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ABSTRACT: Quantifying the distribution of animals and identifying underlying characteristics that
define suitable habitat are essential for effective conservation of free-ranging species. Prioritizing
areas for conservation is important in managing a geographic extent that has a high level of disturbance and limited conservation resources. We examined the potential use of a species distribution
model ensemble for multi-species conservation in marine habitats. Using satellite telemetry locations during foraging as input data, and ensemble ecological niche models, we predicted foraging
areas for 2 nesting marine turtle species within the Gulf of Mexico (GoM): Kemp’s ridley Lepidochelys kempii (n = 63) and loggerhead Caretta caretta (n = 63). We considered 7 geophysical, biological, and climatic variables and compared contributing factors for each species’ foraging habitat
selection. For both species, predicted suitable foraging habitats encompassed large areas along the
GoM coast, but only intersected with each other in relatively small areas. Highly parameterized
models resulted in overall greater fits, suggesting that multiple factors influence habitat selection
by these species. Model validation results were mixed: cross-validation resulted in high prediction
accuracy for both species, but an evaluation against independent data resulted in a low omission
rate (5%) for Kemp’s ridleys and a high omission rate (72%) for loggerheads. The relatively small
intersection of model-predicted foraging areas for these 2 species within the study area may indicate possible niche differentiations. The high omission rate for loggerheads indicates our samples
likely underrepresent the population and illustrates the challenges in predicting suitable foraging
extents for species that make dynamic movements and have greater individual variability.
KEY WORDS: Ensemble ecological niche model · Foraging · Gulf of Mexico · Habitat ·
Kemp’s ridley · Loggerhead · Species distribution model

1. INTRODUCTION
Intensifying modifications to wildlife habitat by
humans is a primary factor causing losses of biodiversity (Soulé 1991) through decreases in number
of species (McKee et al. 2004) and reduction of
*Corresponding author: ikuko@ufl.edu

geographic extent (Chape et al. 2005). Therefore,
allocating limited conservation resources towards
protecting high-priority areas or biodiversity ‘hotspots’ is essential (Myers et al. 2000, Wilson et al.
2006). Identifying priority areas is an important first
step (Wilson et al. 2006) and the spatial distribution
© The authors 2020. Open Access under Creative Commons by
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of imperiled free-ranging animals, such as threatened and endangered species, could be useful for
improving conservation efficiency (Dobson et al.
1997).
Marine turtles are large vertebrates with high conservation needs; nearly all marine turtle species are
threatened or endangered (Wallace et al. 2011). Because of their conservation status and considerable
impact on marine resources through foraging and
nutrient transfer, understanding their habitat use is
important to maintain biodiversity (Bjorndal & Jackson 2003) and is critical for successful conservation of
marine ecosystems (Griffin et al. 2013, Stokes et al.
2015). However, their high mobility, aquatic nature,
and distinctly different — and often geographically
separate — behavioral modes (such as foraging, nesting, or migration periods) make it challenging to
generalize their habitat use.
Collecting data on suitable habitat for species over
large spatial extents can be logistically difficult,
especially for species that range widely, such as marine turtles. During the last 2 decades, biotelemetry
techniques have greatly improved our knowledge of
in-water movements of marine turtles and by coupling this technique with quantitative models, their
habitat use during different behavioral states has
been described in many oceanic areas (Jonsen et al.
2007, Godley et al. 2008). However, studies using
tracking data from tagged individuals have inherent
limitations in predicting the ‘big picture’ of an entire
population over a large geographic extent.
Species distribution models (SDM, also called
niche modeling) are frequently used to predict the
distribution of target species based on habitat relationships inferred from species occurrence (Guisan &
Zimmermann 2000, Elith & Leathwick 2009, Franklin
2013). Because of their cost effectiveness, which
makes use of presence-only data, and the increasing
availability of computational resources, this is a rapidly progressing research area and numerous studies
have documented methodological advances, validation methods, and case studies for various taxa (see
Elith & Leathwick 2009 for review; Pike 2013, 2014,
Pollock et al. 2014, Pikesley et al. 2015, Mazor et al.
2016, Grüss et al. 2018, Winton et al. 2018 for sea turtles). Use of SDM allows us to create spatially explicit
predictions of potentially suitable habitat for our entire area of interest by extrapolating predictions
based on the location data of telemetered individuals. The idea of employing such a biogeographical
approach has been extended to identify high-use
areas for multi-species conservation (Boykin et al.
2008, Piacenza et al. 2015).

One of the major concerns in applying SDM is the
uncertainty in predictions sourced from input data
and modeling approaches (Dormann et al. 2008, Elith
et al. 2009). Studies indicate that the modeling algorithm could contribute the greatest uncertainty (Dormann et al. 2008, Watling et al. 2015); therefore,
studies used inferences from multiple modeling approaches by combining algorithms from different
classes to make more robust predictions (Araújo &
New 2006). For example, the use of ensemble ecological niche modeling (EENM) has been demonstrated
for marine habitat conservation by identifying foraging areas for olive ridley Lepidochelys olivacea and
loggerhead sea turtles Caretta caretta and then
linked predicted areas to human activities (Pikesley
et al. 2013, 2015).
In this study, we apply EENM using satellite telemetry locations as input data to predict suitable foraging habitat for 2 sea turtle species in the Gulf of
Mexico (GoM), whose post-nesting migration patterns are different: Critically Endangered Kemp’s
ridleys L. kempii and federally threatened loggerheads. Our goal was to provide the foundation for
multi-species marine habitat conservation. Specifically, we delineated the spatial extent of suitable foraging habitat for adult female Kemp’s ridleys and
loggerheads in the GoM, identified critical environmental characteristics that determine these extents,
and validated the predictions.

2. MATERIALS AND METHODS
2.1. Satellite telemetry data
We used Argos satellite-derived locations for adult
female Kemp’s ridleys (n = 63) and loggerheads (n =
63) during foraging periods that were previously
identified using switching state-space modeling
(SSM) (Shaver et al. 2013, 2016a, Hart et al. 2014).
Tagging (nesting) sites of Kemp’s ridleys were Padre
Island National Seashore, TX, USA (n = 41), Tecolutla,
Veracruz, Mexico (n = 11), Rancho Nuevo, Tamaulipas, Mexico (n = 10), and Gulf Shores, AL, USA
(n = 1), and those of loggerheads were Gulf Shores,
AL (n = 30), St. Joseph Peninsula, FL (n = 16), Dry Tortugas National Park (DRTO), FL (n = 15), and Eglin
Air Force Base, FL, USA (n = 2, Fig. 1). We tagged and
outfitted loggerhead and Kemp’s ridley females with
satellite transmitters after they nested throughout the
GoM. All tagging followed established protocols
(NMFS SEFSC 2008). We tagged each animal with a
passive integrated transponder (PIT) tag in the right
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Fig. 1. Tagging locations (Q) for satellite-tracked turtles in the Gulf of Mexico. Kemp’s ridleys were tagged in Mexico at Tecolutla, Veracruz (n = 11) and Rancho Nuevo, Tamaulipas (n = 10) and in the USA at Padre Island National Seashore, TX (n = 41)
and Gulf Shores, AL (n = 1). Loggerheads were tagged in the USA at Gulf Shores, AL (n = 30) and St. Joseph Peninsula (n = 16),
Dry Tortugas National Park (n = 15), and Eglin Air Force Base (AFB) (n = 2), FL

shoulder (loggerhead) or left flipper (Kemp’s ridley),
and affixed an individually numbered flipper tag to
each of the front flippers (loggerhead), or the left front
and left rear flipper (Kemp’s ridley). Immediately after
tagging each animal, we took standard carapace
measurements, including curved (CCL) and straight
(SCL) carapace lengths. We fitted a platform terminal
transmitter (PTT) to each turtle. Prior to transmitter
application with either Power-Fast™ or SuperBond™
2-part cool-setting marine epoxies (loggerhead), or
fiberglass cloth and resin (Kemp’s ridley), we removed
epibionts (e.g. barnacles, algae) from the carapace of
each turtle and sanded and cleaned the carapace with
isopropyl alcohol. We streamlined attachment materials and minimized the application footprint. For loggerheads, the anticipated battery life of each tag was
1 yr, and each tag in 2008, 2009, and 2010 was programmed to operate continuously; in 2011, 2012, and
2013, we adjusted winter tracking (November through
April) to every 3rd day to prolong battery life. For
Kemp’s ridleys, some PTTs were programmed with a
transmission cycle of 6-h-on:6-h-off, and some were
programmed to operate continuously. Tagged turtles
were released within 3−4 h at their capture location.

2.2. Switching state-space model
We used switching SSM (Jonsen et al. 2003, Patterson et al. 2008) to characterize the movements of all
turtles. The model was described in 2005 (Jonsen et
al. 2005) and has previously been applied to the
movement of marine animals, including turtles (e.g.
Bailey et al. 2008). Location data obtained through
satellite transmitters are received at irregular time
intervals and sometimes involve large temporal gaps
and positional errors. Ad hoc filtering of location data
based on location quality is insufficient to remove
erroneous locations and also results in loss of information (Jonsen et al. 2006). Switching SSM estimates
location and behavioral mode at regular time intervals, accounting for satellite positional errors and
dynamics of the animal movement pattern (Jonsen et
al. 2005) and is a recommended analytical technique
for Argos tracking data once post-processed by
removing land points and adding back in good Argos
locations (Hoenner et al. 2012).
We used the switching SSM approach to determine
dates of each turtle at its foraging ground(s) following
Hart et al. (2012) and Shaver et al. (2013). The behav-
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ioral mode was binary, defined as ‘foraging’ and ‘migration’ as in earlier applications (Jonsen et al. 2005,
2007, Breed et al. 2009). However, since we tagged
animals during nesting seasons, we defined the behavioral mode as ‘foraging and/or nesting’ and ‘migration’. We summarized data for the periods after a
migration, unless high-quality locations on land indicated the turtle was still in the inter-nesting period.
We applied a model used by Breed et al. (2009), which
is a modified version of a model described by Jonsen
et al. (2005) that estimates model parameters by
Markov chain Monte Carlo (MCMC) using WinBUGS
via the software program R. We fit the model to tracks
of each individual turtle to estimate location and behavioral mode every 8 h from 2 independent and parallel chains of MCMC. Our samples from the posterior
distribution were based on 10 000 iterations after a
burn-in of 7000 and thinned by 5. With the beginning
and end dates for foraging periods determined by
SSM, we used original, filtered satellite locations from
within those time periods for further analysis.
We considered Argos locations during SSM-identified foraging periods to be biologically plausible if
they were retained after passing through a speed
and topography filter; that is, we removed locations
that were on land, extremely distant, or with speeds
> 5 km h−1 (Mansﬁeld et al. 2009). Each Argos satellite location is associated with a location class (LC)
which is an indicator of location accuracy. We used
the 3 highest LCs (3, 2, 1) for this study, and only used
the lower LC locations for pseudo-absence filtering
(explained in Section 2.4). We also removed locations
with bathymetry values deeper than 200 m (neritic
zone cutoff). Adult female loggerheads in the southeast USA do not generally leave the waters of the
continental shelf (within 200 m) (Hawkes et al. 2007)
and previous tracking studies of Kemp’s ridleys show
turtles stay primarily within the 100 m isobath
(Shaver & Rubio 2008, Seney & Landry 2011). For all
tracks in this study with potential foraging periods,
the locations removed based on the bathymetry accounted for <1% of available locations after speed
filtering (68 of 58 465 speed-filtered locations).

2.3. Environmental data
Following Pikesley et al. (2015), who predicted
habitat of post-nesting loggerheads, we considered
bathymetric depth (m) (www.ngdc.noaa.gov/mgg/
global/, accessed Apr 8, 2014), monthly averaged
MODIS L3 night-time sea surface temperature (SST:
°C) (http://podaac.jpl.nasa.gov, accessed Feb 6, 2015),

net primary production (NPP: mg C m2 d−1) (www.
science.oregonstate.edu/ocean.productivity, accessed
Feb 10, 2015), sea surface current velocity (m s−1)
(https://hycom.org, accessed Feb 6, 2015), and ocean
frontal activity (derived from MODIS SST data using
the single image edge detection [SIED] algorithm;
Cayula & Cornillon 1992). Raster data of SST, sea surface current velocity, and ocean frontal activity data
were downloaded using the Marine Geospatial Ecology Tools extension for ArcGIS (Roberts et al. 2010).
We also considered the present Bio-ORACLE data
(Tyberghein et al. 2012, www.bio-oracle.org, accessed
Jan 29, 2015), an array of 5 arcminute resolution (approximately 9.2 km) monthly geophysical, biotic, and
climate rasters, as these could be additional explanatory factors of marine turtle foraging habitats. In particular, cloud cover may be related to various important
ecological processes such as reproduction, growth,
survival, and behavior (Wilson & Jetz 2016), and
silicate amount could be an indicator of turtle foraging
habitat, as turtles may forage for shellfish in muddy
bottoms. To accurately assess the contribution of each
input variable, we assessed bivariate correlations between the variables in grid cells that contain observed
locations and selected a set of 7 variables that were not
correlated strongly (|r| < 0.5) to use for modeling. Bivariate correlations between the variables are included
in Table S1 in the Supplement at www.int-res.com/
articles/suppl/n043p253_supp.pdf.

2.4. Ensemble modeling, model validation,
and model selection
Referring to Pikesley et al. (2015), we parameterized
3 modeling algorithms for EENM using R package
biomod2 (Thuiller et al. 2016): (1) the parametric generalized linear model (GLM), (2) the machine learning
algorithm MaxEnt (Phillips et al. 2006), and (3) the nonparametric multivariate adaptive regression splines
(MARS). The GLM was implemented with a quadratic
formula and logit link function, with an interaction
level of zero, and the Akaike information criteria (AIC)
as a stepwise selection procedure (Thuiller et al. 2016).
The MARS model was parameterized with a maximum
interaction degree of 2, a penalty (cost per degree of
freedom change) of 2, a forward stepwise process with
a stopping threshold of 0.001, and pruning with a
backward stepwise method. For MaxEnt, 200 iterations
were used, and all feature function types (linear, quadratic, product, threshold, and hinge) were allowed (as
in all cases, presence sample size was above n = 80). All
regularization parameters were set automatically, and
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default prevalence (probability of presence at occurrence points) was 0.5. Due to relatively large bathymetric variability in neritic zones compared to climate
variables, predictions were made in each grid cell,
sized to match the bathymetry raster (with side lengths
of 0.0167 decimal degrees, equivalent to ~1.7 × 1.7 km),
and covered the entire GoM. We created an ensemble
model by averaging the continuous (probability) prediction values across the 3 individual models (GLM,
MaxEnt, and MARS). To create binary predictions,
we used a threshold method, maximizing the true
skill statistic (TSS; equal to the sum of sensitivity and
specificity minus 1; Allouche et al. 2006) on the full
presence/pseudo-absence dataset when presenceonly data were used. This method was applied to each
of the individual models, as well as to the ensemble
model (Liu et al. 2013).
To calibrate and evaluate the results from EENM,
we took a random subset of approximately 20% of
the turtles from each species (n = 12, Kemp’s ridley;
n = 12, loggerhead) for independent validation of
model predictions. Locations from the remaining turtles (n = 51 of each species) were split into training
(80% of the locations) and cross-validation (20%) at
each iteration of a bootstrap sample (random sample
with replacement) for 10 repetitions, in which the
prediction was validated at each iteration. We removed duplicate occurrence locations in each grid
cell and generated pseudo-absence locations within
200 m isobaths. By default, pseudo-absences were
not created in cells with presence locations; in addition, we did not allow pseudo-absence in cells where
presences not used in the model (lower-quality locations where LC was not 3, 2, or 1) were found to
ensure the absence of tagged turtles.
We used 3 model performance metrics in the crossvalidation calculated with biomod2: area under the
curve (AUC) of a receiver operating characteristic
(Fielding & Bell 1997), Cohen’s kappa (κ), and the
TSS. For evaluation of AUC values, we used the following criteria: the model is excellent if AUC > 0.90,
good if 0.80 < AUC < 0.90, fair if 0.70 < AUC < 0.80,
poor if 0.60 < AUC < 0.70, and fails if 0.50 < AUC <
0.60 (Swets 1988). For evaluation of kappa, we used
criteria by Fleiss & Cohen (1973), that is, the agreement of prediction and validation is excellent if κ >
0.75, fair to good if 0.40 < κ < 0.75, and poor if κ <
0.40. For evaluation of TSS values, we followed the
criteria: excellent if TSS > 0.75, good if 0.40 < TSS <
0.75, and poor if TSS < 0.40 (Landis & Koch 1977).
Using independent validation data, we calculated
the omission rate, which is defined as the number of
observed locations that occurred where the pre-
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dicted probability was below the threshold divided
by the total number of occurrence locations.
The permutation importance of EENM for each
variable was calculated using biomod2. Briefly, this
method compares the original model predictions to
those made with a new model where the values of
the variable of interest are randomly permutated,
and calculates Pearson’s correlation (r) between the 2
models’ predictions for the training dataset. The variable of importance is then calculated as 1 − r. We
then averaged permutation importance across the 10
cross-validation runs. Using the combination of environmental variables which had high relative importance based on the results of full models, we created
a list of candidate models and ran these models for
each algorithm with the full calibration dataset. For
GLM and MaxEnt algorithms, we estimated AIC,
ΔAIC, and AIC weight, and identified the best predictive model for each species. We considered models in which ΔAIC < 2 to be equivalent to the best-fitting model (Burnham & Anderson 2002). For MARS,
we used mean square error of prediction (MSEP) as
an indicator for model fit.

3. RESULTS
3.1. Satellite locations and environmental
variables
In total, we had 51 986 satellite locations with LC 3,
2, or 1 from 126 tagged turtles. For Kemp’s ridleys,
we had 2196 non-duplicated locations in the cells,
and these were split for training and cross-validation
(n = 1400) and validation from the 12 random subset
turtles (n = 796). For loggerheads, 1562 non-duplicated locations in the cells were used for training and
cross-validation (n = 1282) and validation (n = 280)
with the 12 randomly selected turtles (Fig. 2).
A number of environmental variables we initially
considered were highly correlated. After removing
these correlated variables, we used 7 environmental
variables for EENM, including 5 variables used by
Pikesley et al. (2015) and 2 Bio-ORACLE variables:
(1) bathymetry, (2) SST, (3) NPP, (4) current velocity,
(5) ocean frontal activity, (6) silicate amount (μmol
l−1), and (7) cloud cover (%).

3.2. Predicted areas
The predicted suitable habitats for both species
spanned the entire GoM coast, but most of the pre-
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Fig. 2. Satellite-derived foraging locations for Kemp’s ridley (left panel) and loggerhead (right panel) turtles used for training
and cross-validation (prediction set) and validation

dicted foraging areas for Kemp’s ridleys and loggerheads did not intersect (Fig. 3). Suitable habitat for
Kemp’s ridleys was located primarily along the coast
between northern Mexico and Alabama, USA,
whereas that of loggerheads ranged from Alabama to
southwestern Florida, USA. Potential multi-species

foraging areas — where predicted suitable foraging
areas intersected for the 2 species — were along the
northern GoM coast between Louisiana and Alabama, USA, as well as the along the coasts of western
Florida and the Yucatán Peninsula, Mexico. The predicted suitable habitats from individual models

Fig. 3. Predicted index of suitable foraging habitat (index
ranges from 0 to 100 for low to high suitability) for (A)
Kemp’s ridley and (B) loggerhead turtles, and (C) the predicted suitable foraging habitat for both species using the
True Skill Statistic threshold method in the Gulf of Mexico
using ensemble ecological niche modeling
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(Fig. 4) were highly variable. MaxEnt resulted in the
most conservative prediction (smaller area), and
those by GLM were intermediate (Fig. 4).

3.3. Model validation
Results from the cross-validations for the EENM indicated a high accuracy for predicted foraging areas.
The mean AUC for both species (0.95 for Kemp’s ridley and 0.90 for loggerhead) indicated an excellent
accuracy of discrimination (Table 1). The kappa statistics indicated that there were good agreements
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between prediction and cross-validation data for
both species (κ = 0.66 for Kemp’s ridleys and κ = 0.58
for loggerheads). The predictive performance based
on TSS was excellent for Kemp’s ridleys (0.80) and it
was good for loggerheads (0.68).
The results of model evaluations with independent
datasets (satellite locations of the subset of turtles
whose locations were not used for modeling) were
distinctly different for the 2 species. The proportion of
locations that correctly predicted the occurrence of
Kemp’s ridleys was 0.95, suggesting a low omission
rate (0.05) (Table 2). The mean omission rate of individual Kemp’s ridley data was 0.07 (SD = 0.17) and

Fig. 4. Threshold model prediction by 3 models, generalized linear model (GLM), multivariate adaptive regression splines
(MARS), and MaxEnt, used for the ensemble ecological niche model for adult female Kemp’s ridley and loggerhead turtles
that nested in the Gulf of Mexico
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relative importance of NPP for the 2
species was different (Table 3): for
Kemp’s ridley, NPP was predominantly important (52.9%), whereas for
loggerhead, the importance of NPP
Evaluation
Kemp’s ridley
Loggerhead
(21.6%) was similar to cloud cover
method
Mean Sensitivity Specificity Mean Sensitivity Specificity
(19.7%), SST (19.0%), and silicate
AUC
0.95
93.68
86.16
0.90
83.28
84.87
amount (18.9%; Table 3). For both
Kappa
0.66
73.32
95.16
0.58
63.91
94.83
species, the importance of SST was
TSS
0.80
93.61
85.96
0.68
83.59
84.22
ranked 3rd, and the estimated relative
importance, 13.8% for Kemp’s ridley
Table 2. Total and mean omission rate calculated using
and 19.0% for loggerhead, was similar (Table 3). Relsatellite locations from an independent subset of Kemp’s ridative importance of silicate amount, which was the
ley (n = 12) and loggerhead (n = 12) turtles which nested
4th important factor for both species, was distinctly
along the Gulf of Mexico
different: its importance for loggerhead (18.9%) was
more than twice of that of Kemp’s ridley (8.4%).
Species
Total
Mean
SD
Min
Max
Ocean currents and ocean fronts had relatively small
Kemp’s ridley
0.05
0.07
0.17
0.00
0.50
importance (1.0−7.6%) for both species. Cloud cover,
Loggerhead
0.72
0.76
0.36
0.00
1.00
which was the 2nd most important variable for loggerheads, was the least important for Kemp’s ridleys,
Table 3. Permutation importance (ranging from 0 to 1 for low
with only 0.5% importance.
to high) of predictor variables used for ensemble ecological
For model selection, we focused on 4 variables
niche modeling for Kemp’s ridley and loggerhead turtles
which had the greatest permutation importance for
that nested along the Gulf of Mexico. NPP: net primary proeach species. Model selection using AIC and root
duction; clouds: cloud cover, SST: sea surface temperature;
mean square error (RMSE) revealed both similarity
silicate: silicate amount; depth: bathymetry depth; currents:
ocean currents; front: ocean front
and inconsistency between species and between
models (Table 4). In general, the results by GLM and
MARS were consistent, whereas those by MaxEnt
Kemp’s ridley
Loggerhead
variable
Importance
Variable
Importance
appeared different. For Kemp’s ridleys, the top 2
(%)
(%)
models with GLM and MARS were the models with
highest parameterizations, but these 2 models were
NPP
0.631 (52.9)
NPP
0.315 (21.6)
Depth
0.204 (17.1)
Clouds
0.285 (19.7)
the 2 worst-fit models according to MaxEnt (Table 4).
SST
0.164 (13.8)
SST
0.276 (19.0)
With MaxEnt, the best-fitting model was the 3-variSilicate
0.100 (8.4)
Silicate
0.274 (18.9)
able model including NPP, SST, and silicate (Table 4).
Currents
0.075 (6.3)
Depth
0.158 (10.9)
Front
0.012 (1.0)
Currents
0.111 (7.6)
For loggerheads, the full model had the best fit when
Clouds
0.006 (0.5)
Front
0.031 (2.1)
GLM and MARS were used, minimizing AIC and
RMSE, but this model was ranked 10 with MaxEnt.
The best model with MaxEnt included NPP, cloud
ranged from 0.00 to 0.50, meaning that at least half of
cover, and silicate (Table 4).
the locations were within the predicted foraging area
for all individuals. The proportion of the correctly
predicted locations for loggerheads, however, was
4. DISCUSSION
0.28, indicating that the majority of occurrence locations (72%) in the validation dataset were omitted.
It has been proposed that SDM should be an inteThe average omission rate was 0.76 (SD = 0.36) and
gral part of conservation and management decisionranged from 0.00 to 1.00. Half of the loggerheads (6 of
making (Guisan et al. 2013). Previous studies deline12) foraged completely outside of the predicted areas.
ated foraging habitats for telemetered loggerheads
and Kemp’s ridleys within the neritic zone in the
GoM (Shaver et al. 2013, Hart et al. 2014). The
3.4. Variable importance and model selection
approach we used in the present study, which sought
to identify the intersection of potential foraging habiThe estimated importance of NPP was the highest
tats for Kemp’s ridleys and loggerheads in the GoM
among all 7 tested variables for both species, but the
based on EENM of 3 SDM algorithms, allowed us to
Table 1. Model evaluations of predictions by ensemble ecological niche modeling based on 10-fold cross-validations by area under the curve (AUC), kappa
statistics, and true skill statistics (TSS) for Kemp’s ridley and loggerhead turtles
that nested along the Gulf of Mexico
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Table 4. Model selections, Akaike information criteria (AIC), ΔAIC, AIC weight (wi), root mean square error (RMSE), and rank
of each model (ordered by AIC or RMSE from low to high), by 3 algorithms, generalized linear model (GLM), MaxEnt, and
multivariate adaptive regression splines (MARS), to predict foraging areas for Kemp’s ridley and loggerhead turtles that nested
along the Gulf of Mexico. NPP: net primary production; clouds: cloud cover; SST: sea surface temperature; silicate: silicate
amount; depth: bathymetry depth; currents: ocean currents; front: ocean front. –: not determined
Variables

GLM
AIC ΔAIC wi

Rank

MaxEnt
AIC ΔAIC wi

Rank

MARS
RMSE Rank

Kemp’s ridley
NPP, clouds, SST, silicate, depth, currents, front
NPP, SST, silicate, depth, currents, front
NPP, depth, SST, silicate
NPP, depth, SST
NPP, depth, silicate
NPP, SST, silicate
Depth, SST, silicate
NPP, depth
NPP, SST
NPP, silicate
Depth, SST
Depth, silicate
SST, silicate
NPP
Depth
SST
Silicate

4430
4451
4731
4973
4932
5297
5613
5113
5986
5702
6755
−
6298
6475
7487
7347
6954

1.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
−
0.00
0.00
0.00
0.00
0.00

1
2
3
5
4
7
8
6
10
9
13
−
11
12
16
15
14

33475
33428
30921
31908
31345
29805
29944
33076
30585
30542
31111
30379
30689
32063
32911
32725
32553

3670
3623
1116
2103
1540
0
139
3271
780
737
1305
574
884
2258
3105
2920
2748

0.00
0.00
0.00
0.00
0.00
1.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

17
16
7
10
9
1
2
15
5
4
8
3
6
11
14
13
12

0.247
0.245
0.250
0.260
0.255
0.256
0.261
0.266
0.270
0.266
0.288
0.275
0.264
0.296
0.318
0.299
0.294

2
1
3
6
4
5
7
10
11
9
13
12
8
15
17
16
14

Loggerhead
NPP, clouds, SST, silicate, depth, currents, front
NPP, clouds, SST, silicate
NPP, clouds, SST
NPP, clouds, silicate
NPP, SST, silicate
Clouds, SST, silicate
NPP, clouds
NPP, SST
NPP, silicate
Clouds, SST
Clouds, silicate
SST, silicate
NPP
Clouds
SST
Silicate

6909
0
1.00
7180 271 0.00
7199 290 0.00
7249 340 0.00
7587 678 0.00
7427 518 0.00
7336 427 0.00
7661 752 0.00
7689 780 0.00
7625 716 0.00
7427 518 0.00
7781 872 0.00
7814 905 0.00
7625 716 0.00
7930 1021 0.00
7819 910 0.00

1
2
3
4
8
6
5
11
12
9
6
13
14
9
16
15

30021
29288
28616
27900
29025
28393
29404
30941
29387
29723
29264
31737
31505
30913
32560
31933

2121
1388
716
0
1125
493
1504
3041
1487
1823
1364
3837
3605
3013
4660
4033

0.00
0.00
0.00
1.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

10
6
3
1
4
2
8
12
7
9
5
14
13
11
16
15

0.285
0.287
0.295
0.296
0.287
0.294
0.302
0.300
0.302
0.301
0.300
0.298
0.315
0.311
0.313
0.313

1
3
5
6
2
4
11
8
12
10
9
7
16
13
14
15

0
21
301
543
502
867
1183
683
1556
1272
2325
−
1868
2045
3057
2918
2524

narrow down target areas for multi-species marine
habitat conservation within a large geographic
extent. Using EENM, predicted foraging habitats for
adult females of each species covered a large extent
of neritic waters along the Gulf coast. For both species, predicted areas appear to be within previously
reported extents predicted using MaxEnt with turtle
location data obtained from the Ocean Biogeographic Information System (OBIS; https://obis.org)
as input (Grüss et al. 2018). However, despite the
similarity in diets for the 2 species (Burke et al. 1993),
the intersected areas for both species were relatively
small.

There were similarities and dissimilarities in the
permutation importance of the predictor variables
between the 2 species. For both species, NPP had a
comparably high level of importance. For Kemp’s ridleys, NPP was the most important variable (52.9%),
followed by bathymetry (17.1%) and SST (13.8%),
and the remaining variables received a smaller level
of importance (<10%). Foraging grounds for loggerheads appear to be influenced by more diverse environmental factors. For loggerheads, NPP accounted
for the highest importance (21.6%) along with 3
other variables, cloud coverage, SST, and silicate
amount, which accounted for about 20% of impor-
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tance each. This inter-species difference may be
linked to the difference in movement patterns during
foraging periods. In the GoM, loggerheads from the
northern GoM nesting group have been shown to
forage in slightly deeper water (33 m, loggerheads;
20 m, Kemp’s ridleys) and slightly further from shore
than Kemp’s ridleys that nested in Mexico and Texas
(48 km, loggerheads; 25 km, Kemp’s ridleys; Shaver
et al. 2013, Hart et al. 2014). Examination of stomach
contents indicated Kemp’s ridley is a prey specialist
that primarily consumes crabs (Shaver 1991). Kemp’s
ridleys, whose foraging grounds are strongly influenced by site productivity, may continually seek optimal foraging sites and individuals may forage in multiple sites which are geographically apart (Shaver et
al. 2013). Loggerheads are considered generalist carnivores and forage more opportunistically on a wider
prey base (Tomas et al. 2001, Wallace et al. 2009).
Studies have shown that individual loggerheads
show fidelity both to their adult foraging grounds
(Hawkes et al. 2007, Marcovaldi et al. 2010) and to
the prey assemblage upon which they forage (Vander Zanden et al. 2010). The observed difference in
the relative importance of NPP for the 2 species likely
reflects this difference in foraging behaviors.
The importance of climatic factors, such as SST for
both species and cloud cover for loggerheads, agree
with satellite telemetry data that foraging turtles
avoid lethally cold waters during winter (Hawkes et
al. 2007). The importance of silicate (18.9%) on the
distribution of loggerhead foraging habitat may reflect effects of silicate input on productivity of those
areas. Within the neritic GoM, the increased silicate
amount contributes to the development of plankton
communities (Turner et al. 1998) which form the base
of the food web in aquatic systems. A simulative
study indicated effects of ocean currents on behavior
of marine turtles by impacting orientation, energy
budget, and identification of foraging areas (Gaspar
et al. 2006). Another study using MaxEnt to predict
the encounter probability for Kemp’s ridleys and loggerheads in the GoM found that variables related to
ocean currents made the largest contributions to the
model (Grüss et al. 2018). In their results, annual
range of ocean current speed contributed 36.3% for
loggerhead and 23.3% for Kemp’s ridley, and maximum annual ocean current speed contributed 23.6%
for loggerhead (Grüss et al. 2018). In our results, the
permutation importance of ocean current was relatively low for both species, i.e. 6.3% for Kemp’s ridley
and 7.6% for loggerhead. This difference is likely because our input data are limited within foraging periods. Compared to other variables, such as NPP and

SST, the effects of ocean current on habitat suitability
appear to be minor.
Model selection results indicated that foraging
habitat selection for both species was influenced by a
combination of multiple environmental factors. As a
general trend, highly parameterized models fit better; the full model was ranked as either 1st or 2nd by
2 algorithms (GLM and MARS) for both species and
the full model is highly likely the best model among
all tested models for GLM. The observed greater fit
by the full model suggests that all variables we considered were potentially important in predicting suitable foraging habitat for the 2 species, despite the
fact that some variables received a relatively small
degree of permutation importance. However, there
were variabilities in the model ranks between the 3
algorithms. Model ranks by GLM and MARS were
relatively consistent, but differed from those by MaxEnt. Regardless of this discrepancy, less parameterized models, such as single-variable models, commonly received lower ranks by all 3 algorithms.
There are 3 important factors to consider regarding
the reliability of model predictions. First, in using
SDM to predict suitable habitat, the omission rate depends on the threshold selection. We used a previously recommended threshold method, maximizing
the sum of sensitivity and specificity (Liu et al. 2013),
but there are a number of other threshold selection
methods, such as training data prevalence and maximizing overall accuracy. Selection of a threshold
selection method depends on the circumstances —
whether researchers prefer a conservative (smaller
area) or more inclusive (larger area) prediction —
which may be constrained by data availability, logistics, and application purposes. Second, the predictions
for suitable foraging areas were very different by algorithm, as many other studies have demonstrated
(e.g. Dormann et al. 2008, Watling et al. 2015). Model
choice could be a primary source of prediction errors.
This uncertainty associated with the choice of model
is a common problem in SDM. In the results from variable selection, GLM and MARS resulted in a similar
set of variables, but the predicted suitable foraging
areas by these 2 models were very different. Some
portions of the predicted foraging areas by MARS appeared unrealistic, as they were in deep, offshore waters in the middle of the GoM (Fig. 4). EENM accounts
for such uncertainty associated with algorithms, but
caution is advised when a single algorithm is applied.
The third consideration is that the reliability of model
predictions also depends on species, which was
demonstrated in this study. Although the model evaluations by cross-validation showed high prediction
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accuracy for both species, the results from the model
evaluations based on the independent datasets were
distinctly different: a very low omission rate for
Kemp’s ridleys and a very high omission rate for loggerheads. This likely resulted from (1) our loggerhead
foraging data underrepresenting the nesting loggerhead population in the entire GoM (substantially
more turtles tagged in DRTO), (2) higher individual
variability in foraging site selection by loggerheads,
or (3) both. Notably, loggerhead nesting sites span a
larger geographical extent along the GoM coast and
compared to Kemp’s ridleys (Fig. 2). The number of
nesting turtles between the 2 species are also different. It was reported that > 25 000 loggerhead nests are
observed annually between 1989 and 2006 in surveys
along Florida Index Beaches, and 8.6% of them were
in northwest and southwest Florida along the GoM
(Witherington et al. 2009). The observed number of
nests of Kemp’s ridleys is much smaller. Between 1978
and 2014, 1667 Kemp’s ridley’s nests were documented in Texas (Shaver et al. 2016b). Because of the
differences in the sizes of nesting habitats and populations, despite the equal number of tagged turtles for
both species (n = 63), our sampled turtles unlikely
represented both species equally.
Previous telemetry studies also revealed dynamic
migratory movements of loggerheads in coastal and
oceanic waters, whereas Kemp’s ridleys tend to
migrate along the coast eastward to reach foraging
grounds and westward to return to the nesting
beaches (Hart et al. 2014, Shaver et al. 2013, 2016a).
Considering the larger habitat extent and population
size combined with greater individual variability in
migration behavior of loggerheads, our data may be
insufficient to predict the foraging extent of the
entire nesting loggerhead population in the GoM.
Our current input data for loggerheads were from
nesting turtles tagged on 4 beaches along the GoM.
Incorporating tracking data from additional loggerheads from different nesting sites may help to produce more robust predictions of suitable foraging
areas for this species. In this study we did not implement the model or subset the validation data for an
assessment by nesting beach because we did not
have a representative number of tracked turtles from
all beaches. However, considering the observed
genetic variations in the loggerhead population in
west Florida (Shamblin et al. 2015), with a sufficient
number of tracked turtles, modeling the foraging
habitat by nesting beaches or each genetic group
and evaluating the predictive accuracy may provide
further insight on foraging site selection of loggerheads. A previous study has predicted spatial and
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temporal variation in the distribution of oceanicstage juvenile Kemp’s ridleys, loggerheads, and
green turtles Chelonia mydas using simulated dispersal patterns for hatchling cohorts originating in
each nesting beach based on Global Hybrid Coordinate Ocean Model (HYCOM) hindcasts (Chassignet
et al. 2009, Putman et al. 2020). Use of such a simulated dispersal model to predict foraging-site selection of adult sea turtles in conjunction with SDM is
worth exploring to improve predictions.
Our results clearly delineated relatively small common foraging areas used by both species along the
northern Gulf, western Florida, and the coast of the
Yucatán Peninsula (Fig. 3C), which agree with the
highly fused foraging habitats by individual turtles
using satellite location data (Shaver et al. 2013, Hart
et al. 2014, Gredzens & Shaver 2020). The approach
we used may also be extended to identify common
inter-nesting habitats and migratory corridors of the
2 species which were previously identified using
satellite telemetry data (Hart et al. 2014, Shaver et al.
2016a). The identified common foraging habitats are
highly productive, biodiverse areas but they also suffer intense human disturbances. A study demonstrated
potential for interactions of nesting female loggerheads and Kemp's ridleys in the GoM with anthropogenic activities such as offshore drilling, shrimp
trawling, and oil spills (Hart et al. 2014, 2018). Since
adult survival rate is an important factor in population persistence and recovery, such interactions with
threats may negatively impact the population. In the
present study, we considered only environmental
variables to model suitable foraging grounds, but a
previous study indicated that human pressure is a
strong predictor of geographic range size for terrestrial mammal species (Di Marco & Santini 2014).
Inclusion of human disturbances in ocean habitats
may further improve the prediction of suitable foraging areas for marine species and such studies could
provide important conservation implications.
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