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INTRODUCTION

Modeling species distribution is a valuable tool of
biological conservation efforts, especially predictive
models of marine predators due to the logistical
dif culties of monitoring their distributions at sea. For
instance, managers of whale and dolphin populations
can bene t from accurate model-derived predictions of
cetacean habitat to mitigate anthropogenic effects, such
as sheries by-catch (Torres et al. 2003), sonar (Cox et
al. 2006), and the impacts of habitat alterations on
ecosystem function (Baumgartner et al. 2000, D Amico
et al. 2003), in order to protect critical habitat (Hooker
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et al. 1999, Gregr and Trites 2001) and understand the
ecology of these animals (Hamazaki 2002). By assuming
that the distribution of cetaceans is nonrandom relative
to environmental variability, predictive models of
cetacean distribution typically identify the ecological
relationships between the environment and species
habitat selection. With the goal of improving conserva-
tion applications of modeling efforts, our study exam-
ines the potential for increased predictive capacity by
models of dolphin distribution that include direct prey
data as an explanatory variable.

Abiotic variables may be correlated with the distri-
bution of dolphins (i.e., temperature, salinity, depth,
dissolved oxygen, distance from shore). However, these
metrics often have little direct in uence on the actual
selection of habitats by dolphins. In reality, these abiotic
variables are frequently used as proxies for prey
distribution. Predictive models of dolphin distribution
rarely include direct data on prey distribution because
prey sampling is more dif cult than sampling of abiotic

1702



1706

; 4 km/h for 3 min. We randomly generated the
locations of trawl sampling sites and strati ed them by
benthic habitat type to sample the different bottom
types within each zone. We conducted a minimum of
three trawls on each survey day. All captured sh were
identi ed, measured, and then released alive. We
recorded all water and habitat quality metrics prior to
each trawl and the GPS positions at the start and end of
each trawl to calculate the exact distance trawled.

We converted the catch from each trawl into four
descriptive metrics: catch per unit effort (CPUE),
dolphin prey per unit effort (DPPUE), Simpson s
diversity index per unit effort (SPUE), and Margalef s
species richness index per unit effort (MPUE). Catch per
unit effort is the total number of sh captured per meter
of trawling. Dolphin prey per unit effort is a subset of
CPUE consisting of catch that may be potential dolphin
prey items. We determined this subset by sh species and
size. Due to the expansive, uninhabited nature of
Florida Bay, stranded dolphins are rarely recovered,
and to date no data exist from stomach contents in this
region. Therefore, we assumed the diet of dolphins in
Florida Bay to be similar to the diets of bottlenose
dolphins documented in adjacent areas (Barros 1987,
1993, Barros and Odell 1990, Barros and Wells 1998).
The SPUE is Simpson s diversity index (Rp?) for each
trawl divided by the length of the trawl in meters. We
calculated Margalef s richness index ((S — 1)/log(N)) for
each trawl and converted it into the per meter of
trawling metric MPUE. We implemented these four
metrics in the exploratory exercise to determine the sh
catch metric most correlated with dolphin habitat
selection. Unfortunately, we were unable to include a
metric of sh biomass captured by each trawl in the
analysis due to a lack of length mass parameters for a
number of frequently caught sh.

Pseudo-absence generation

While surveying for dolphins, we constantly collected
absence data. However, these data are in the form of
strip transect areas, as opposed to dolphin sightings,
which are point locations. Therefore, to test for dolphin
habitat selection with binomial presence/absence data,
we generated pseudo-absence points in the areas of
absence by accounting for detection probabilities
(MacKenzie et al. 2002, Brotons et al. 2004). The
quality of a model can be signi cantly in uenced by the
location of absence points (Engler et al. 2004).
Therefore, we proportionally distributed pseudo-ab-
sence locations while accounting for survey effort and
conditions to avoid labeling areas of missed sightings as
absence locations. We generated 10 times the number of
sightings as pseudo-absences and randomly distributed
these pseudo-absence points in proportion to survey
effort, distance from track line, and sighting conditions.
(See Appendix B for more details on pseudo-absence
generation.)
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Grid sampling

We created interpolated raster grids, with 50-m grid
cell size, to obtain water quality values for all absence
points. We recorded water quality and habitat metrics at
all dolphin sightings so it was unnecessary to sample
presence locations (except to acquire turbidity, percent-
age of dissolved oxygen, and chlorophyll a values for
2002 and 2003 sightings). We created daily water quality
grids for each survey day through interpolations of all
water quality sampling locations on each survey day
(sightings, trawls, 30-min survey intervals, and start and
end of surveys samples). We employed a kriging
interpolation method to generate daily water quality
grids because numerous data points occupied relatively
small spatial extents, allowing the kriging method to
accurately interpolate spatial trends between data
points.

In contrast to water quality, we created seasonal
interpolated surfaces of trawl data of the four sh
metrics. With only three trawls conducted on each
survey day we did not have enough spatial coverage to
adequately describe the daily spatial variability of sh
distribution. Therefore, we utilized all sampling loca-
tions conducted in each zone and summer eld season to
interpolate sh grids. With this method we make the
assumption that the sh community structure within
each zone of Florida Bay does not change throughout a
summer (Matheson et al. 1999, Thayer et al. 1999,
Gaertner 2000). We created CPUE, DPPUE, SPUE, and
MPUE grids for each zone during each summer between
2002 and 2005. We interpolated these grids from trawl
data points using either a spline or kriging method,
determined by the accuracy of real data point represen-
tation.

Analysis

Generalized additive models. Using S-plus 7.0 (In-
sightful Corporation, Seattle, Washington, USA), we
created models of dolphin habitat selection using
generalized additive models (Hastie and Tibshirani
1990) with a smoothing function and backwards
variable selection. We chose the optimal model,
composed of the combination of variables that best t
the observed data, based on the lowest Akaike
Information Criterion (AIC; Burnham and Anderson
1998). The GAMSs generate smoothed curves represent-
ing the relationship between the response and each
predictor variable in the model. The GAMs are
particularly good at identifying and describing nonlinear
relationships that are more typical than linear relation-
ships in ecology (Oksanen and Minchin 2002). We
conducted GAMs with two types of data: (1) binomial
dolphin presence/absences data with a logit link function
and (2) continuous sh catch data using a Gaussian
family model with an identity link function.

Mantel s tests. Mantel s tests (Mantel 1967) are able
to overcome many problems associated with examining
species environment relationships. They are multivari-
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ate, explicitly test for the effect of space on the response
variable, account for multicolinearity between predictor
variables, and identify and account for spatial autocor-
relation of explanatory variables (Schick and Urban
2000). Mantel s tests are a more robust analysis than
GAMs, which have been criticized for their tendency to
over t data and give arti cially high P values (Guisan
and Zimmermann 2000, Guisan et al. 2002, Vaughan
and Ormerod 2005). Unlike GAMSs, greater correlation
between predictor and response variables is required to
obtain a signi cant P value from a Mantel s test.
Therefore, for the exploratory exercise, we used Man-
tel s tests (run in S-Plus 7.0) to determine signi cant
predictor variables correlated with dolphin presence/ab-
sence in order to limit the number of variables included
in the GAMs. (See Appendix C for details on Mantel s
tests.)

Predictive maps. We used the zero line on each
GAM plot to divide the range of the explanatory
variable that had a positive effect from the range that
had a negative effect on the response variable. We
applied simple threshold cutoffs from these GAM plots
in a geographic information system (GIS) framework to
de ne dolphin habitat. Where the response curve was
above the zero line, the explanatory variable was used to
select habitat. This threshold approach is an extension
of envelope models that generate reproducible results
based on minimum and maximum values of explanatory
variables (Redfern et al. 2006). Using GIS, we selected
grid cells from interpolated surfaces representing various
variables (i.e., salinity, bottom type) based on the
thresholds determined by the GAM models. We refer
to this technique as GAMvelopes.

Model evaluation. Model evaluation is a critical step
in producing predictive species distribution models
(Rushton et al. 2004, Vaughan and Ormerod 2005).
Although evaluation standards can vary depending on
the goal of the model, most evaluation techniques must
re ect the model s ability to correctly select habitat, as
well as exclude non-habitat. We assessed the predictive
capacity of each GAM model used to map dolphin
habitat using the true skill statistic (TSS; Allouche et al.
2006) calculated from traditional model accuracy
measures of sensitivity and speci city. The TSS is
de ned as

TSS = sensitivity + specificity — 1:

The TSS is insensitive to both prevalence and the size of
the validation set, combines both errors of commission
(sensitivity) and omission (speci city), and is simple to
calculate and interpret. The TSS ranges from —1 to +1,
where +1 indicates perfect model performance. A zero
value means the model performed no better than
random, and a negative value indicates that the model
performed worse than random guessing would have
predicted. The TSS assigns equal weight to sensitivity
and speci city, which makes false positive as unwanted
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as false negatives. (See Appendix D for details on model
evaluation.)

Hypothesis testing

We performed the following analyses by creating
dolphin habitat selection models with training data sets
and evaluating each models predictive capacity with
independent testing data sets. As explained above, two
different survey methods were employed in our eld-
work. Thus, we matched testing and training data sets
based on consistent eld methods: we used data
collected from the Atlantic, Central, and Gulf zones in
2004 and 2005 in our exploratory exercise; for Hy 1, we
used 2004 data to train models and 2005 data to test
each model; we explored Hg 2 with models trained based
on 2002 data and tested by predicting data collected in
2003.

Exploratory exercise. To examine the effect of the
same environmental variables on predator and prey, we

rst determined the signi cant predictors of dolphin
presence/absence with binomial Mantel s tests using the
following explanatory variables: temperature, salinity,
turbidity, chlorophyll a, percentage of dissolved oxygen,
distance from mud banks, CPUE, DPPUE, MPUE, and
SPUE. We transformed the last ve variables to a log +
1 scale. (Detail on the use of Mantels tests in the
exploratory exercise can be found in Appendix E.)

The next step of our exploratory exercise modeled sh
catch relative to environmental variability. We used the

sh metric identi ed as most correlated with dolphin
presence/absence by the Mantel s tests (CPUE). Those
explanatory variables found to be correlated with CPUE
were then tested in a binomial GAM of dolphin
presence/absence for that same zone. To conclude this
exploratory exercise, we created and compared GAM
plots of CPUE and binomial dolphin presence/absence
to the same explanatory variables.

Ho 1. To evaluate the utility of sh distribution data
in predictive models of dolphin habitat selection we
created four types of models that used different sets of
explanatory variables. The rst model predicted dolphin
presence/absence based on environmental factors (nota-
tion: DOLPHIN ; ENV). The next model predicted
dolphin distribution based only on sh catch data
(notation: DOLPHIN ; FISH). The third model
predicted dolphin habitat by modeling both environ-
mental factors and sh catch data (notation: DOLPHIN
; ENV + FISH). The nal model predicted areas of
high sh catch (CPUE) based on environmental factors
(notation: FISH ; ENV). This model essentially
predicted habitat with high prey abundance and
assumed that hungry dolphins would distribute them-
selves appropriately. We created the rst three types of
models using presence and absence points from four
surveys conducted in each zone (Atlantic, Central, and
Gulf) in 2004. We developed models of the fourth type
based on sh catch data from all trawls conducted in
each of the three zones during the 2004 summer.
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TasLe 4. Overall model performance by the four tested model
types in hypothesis 1 (Ho 1; see Methods: Hypothesis testing:
Ho 1).
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TasLe 5. Overall predictive capacity results of dolphin
distribution by zone for hypothesis 2 (Hg 2).

Percentage
Model Sum of Mean  Percentage of foraging
TSS ranks TSS of foraging No. Mean TSS sightings
value sightings surveys for all correctly
predicted Zone tested models predicted (ratio)
Dolphin ; ENV + FISH 14 0.0055 12.50 Atlantic 7 0.5251 60 (3/5)
Dolphin ; ENV 10 0.2644 62.50 Central 8 0.6557 86 (6/7)
Dolphin ; FISH 18 —0.0807 0 Eastern 5 0.3145 76 (2/3)
FISH ; ENV 11 0.2407 87.50 Gulf 6 0.2247 80 (4/5)
- — - Western and 10 0.2326 100 (10/10)
Notes: The generalized additive models (GAMSs) were trained Flamingo
with 2004 data and tested by dolphin presence and absence  Total, all zones 36 0.3905 83 (25/30)

from 2005 surveys. Predictive capacity is assessed in three ways:
the sum of true skill statistic (TSS) ranks (lower rank indicates a
higher TSS, which means better performance), the mean TSS
for all survey dates, and the percentage of observed foraging
sightings on each survey date correctly predicted by the model.

highest TSS value received a rank of one and the lowest
TSS value received a rank of four.

The overall evaluation of predictive performance by
the four model types was determined using three ranking
methods: sum of TSS ranks, mean TSS value, and the
percentage of foraging sightings correctly predicted
(Table 4). The order of predictive performance by the
four model types was identical between the sum of TSS
ranks and the average TSS value. These two evaluation
methods determined that the DOLPHIN ; ENV
models performed best, but only slightly better than
the FISH ; ENV models. However, the ability of the
DOLPHIN ; ENV models to predict foraging habitat
was 25% worse than the ability of the FISH ; ENV
models. The FISH ; ENV models were able to correctly
predict dolphin foraging locations 87.5% of the time.
The predictive capacity of the DOLPHIN ; ENV +
FISH models placed third, with an average TSS value
only marginally better than random. Those models that
attempted to predict dolphin distribution based on sh
distribution alone, DOLPHIN ; FISH, performed the
worst and were able to predict 0% of dolphin foraging
sightings.

Ho 2. Predictive maps of 2003 dolphin distribution
produced by GAM models of 2002 CPUE ; ENV were
evaluated by the TSS and percentage of foraging
sightings correctly predicted (Appendix G). Only 7 of
36 predictive maps produced a TSS score of zero or less.

Notes: Models of dolphin presence/absence were trained by
data from 2002 trawls (CPUE ; ENV) and tested by 2003
dolphin surveys. The ratio for percentage of foraging sightings
correctly predicted is the number of foraging sightings correctly
predicted divided by the number of foraging sightings observed.
TSS, true skill statistic.

Two maps had perfect predictive capacity and three
other maps produced a TSS of 0.80 or higher.

The ve 2002 models of CPUE ; ENV produced
positive mean TSS values ranging from 0.2247 to 0.6557
when validated by 2003 observed presence and absence
locations (Table 5). The mean TSS value for all 36
predictive maps was 0.3905, denoting that the maps
performed on average 40% better at predicting dolphin
habitat than random guessing would have produced.
Additionally, each zone model was able to predict 60%
or more of all dolphin foraging locations, including
100% accuracy in the combined region of the Western
and Flamingo zones. In total, habitat models of high sh
abundance generated by 2002 trawl data accurately
predicted 83% of all dolphin foraging sightings observed
in 2003 in Florida Bay.

DiscussioN

Our results indicate that incorporating prey data as an
explanatory variable into ne-scale models of dolphin
habitat selection within a heterogeneous environment
does not improve predictive capacity. However, predic-
tive modeling of prey distribution based on environ-
mental variability did produce high predictive
performance of dolphin habitat selection, particularly
foraging habitat. This relationship between dolphin
habitat and the habitat preferences of their prey is
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Fic. 4. Generalized additive model (GAM) plot comparison between signi cant explanatory variables for dolphin distribution
(upper plots in each group of panels) and catch per unit effort (CPUE; lower plots in each group of panels) in the (a) Atlantic, (b)
Central, and (c) Gulf zones based on data from 2004 and 2005. The data sets used to t each GAM and the resulting models are
described in the right column adjacent to the plots from that model. Bottom type (plots in central column) was a signi cant
explanatory variable in all GAMs. The left column for each zone compares plots of the same explanatory variable related to
dolphin presence/absence and CPUE. The dashed horizontal black lines represent the zero line in each plot. The vertical dotted
lines delineate the points at which the response curves move above or below the zero line. The dotted lines bracketing the response
curves are twice the standard error and function as con dence limits of the model. Tick marks on the x-axis represent sampling
intensity. Note the different scales on the y-axis between plots. Abbreviations: DOLPHIN, dolphin presence/absence; D, dense
seagrass; H, hard bottom; HS, hard bottom with seagrass; I, intermediate seagrass; M, mud; MB, mud bank; P, patchy seagrass; S,
sand; SP, sparse seagrass.






