1002/2015JC011062 (2015).
36.	 Environmental Response Management Application. Gulf of Mexico, http://response.restoration.noaa.gov/erma/ (2013 - Date of 

Access: 12/19/2013).
37.	 Matthiopoulos, J. The use of space by animals as a function of accessibility and preference. Ecological Modelling 159, 239–268 (2003).
38.	 Willis-Norton, E. et al. Climate change impacts on leatherback turtle pelagic habitat in the Southeast Pacific. Deep Sea Research Part 

II: Topical Studies in Oceanography 113, 260–267 (2015).
39.	 Wingfield, D. K. et al. The Making of a Productivity Hotspot in the Coastal Ocean. PloS one 6, e27874 (2011).
40.	 Schaefer, K. M. Assessment of skipjack tuna (Katsuwonus pelamis) spawning activity in the eastern Pacific Ocean. Fishery Bulletin 

99, 343–343 (2001).
41.	 Block, B. A. et al. Migratory movements, depth preferences, and thermal biology of Atlantic bluefin tuna. Science 293, 1310–1314 

(2001).
42.	 Aranda, G., Abascal, F. J., Varela, J. L. & Medina, A. Spawning behaviour and post-spawning migration patterns of Atlantic bluefin 

tuna (Thunnus thynnus) ascertained from satellite archival tags. PLoS One 8, e76445 (2013).
43.	 Wood, S. Generalized additive models: an introduction with R. 1–392 (Chapman & Hall/CRC press, 2006).
44.	 Akaike, H. A new look at the statistical model identification. IEEE Transactions on Automatic Control 19, 716–723, doi: 10.1109/

TAC.1974.1100705 (1974).
45.	 DeLong, E. R., DeLong, D. M. & Clarke-Pearson, D. L. Comparing the areas under two or more correlated receiver operating 

characteristic curves: a nonparametric approach. Biometrics 44, 837–845 (1988).
46.	 Teo, S. L. & Block, B. A. Comparative influence of ocean conditions on yellowfin and Atlantic bluefin tuna catch from longlines in 

the Gulf of Mexico. PLoS One 5, e10756 (2010).
47.	 Secor, D. H., Barnett, B., Allman, R. & Rooker, J. Contribution of Gulf of Mexico population to US Atlantic bluefin tuna fisheries, 

2010–2011. Collect. Vol. Sci. Pap. ICCAT 70, 368–371 (2014).
48.	 Neilson, J. D. & Campana, S. E. A validated description of age and growth of western Atlantic bluefin tuna (Thunnus thynnus). 

Canadian Journal of Fisheries and Aquatic Sciences 65, 1523–1527 (2008).
49.	 McNutt, M. K. et al. Review of flow rate estimates of the Deepwater Horizon oil spill. Proceedings of the National Academy of Sciences 

109, 20260–20267 (2012).
50.	 Eckle, P., Burgherr, P. & Michaux, E. Risk of large oil spills: A statistical analysis in the aftermath of Deepwater Horizon. 

Environmental science & technology 46, 13002–13008 (2012).
51.	 Sumaila, U. R. et al. Impact of the Deepwater Horizon well blowout on the economics of US Gulf fisheries. Canadian Journal of 

Fisheries and Aquatic Sciences 69, 499–510 (2012).
52.	 Peterson, C. H. et al. Long-term ecosystem response to the Exxon Valdez oil spill. Science 302, 2082–2086 (2003).
53.	 Incardona, J. P. et al. Very low embryonic crude oil exposures cause lasting cardiac defects in salmon and herring. Scientific reports 

5, 13499, doi: 10.1038/srep13499 (2015).
54.	 Mager, E. M. et al. Acute embryonic or juvenile exposure to Deepwater Horizon crude oil impairs the swimming performance of 

mahi-mahi (Coryphaena hippurus). Environmental science & technology 48, 7053–7061 (2014).
55.	 Klinger, D. H. et al. Exposure to Deepwater Horizon weathered crude oil increases routine metabolic demand in chub mackerel, 

Scomber japonicus. Marine pollution bulletin 98, 259–266 (2015).
56.	 Whitehead, A. Interactions between oil-spill pollutants and natural stressors can compound ecotoxicological effects. Integrative and 

Comparative Biology 53, 635–647 (2013).
57.	 Spromberg, J. A. & Meador, J. P. Relating chronic toxicity responses to population-level effects: A comparison of population-level 

parameters for three salmon species as a function of low-level toxicity. Ecological Modelling 199, 240–252 (2006).

http://response.restoration.noaa.gov/erma/


www.nature.com/scientificreports/

1 0Scientific Reports | 6:33824 | DOI: 10.1038/srep33824

58.	 Rooker, J. R. et al. Life history and stock structure of Atlantic bluefin tuna (Thunnus thynnus). Reviews in Fisheries Science 15, 
265–310 (2007).

59.	 Scott, G. P., Turner, S. C., Churchill, G. B., Richards, W. J. & Brothers, E. B. Indices of larval bluefin tuna, Thunnus thynnus, 
abundance in the Gulf of Mexico; modelling variability in growth, mortality, and gear selectivity. Bulletin of Marine Science 53, 
912–929 (1993).

60.	 Bograd, S., Block, B., Costa, D. & Godley, B. Biologging technologies: new tools for conservation. Introduction. Endangered Species 
Research 10, 1–7, doi: 10.3354/esr00269 (2010).

61.	 Goldbogen, J. A. et al. Integrative Approaches to the Study of Baleen Whale Diving Behavior, Feeding Performance, and Foraging 
Ecology. BioScience 63, 90–100 (2013).

62.	 Hazen, E. L. et al. Scales and mechanisms of marine hotspot formation. Marine Ecology. Progress Series 487, 177–183 (2013).
63.	 Costa, D. P., Breed, G. A. & Robinson, P. W. New insights into pelagic migrations: implications for ecology and conservation. Annual 

Review of Ecology, Evolution, and Systematics 43, 73–96 (2012).
64.	 Greene, C. H. et al. Advances in conservation oceanography: new tagging and tracking technologies and their potential for 

transforming the science underlying fisheries management. Oceanography 22, 210–223 (2009).
65.	 Sippel, T. et al. Using movement data from electronic tags in fisheries stock assessment: a review of models, technology and 

experimental design. Fish Res. 163, 152–160 (2015).
66.	 Taylor, N. G., McAllister, M. K., Lawson, G. L., Carruthers, T. & Block, B. A. Atlantic bluefin tuna: a novel multistock spatial model 

for assessing population biomass. PLoS One 6, e27693 (2011).
67.	 Maxwell, S. M. et al. Using satellite tracking to optimize protection of long-lived marine species: olive ridley sea turtle conservation 

in Central Africa. PloS one 6, e19905 (2011).
68.	 Hazen, E. L. et al. Predicted habitat shifts of Pacific top predators in a changing climate. Nature Climate Change 3, 234–238 (2013).
69.	 Žydelis, R. et al. Dynamic habitat models: using telemetry data to project fisheries bycatch. Proceedings of the Royal Society of London 

B: Biological Sciences 278, 3191–3200 (2011).
70.	 Howell, E., Kobayashi, D., Parker, D., Balazs, G. & Polovina, J. TurtleWatch: a tool to aid in the bycatch reduction of loggerhead 

turtles Caretta caretta in the Hawaii-based pelagic longline fishery. Endangered Species Research 5, 267–278, doi: 10.3354/esr00096 
(2008).

71.	 Howell, E. A. et al. Enhancing the TurtleWatch product for leatherback sea turtles, a dynamic habitat model for ecosystem‐based 
management. Fisheries Oceanography 24, 57–68 (2015).

72.	 Hobday, A. J., Hartog, J. R., Spillman, C. M., Alves, O. & Hilborn, R. Seasonal forecasting of tuna habitat for dynamic spatial 
management. Canadian Journal of Fisheries and Aquatic Sciences 68, 898–911 (2011).

73.	 Armsworth, P. R., Block, B. A., Eagle, J. & Roughgarden, J. E. The economic efficiency of a time–area closure to protect spawning 
bluefin tuna. Journal of Applied Ecology 47, 36–46 (2010).

74.	 Lewison, R. et al. Dynamic Ocean Management: Identifying the Critical Ingredients of Dynamic Approaches to Ocean Resource 
Management. BioScience 65, 486–498 (2015).

75.	 Dunn, D. C., Maxwell, S. M., Boustany, A. M. & Halpin, P. N. Dynamic ocean management increases the efficiency and efficacy of 
fisheries management. Proceedings of the National Academy of Sciences 113, 668–673 (2016).

76.	 Hobday, A. & Hartmann, K. Near real‐time spatial management based on habitat predictions for a longline bycatch species. Fisheries 
Management and Ecology 13, 365–380, doi: 10.1111/j.1365-2400.2006.00515.x (2006).

Acknowledgements
We thank the Captains and crews of the many fishing vessels involved in tagging Atlantic bluefin tuna particularly 
in Canada and North Carolina. Numerous members of the Tuna Research and Conservation Center and TAG 
A Giant helped in the lab and field through the years including Danny Coffey, Ethan Estess, Jake Nogueira, 
Charles Farwell, Randy Kochevar, Shana Miller, Andre Boustany Steve Teo, Gaelin Rosenwaks, Sal Jorgensen, and 
George Shillinger. We thank Alan Swithenbank for contributions in the lab for data management and analyses. 
In Canada we graciously thank the satellite tag recovery team, particular Jeff Beardsall and Aaron Spares, from 
Dalhousie and Acadia Universities for assisting in recovery of tags. We thank Captain Dennis Cameron and his 
crew of the Bay Queen IV, for always being able to assist. The Canadian fishers of Port Hood and Prince Edward 
Island Canada are particularly invested in the effort that led to the data set, and we thank everyone who helped. 
We are indebted to Troy Baker of the National Oceanic and Atmospheric Administration (NOAA) for his advice 
and financial support as part of the Natural Resource Damage Assessment (NRDA) efforts. We also thank Drs. 
Heidi Dewar and Toby Garfield for their critical reviews. Last but not least, we are indebted to Dave Foley for his 
vision of integrating satellite products into fisheries research and management, without whom this project would 
not have been conceived or completed. Scientific fishing licenses were issued by the Department of Fisheries and 
Oceans Canada and NOAA tagging permits in North Carolina waters. All experimental protocols were approved 
by the Administrative Panel on Laboratory Animal Care of Stanford University and the Acadia Animal Care 
Committee. This work was supported by grants from the National Oceanic and Atmospheric Administration 
including Natural Resource Damage Assessment and the Integrated Ecosystem Assessment program funds. We 
deeply thank Stanford University, TAG A Giant, and the Monterey Bay Aquarium for funding contributions to 
the North Carolina and Canadian tagging efforts. Dr. Stokebury is supported by the Canada Research Chair in 
Ecology of Coastal Environments.

Author Contributions
E.L.H., S.J.B. and B.A.B. conceived this manuscript; S.G.W., R.J.S., M.J.W.S. and B.A.B. collected the tag data; 
E.L.H., A.B.C., S.J.B. and M.R.C. processed and analyzed the remotely sensed and oil data; S.G.W., B.A.B., J.E.G. 
and M.R.C. modeled the tracking data for location and error and B.A.B., S.G.W. and J.E.G. developed Bayesian 
models for identification of spawning behavior; E.L.H. and A.B.C. fit habitat models; E.L.H. and A.B.C. drafted 
the manuscript; E.L.H., A.B.C., S.G.W., S.J.B. and B.A.B. edited the manuscript.

Additional Information
Supplementary information accompanies this paper at http://www.nature.com/srep
Competing financial interests: The authors declare no competing financial interests.

http://www.nature.com/srep


www.nature.com/scientificreports/

1 1Scientific Reports | 6:33824 | DOI: 10.1038/srep33824

How to cite this article: Hazen, E. L. et al. Quantifying overlap between the Deepwater Horizon oil spill and 
predicted bluefin tuna spawning habitat in the Gulf of Mexico. Sci. Rep. 6, 33824; doi: 10.1038/srep33824 (2016).

This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons license, 

unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license, 
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this 
license, visit http://creativecommons.org/licenses/by/4.0/
 
© The Author(s) 2016

http://creativecommons.org/licenses/by/4.0/

	Quantifying overlap between the Deepwater Horizon oil spill and predicted bluefin tuna spawning habitat in the Gulf of Mexi ...
	Methods

	Results

	Discussion

	Acknowledgements
	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ Atlantic bluefin tuna residence and spawning behavior in the Gulf of Mexico from tag data (1997–2014).
	﻿Figure 2﻿﻿.﻿﻿ ﻿ Generalized additive mixed model response curves for (A) presence-absence and (B) spawning likelihood.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ (A–D) Spawning habitat predictions and oil spill extent over the duration of the oil spill.
	﻿Table 1﻿﻿. ﻿  Generalized additive mixed model output for the selected best model (presence/absence), reduced model (presence/absence), and the selected best spawning model.



 
    
       
          application/pdf
          
             
                Quantifying overlap between the Deepwater Horizon oil spill and predicted bluefin tuna spawning habitat in the Gulf of Mexico
            
         
          
             
                srep ,  (2016). doi:10.1038/srep33824
            
         
          
             
                Elliott L. Hazen
                Aaron B. Carlisle
                Steven G. Wilson
                James E. Ganong
                Michael R. Castleton
                Robert J. Schallert
                Michael J. W. Stokesbury
                Steven J. Bograd
                Barbara A. Block
            
         
          doi:10.1038/srep33824
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 The Author(s)
          10.1038/srep33824
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep33824
            
         
      
       
          
          
          
             
                doi:10.1038/srep33824
            
         
          
             
                srep ,  (2016). doi:10.1038/srep33824
            
         
          
          
      
       
       
          True
      
   




