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ABSTRACT: Seascape ecology has demonstrated that marine fishes are associated with multiscale habitat characteristics; however, most species distribution models focus on only a few predictors (e.g. depth, temperature), and this limits knowledge of essential fish habitat characteristics. Our objectives were to (1) determine habitat associations of offshore predatory marine fishes
using a comprehensive suite of predictors, including area of nearby estuarine environments, (2)
assess variable influence, and (3) model the spatial distribution of selected fishes in the families
Carcharhinidae and Lutjanidae. We hypothesized that the concept of coastal outwelling would be
evidenced by species associations with areas of nearby estuarine environments, and prey abundance would correlate with predator distributions. Species distribution models were developed
for 2 snapper and 3 shark species in the northern Gulf of Mexico, USA. We used 34 multiscale predictors to evaluate how fish probability of presence or catch per unit effort (CPUE) were associated with oceanography, geography, substrate, area of nearby wetlands and estuaries, and prey
abundance. Boosted regression trees, a machine-learning technique, modeled the most influential
variables and predicted distributions. Model validation showed an overall accuracy of 79−86%,
and CPUE models explained > 40% of model deviance. Oceanographic variables, particularly
mixed layer depth, were most influential and most frequently selected. As hypothesized, predatory fish distributions were predicted by prey abundances, and shark distributions were predicted
by area of nearby coastal wetlands and estuaries. Our findings suggest that spatial models can
provide novel insights into prey associations and linkages of marine species with nearby wetlands
and estuaries.
KEY WORDS: Species distribution model · Habitat use · Prey · Wetlands · Outwelling hypothesis ·
Carcharhinidae · Lutjanidae · Mixed layer depth

1. INTRODUCTION
Knowledge of species-specific spatial distributions
is fundamental to meeting conservation and management objectives (Elith & Leathwick 2009, Guisan
et al. 2013). In the marine environment, species dis*Corresponding author: bradley_pickens@fws.gov

tribution models (SDMs) have proliferated in the last
decade (Robinson et al. 2017, Melo-Merino et al.
2020) as technology, availability of spatial data, and
computation capacity have rapidly improved. SDMs
can simultaneously illuminate species−habitat relationships as well as map the spatial patterns of spe© The authors and, outside the USA, the US Government 2022.
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cies distributions. Although SDMs are based on correlative models, the ability to quantify the effect of
multiscale predictors has led to a new field of seascape ecology (Pittman et al. 2011). Seascape analyses have confirmed expectations that marine fish distributions are dynamic over multiple spatial and
temporal scales (Mannocci et al. 2017), including
broad-scale effects such as offshore reef fish distribution being associated with distant mangrove and seagrass habitats (Olds et al. 2012, Martin et al. 2015).
For these reasons, determining the most relevant
spatial scales that link patterns and processes of marine systems has been identified as a research priority
in seascape ecology (Pittman et al. 2021).
Depth and sea surface temperature (SST) are the
most frequently utilized variables when examining
the spatial distributions of marine organisms (MeloMerino et al. 2020). These variables are often correlated, and temperature can define the extent of species
distributions based on an optimization of physiological conditions for organisms (Kearney & Porter 2009).
In contrast, variables such as ocean productivity,
salinity, temperature gradients or fronts, and ocean
currents influence species distribution at a finer scale
often termed the mesoscale (Hobday & Hartog 2014).
Prey distributions and substrate type may further
characterize fine-scale habitat influences on species
distributions. At a fine scale, depth and temperature
are likely indirectly related to fish distribution. For
example, depth may correlate with fish distribution
because of varying salinity, light availability, phytoplankton concentration, prey distribution, or other variables. Possible correlates with temperature include
productivity gradients or upwelling, which can modulate prey distribution. More direct predictors, including food availability, that are directly associated
with species-specific resource needs are considered
among the most robust variables, yet are challenging
to quantify (Austin 2002). Nonetheless, the identification of direct habitat associations has the potential
to provide insights into habitat requirements of species. More specifically, US policy protects ‘Essential
Fish Habitat,’ defined as the waters and substrates
required for a species to spawn, breed, feed, or grow
to maturity (US Sustainable Fisheries Act of 1996,
Public Law 104-297). Modeling studies have identified the ecological requirements for marine fishes in
this management context (Moore et al. 2016, Pennino
et al. 2016), and while predator−prey overlap is expected, few studies have tested the predictive capacity of these biological predictor variables particularly
at ocean-basin scales (Robinson et al. 2011, Pickens
et al. 2021c).

Productivity of marine environments is often measured using chlorophyll a (Melo-Merino et al. 2020),
upwelling strength (Santora et al. 2014, MarinEnriquez et al. 2018), or oceanographic fronts (Scales
et al. 2014, Queiroz et al. 2016). However, cross-system trophic interactions are likely to occur across
coastal environments (Zuercher & Galloway 2019),
particularly between extremely productive salt marsh−
estuary systems and the oceanic environment. The
original ‘outwelling hypothesis’ developed by Odum
(1980) postulates that the high production of marsh−
estuarine systems has a net export of detritus and
particulate organic carbon into the coastal ocean. Subsequent studies have shown that this carbon export is
not likely substantial, and Deegan et al. (2002) proposed that coastal wetlands primarily support offshore fisheries by exporting juvenile fish biomass, as
salt marshes support a trophic transfer of energy
from primary productivity to invertebrates and nekton; subsequently, nekton undergo ontogenetic shifts
and cyclic migration that export energy to the marine
environment in the form of fish biomass. For example, Deegan (1993) quantified the export of Gulf menhaden Brevoortia patronus from estuaries to offshore
waters and found that the export accounted for 5−
10% of inshore primary productivity measured as
annual carbon, biomass, and kilocalories exported.
Similarly, estuarine-dependent brown shrimp Penaeus
aztecus have been identified as a key component of
marine fish food webs in Europe (Poiesz et al. 2020),
and mangroves are thought to support offshore fisheries in Asia (Chong 2007). The relationship between
estuarine wetlands and marine predators has rarely
been tested or demonstrated. Overall, few studies
have examined whether marine fish distributions are
associated with predictors depicting prey species
abundance or adjacent estuarine wetlands (Pickens
et al. 2021c). In particular, understanding spatial linkages between inshore and offshore habitats used by
marine species has important implications for coastal
ocean management that seeks to minimize impacts to
fisheries habitats from human uses.
Because of the prominence and variability of coastal
environments in the northern Gulf of Mexico (nGoM),
and availability of fishery-independent data, it is an
ideal setting to test predator−prey and estuarine−
wetland relationships with predators like snappers
(Lutjanidae) and coastal sharks (Carcharhinidae).
Estuarine waters, particularly in conjunction with
coastal wetlands, in the nGoM provide habitat for
estuarine-dependent early life stages of marine
fishes and are fundamental habitat for abundant prey
resources such as forage fish, shrimp, and crabs
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(Spies et al. 2016). Food webs in the nGoM show
common linkages among penaeid shrimp, menhaden
(Brevoortia spp.), squid, snapper, and sharks (Tarnecki et al. 2016). In particular, the amount of Gulf
menhaden consumption is projected to have major
effects on the biomass of higher trophic level fisheries (Robinson et al. 2015, Geers et al. 2016).
The objectives of our study were to: (1) develop
species distribution models for 2 snapper and 3 shark
species with diverse life history requirements; (2)
determine habitat relationships using a broad suite
of multiscale predictor variables, including prey abundance, area of nearby estuaries and wetlands, substrate type and complexity, and oceanographic characteristics; and (3) examine the influence of predictors
across these models. We hypothesized that prey distribution and the area of nearby estuarine habitats
would be important predictors of the spatial distribution of predatory species in the marine environment.

2. MATERIALS AND METHODS
2.1. Study area
The study area spanned the nGoM from Texas to
Florida, USA. The landward boundary began with
federally managed waters (5.6 km from the shore of
Louisiana, Mississippi, and Alabama; 16.7 km from
the shore of Texas and Florida) through the 50 m
depth contour. Only waters ≤ 50 m in depth were included because our focus was on examining potential sand-dredging impacts to fisheries habitat (see
Kim et al. 2008, Drabble 2012, Hwang et al. 2013).
Benthic substrate of the study area consists of unconsolidated sediments ranging from mud to gravel with
natural patches of hardbottom reefs scattered throughout but primarily associated with the West Florida
Shelf and the shelf edge break (Rezak et al. 1985).
Additionally, since the 1950s, > 20 000 artificial reefs
and > 4000 oil and gas platforms have been installed
in the GoM, with approximately 3900 oil and gas
platforms remaining (Shipp & Bortone 2009). These
structures are common in the western part of the
study area and provide complex substrate to fishes.

2.2. Biological data
We modeled the distribution of juvenile red snapper Lutjanus campechanus (ages 0 and 1), lane snapper L. synagris (ages 0 and 1), blacktip sharks Carcharhinus limbatus, spinner sharks C. brevipinna,
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and Atlantic sharpnose sharks Rhizoprionodon terraenovae. These species were selected based on
their designation as federally managed species with
designated Essential Fish Habitat in shallow waters,
data availability, economic importance, known prey
associations (e.g. Gulf menhaden), and their potential association with unconsolidated sediments, sand
shoals, and substrate complexity. We used fisheryindependent data collected from 2003 to 2017 to
evaluate spatial distributions of each species. Shark
catch per unit effort (CPUE) data were collected during annual bottom longline surveys conducted by the
National Marine Fisheries Service, Mississippi Laboratories, and conducted annually throughout the
nGoM from July through September. In addition, we
used data from the Congressional Supplemental
Sampling Program, an extensive bottom longline survey that occurred from 7 April through 25 October of
2011. Both bottom longline surveys were conducted
using standardized methods described in detail by
Driggers et al. (2012). Briefly, surveys were conducted
using random-stratified survey designs throughout
the nGoM. All bottom longline surveys deployed
1.85 km of mainline and 100 gangions with a 15/0 circle hook baited with Atlantic mackerel Scomber
scombrus. Gear soak times were targeted to be 1 h;
however, in some cases, longline sets were shorter or
longer in duration than planned due to unforeseen
issues (e.g. mechanical failure, vessel traffic, weather).
As a result, data from longline sets with effort outside
of the 37−107 min range were excluded (< 0.2% of
the dataset). Seven longline sets used < 80 hooks and
were removed (< 0.5% of dataset); data from longline
sets with > 85 gangions deployed were retained for
analyses, and the remaining surveys had 86−104
hooks per longline set. We used presence/absence
data for blacktip and spinner sharks because of their
relatively low frequency of capture in the study area;
for the more commonly captured Atlantic sharpnose
shark, CPUE was calculated as:
CPUE =

( )

c
·60·100
h ·t

(1)

where c is the number of Atlantic sharpnose sharks
captured, h is the number of hooks deployed, and t is
the soak time in minutes. The multipliers 60 min and
100 hooks were used to standardize CPUE data as
number of Atlantic sharpnose sharks caught per 100
hook hours. Prior to analyses, generalized additive
models (GAMs) (knots = 3) were used to test the
association of survey length (km) and duration (min)
on species occurrence and CPUE to evaluate if associations were minimal. Given that all tests showed
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that < 2% of the deviance was explained by these
factors, we used CPUE and occurrence data without
correction.
To evaluate juvenile red and lane snapper spatial
distributions, we used trawl surveys conducted as
part of the Southeast Area Monitoring and Assessment Program (SEAMAP). The SEAMAP trawl surveys are conducted annually across the continental
shelf of the nGoM during summer (June−August)
and autumn months (October−December). With the
exception of minor changes in research design implemented in 2008, the SEAMAP trawl survey has used
standardized gear, protocols, and a random stratified
sampling design since 1987 (Craig & Crowder 2005,
Rester 2017). The SEAMAP trawl survey deploys a
12.8 m shrimp trawl with a with a mesh size of 4.1 cm
stretched at the codend. In some cases when the biological catch exceeded 22.7 kg, only a subset of the
snappers were counted and measured. In these cases,
we projected the full trawl catch based on extrapolation of the sub-sample, and we assumed that this
extrapolation applied to each age group equally.
Trawl surveys targeted a 30 min duration. Extremely
long or short trawl survey lengths were removed, and
subsequently data from trawls ranging from 11−
52 min and 1.0−5.2 km were used in analyses. Excluded data were <15% of the trawl surveys and were
often in the shallowest and deepest waters within the
study area, indicating logistical challenges. Trawl
survey counts were transformed to CPUE, and were
calculated as fish km−1 surveyed. Prior to analyses,
we used GAMs to test the association of trawl length
and duration with CPUE and occurrence of our target
species to evaluate the association. All tests showed
that < 2% of the deviance was explained by these
effects except for a negative association with age-0
red snapper (2.7% of deviance explained) and a positive association with age-1 lane snapper (4.5% of
deviance explained). Given these mixed effects, we
proceeded with using CPUE and occurrence data
without further correction. The centroids of trawl
tows and bottom longline sets were used to depict
survey locations and to link surveys to predictor
variables.
Each snapper age class was expected to use different habitat because both species undergo an ontogenetic shift from soft-bottom habitats occupied by
juveniles to high-relief reefs occupied during young
adult stages. Therefore, analyses included red snapper age 0 (51−172 mm total length [TL]) and age 1
(173−300 mm TL) as well as lane snapper age 0
(<199 mm TL) and age 1 (≥ 199 mm TL) (see details in
Text S1 in the Supplement at www.int-res.com/

articles/suppl/m682p169_supp.pdf). We did not distinguish shark ages or sexes for analyses, but the
proportion of each life stage present was estimated
based on length (Text S1). Of the sexed blacktip
sharks, 54% were female and 46% were male. We
estimated blacktip sharks sampled were 0.002% (3
individuals) young-of-year, 65% juvenile, and 35%
adult. Of the sexed Atlantic sharpnose sharks, 49%
were male and 51% female, and age classes showed
2% young-of-year, 27% juvenile, and 71% adult. Of
sexed spinner sharks, 49% were female and 51%
were male. Spinner shark age classification showed
3% young-of-year, 43% juveniles, and 54% adults.
Although shark habitat use can differ by sex, we did
not separate males and females in our analysis because sample size would have been reduced, not all
sharks were sexed, and Essential Fish Habitat for
sharks is not defined by sex in the US.

2.3. GIS methods and environmental
predictor variables
Spatial analyses of environmental data were conducted in ArcGIS 10.6 (ESRI). We developed predictor variables depicting oceanography, substrate,
geography, area of nearby wetlands and estuaries,
and biological characteristics (Table 1). For depth,
and variables derived from bathymetry, the Coastal
Relief Model (NOAA National Centers for Environmental Information 2010) was used for waters near
Texas, Louisiana, Mississippi, and Alabama. Offshore of Florida, we observed bathymetric artifacts in
the Coastal Relief Model that spanned tens of kilometers; therefore, these data were replaced with
50 m resolution bathymetry developed by the US
Geological Survey (Robbins et al. 2007). To be consistent across the study area, these data were resampled to a 90 m resolution using bilinear interpolation.
From the bathymetry data, we used the ArcGIS Benthic Terrain Modeler (Walbridge et al. 2018) to calculate slope (3 × 3 cell) and the bathymetric position
index (BPI). The BPI quantifies seafloor topography
with values ≥ 1 indicating a cell is shallower than surrounding cells and a BPI ≤−1 indicating a cell is deeper
than surrounding cells. Flat areas are depicted by
BPI values between −1 and 1. The BPI was calculated
with an inner radius of 1 cell (90 m) and an outer
radius of 71 cells (6.4 km) based on the methods of
Pickens et al. (2021b), who quantified seafloor topography in the nGoM to identify sand shoals. The
topographic position of each cell was compared to
the average position of cells over a 6.4 km radius
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Table 1. Variables developed to predict the distribution of fish species in the
northern Gulf of Mexico, USA. Superscripts are seasons of data included in
the analysis (sp: spring; su: summer; aut: autumn). Seasons not included were
removed because of multicollinearity. CV: coefficient of variation; BPI:
bathymetric position index
Variable type

Predictor variable (units)

Oceanography

Mean depth (m)
Mean bottom temperature (°C)sp,aut
Mean sea surface temperature (°C)sp,aut
Maximum chlorophyll a (mg m−3)
Minimum bottom salinity
(practical salinity scale)
Mean bottom current U- and
V-velocity (m s−1)sp,su,aut
Mean mixed layer depth (m)sp, su
Hypoxia (mean probability; %)
CV of depth
Distance to shoal (km)
Proportion of area with shoal
Mean sediment grain size (mm)
Proportion of area with BPI ≥ 1
Slope (degrees)
Distance to natural reef (km)
Distance to artificial structures (km)
Density of artificial structures
(structures km−2)
East or west of 88° W longitude (binary)
Distance to shoreline (km)
Area of nearby wetlands (km2)
Area of nearby estuaries (km2)
Species-specific prey (counts)

Substrate

Geography
Nearby estuarine
environments
Biological

because sand shoal features can be several kilometers wide (Pickens et al. 2021b).
We obtained sediment grain sizes from an interpolation of point data from the US Geological Survey
(Williams et al. 2012). The extent and distribution of
sand shoal geoforms were obtained from Pickens et
al. (2021b). To correspond to the approximate length
of trawl surveys, the ArcGIS focal statistics function
was used to calculate mean depth, the coefficient of
variation (CV) of depth, mean slope, mean sediment
grain size, proportion of area with a BPI of ≥ 1, and
proportion of area classified as a shoal within a 3 km
radius. We used a 3 km radius because this distance
corresponded to the average length of trawl surveys.
Oceanographic predictors were obtained using the
Marine Geospatial Ecology Toolbox (Roberts et al.
2010) (Table 1). Although fish were counted on a singular survey day, their distribution is likely determined by variation in oceanographic conditions over
weeks, months, or years. Therefore, we developed
climatologies for bottom water temperature, bottom
salinity, mixed layer depth (MLD), and bottom current velocity for U- and V- directions from the HYbrid
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Coordinate Ocean Model (HYCOM)
(Chassignet et al. 2009). The HYCOM
data define MLD as the depth where
temperature change from the surface
is ≥ 0.2°C. Chlorophyll a data were a
product
of the Aqua MODIS satellite
Resolution
8 d composites. SST was derived from
90 m
the processing of a blend of satellite
4.4 km
measures to produce high-resolution
1.2 km
data (JPL MUR MEaSUREs Pro5.5 km
ject 2015). All oceanographic meas4.4 km
ures were averaged monthly over the
9.3 km
period of 1 January 2003 to 31 December 2017. Monthly measures were then
4.4 km
averaged by seasons: spring = 1 March
90 m
− 31 May; summer = 1 June − 31
90 m
90 m
August; autumn = 1 September − 30
90 m
November; winter = 1 December − 28/
370 m
29 February). We used remote sensing
90 m
data to characterize oceanographic
90 m
90 m
conditions because these measures
90 m
are consistent across the sampling
90 m
domain and variables represent longterm spatial patterns driven by ecolog90 m
ical processes rather than instanta90 m
90 m
neous conditions.
90 m
Hypoxia is a chronic, seasonal issue
90 m
in the nGoM (Rabalais et al. 2010). To
quantify hypoxia (waters with ≤ 2 mg
l−1 dissolved oxygen), we used the
results of Matli et al. (2018), who modeled the annual
probability of hypoxia based on multiple in situ monitoring programs conducted by agencies and universities. From these data, the mean probability of
hypoxia for July and August of 2003−2017 was used
as a predictor in our models of fish occurrence. As the
data were initially points, an interpolated raster dataset was created by using ordinary, spherical kriging
with calculations including 8 adjacent points. Four
trawl survey points southwest of the Mississippi
River Delta were in waters not included in the probability of hypoxia predictor. These points were adjacent to waters with some of the highest probabilities
of hypoxia (> 30%), and had been recorded as
hypoxic when measured by other datasets (NOAA
National Centers for Environmental Information 2019).
Therefore, we estimated probability of hypoxia for
these waters by extrapolating from the nearest cells
of hypoxia data using the ArcGIS ‘expand’ tool.
We developed a distance to shore variable from the
spatial boundaries of the Submerged Lands Act
(Office for Coastal Management 2020), which distinguishes federal and state managed waters based on
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distance from shore. The ArcGIS buffer tool was
used to re-create the shore boundaries, and from
those we calculated the Euclidean distance from
shore. A longitudinal threshold was used to depict
whether the location was east (1) or west (0) of the
88° W longitude (Mobile Bay, Alabama). The CPUE
of penaeid shrimp (Montero et al. 2016, Pickens et al.
2021a) and red snapper (Dance & Rooker 2019)
increase drastically west of this longitude. Shallow
waters west of this longitude are dominated by riverine influences, and there is substantially more mud
substrate, salinity is lower, chlorophyll a is higher,
and artificial reefs are common. To determine if the
area of nearby estuarine wetlands correlates with the
distribution of fish in the marine environment, we
used National Wetlands Inventory data and its classification of ‘estuarine and marine wetland’ (US Fish
and Wildlife Service 2018). We first calculated the
farthest distance from an estuarine wetland in the
study area, which was 160 km. Focal statistics were
then used to sum the area (km2) of estuarine wetlands within a 160 km radius of a cell in the marine
environment. Estuarine waters were defined from a
digital map of fish habitat (NOAA National Marine
Fisheries Service 2019), which characterized all estuaries in the nGoM. To ensure only estuarine waters
were included in the dataset, waters seaward of the
shoreline position were removed. Similar to area of
nearby wetlands, area of estuaries within a 160 km
radius of each cell in the marine environment were
summed together across the study area. These novel
spatial metrics quantified the area of nearby estuary
and wetland environments, which inherently combines both the proximity to and the area of these
environments. The advantage of this method compared to typical proximity metrics is that these novel
variables distinguish locations in close proximity to
small estuaries/wetlands from locations in close
proximity to large estuaries/wetlands.
Natural reef locations were primarily mapped during SEAMAP reef fish video surveys and were synthesized with other sources, including available charting (Rezak et al. 1985), historical knowledge from
fishermen, and bathymetric mapping (i.e. side-scan
sonar and multi-beam sonar) (M. Campbell & B. Noble
unpublished data). We calculated artificial structures, including artificial reefs (Office for Coastal
Management 2017) and oil and gas platforms (Bureau
of Safety and Environmental Enforcement Gulf of
Mexico OCS Region 2014), as a point density within
a 3 km radius and with the Euclidean distance to the
nearest artificial structure for each location in the
study area. We used a 3 km radius because this dis-

tance corresponded to the average length of trawl
surveys.
Potential prey associations were tested based on
prior information regarding species-specific prey
items, and prey distributions were characterized by
their long-term spatial patterns using datasets spanning the same time period as the predatory fish surveys. This methodology, based on prior knowledge,
was characterized by Wisz et al. (2013), who outlined
the most appropriate statistical techniques to test biological relationships. We identified potential predator−prey associations from the literature with an
emphasis on GoM research when available. For age0 red snapper, we identified distributions of squid
(Loligo spp.) (Szedlmayer & Lee 2004, Wells et al.
2008), mantis shrimp (Squilla spp.), and penaeid
shrimp (Bradley & Bryan 1975, Szedlmayer & Lee
2004) as predictors. Based on Szedlmayer & Lee
(2004) and Wells et al. (2008), we used searobin (Prionotus spp.), largescale lizardfish Saurida brasiliensis, and squid as predictors of age-1 red snapper. For
age-0 lane snapper, the distribution of brown and
pink shrimp Penaeus duorarum were predictors based
on an estuarine study of stomach contents (Franks &
VanderKooy 2000). We did not identify prey species
in the literature for age-1 lane snapper, therefore no
such predictors were tested. Blacktip and spinner
sharks were selected for species distribution modeling in this study in part because of their strong dependence on teleost fishes (Cortés 1999), particularly
menhaden prey (Bethea et al. 2004, Barry et al. 2008,
Geers et al. 2016). Menhaden distribution was used
as a predictor for both species, and croaker Micropogonias undulatus were tested with blacktip sharks
based on Barry et al. (2008) and Plumlee & Wells
(2016). Atlantic sharpnose sharks have high plasticity
in prey, as their diet can be composed of various
amounts and species of fish and crustaceans (Cortés
1999, Drymon et al. 2012, Delorenzo et al. 2015). Harrington et al. (2016) found that juveniles had a diet
composed of a high quantity of penaeid shrimp,
while adults consumed a high proportion of teleost
fish (Harrington et al. 2016). For predictors of Atlantic sharpnose shark CPUE, we used brown shrimp
(CPUE), pink shrimp (probability of presence), and,
based on Bethea et al. (2004) and Plumlee & Wells
(2016), menhaden and croaker abundance.
Prey predictor variables depicting the distribution
of brown shrimp and pink shrimp CPUE were acquired from previously developed SDMs (Pickens et
al. 2021a). We used data from SEAMAP trawl surveys to depict relative abundance of menhaden,
croaker, mantis shrimp, largescale lizardfish, and
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squid. We note that the collection of menhaden via
trawl surveys is not ideal because of their pelagic
nature, but data were otherwise not available. Prey
species count data from trawl survey locations
(2003−2017) were interpolated with ordinary kriging
to create a continuous surface of counts using a
spherical semivariogram model. To maximize accuracy, 8 points were used for analysis within a maximum distance of 10 km. The ArcGIS expand tool was
used to extrapolate prey distributions when trawl
surveys were >10 km from a sampled location in the
study area.

2.4. Statistical analysis
All predictor variables were examined for multicollinearity, and we removed highly correlated variables (r > 0.80) prior to further analyses (Table 1). In
addition to environmental predictors, the hour of survey was tested as a potential predictor because time
of day can affect the detectability of sharks (Driggers
et al. 2012) and potentially snapper. Time of day was
also a variable of interest because it has implications
for survey design and future analyses. Day of year
was tested as a potential predictor of shark distributions; season (summer or autumn) was tested for snapper because of potential habitat differences across
time. Year was not used as an explanatory variable
because our research aimed to predict a singular
spatial distribution of each species that represented
habitat use in the region. Therefore, we assume
years of high or low CPUE, or frequency of occurrence, are representative of long-term fish distribution fluctuations. The predictor variables considered
for inclusion in each fish model varied with hypothesized species−habitat relationships as follows: (1)
only snappers were tested with artificial structure
and natural reef predictors because these substrates
are a key component of their adult habitats; (2) only
shark species were tested with area of nearby wetlands, area of nearby estuaries, and chlorophyll because of potential relationships with shark prey species (e.g. menhaden); (3) blacktip and spinner sharks
were the only species tested with SST because they
prey on menhaden, which are pelagic. The other
species are primarily demersal, so only bottom temperature was considered for them.
As visualized by Pickens et al. (2021a), data used
for training and validation were subset from alternating zones along a longitudinal gradient throughout
the study area. Fourcade et al. (2018) showed that
random splitting of data can overstate the validation

175

accuracy of models, and the ‘block’ approach we
used is best at distinguishing models as being poor
when they are truly poor. This also served to ensure
the depth gradient was represented in training and
validation datasets across the longitudinal gradient.
Specifically, we reclassified a raster of longitude into
zones with 23 km widths across the study area. We
then alternated the delineation of training (2 zones)
and validation (1 zone) to define data for training and
validation.
Boosted regression trees (BRTs) were used to
model species−habitat relationships with the training
data, and we used these models to create predictions
for the entirety of the study area. For BRTs, we developed models based on predictive performance assessed from cross-validation of out-of-bag samples
during each iteration (Elith et al. 2008) rather than pvalues or similar metrics. BRT analyses efficiently
quantify nonlinear relationships, automatically identify interactions, and can be used with many predictors (De’ath & Fabricius 2000). The predictive power
of decision trees is enhanced by boosting, which
sequentially adds trees that improve the model; the
results are then derived from an ensemble of hundreds of trees (De’ath 2007, Elith et al. 2008). The
procedures outlined by Elith et al. (2008) were used
to develop BRTs and the methods are briefly summarized here. Tree complexities of 1−5 were assessed
and used learning rates that resulted in >1000 trees.
For CPUE models, a Poisson log-linear model was
applied using CPUE as the dependent variable. For
occurrence models, we used a binomial model to predict probability of presence of a given species. To
avoid overfitting, the BRT simplification procedure
was used, which sequentially drops the weakest predictor, ranks predictors in order of importance, and
examines the change in model deviance with each
drop. The inflection point where the deviance of the
model abruptly increases after a drop defines which
variables remain in the model with the goal of estimating the most parsimonious model. To be consistent, we defined an inflection point as an increase of
> 2% of the deviance explained when dropping a single variable and ≥ 3% for multiple dropped variables.
We quantified the influence of variables with 2 techniques. First, partial dependence plots were created
by examining the effect of each variable while all
others were held at their mean. To create 95% prediction intervals, we used bootstrapping with replacement to create 50 samples from the model training data. The simplified BRT model was fit to each
bootstrap sample and prediction intervals were
determined.

176

Mar Ecol Prog Ser 682: 169–189, 2022

Secondly, we report relative importance of variables
tinguished using the maximum Kappa statistic, which
for each species, as suggested by Elith et al. (2008).
quantifies the probability threshold that optimally disSpecifically, the formulae established by Friedman
criminates presence and absence.
(2001) are based on the frequency that a variable is
Because we anticipated hierarchical relationships
selected for splitting, weighted by the squared
of fish with predictor variables (e.g. broad oceanoimprovement to the model as a result of each split,
graphic variables combined with fine-scale variables
and averaged over all decision tree iterations (Frieddepicting substrate or depth), SDMs were predicted
man & Meulman 2003). The relative importance of all
to a 90 m resolution raster. For data initially at a resvariables within a model are scaled to sum to 100%,
olution of > 90 m, a bilinear resampling was conwith higher numbers being more important. The
ducted. The statistical program R (version 3.5.1.) (R
strength of interaction effects was assessed with the
Core Team 2018) and the packages ‘dismo’ (version
Friedman’s H-statistic (H-statistic), which decom1.1-4) and ‘gbm’ (version 2.1.8) were used to impleposes the variance explained by the partial dependment BRTs. To predict models to the study area, the R
ence of each variable and their interaction (Friedman
packages ‘rgdal’ (version 1.4-4) and ‘raster’ (version
& Popescu 2008). An H-statistic of 0 shows no inter2.9-5) were used. We assumed the effect of survey
action, and a value of 1.0 shows that all of the varitime of day represented a detectability effect for
ance explained by the partial dependence functions
blacktip sharks rather than a change in distribution;
is dependent on the interaction. We report and visutherefore, we applied the model at the peak time of
alize H-statistics of ≥ 0.15, as these were most
02:00 h. For Atlantic sharpnose sharks, day of year
straightforward to interpret.
was a predictor in the final model, and we predicted
Model accuracy was assessed with multiple metrics.
at the peak time of year in the model (9 April).
We developed models of CPUE for the most common
species, age-0 red snapper and Atlantic sharpnose
sharks. To calculate accuracy of these CPUE models,
3. RESULTS
we report the percent deviance explained ([null deviance − residual deviance]/null deviance) of the
3.1. Overall findings
cross-validation and validation tests. A Spearman
rank correlation (Rs) was also computed between obSpecies presence ranged from 13 to 59% of samservations from the validation dataset and the correpling stations, with CPUE models being utilized with
sponding predictions. For occurrence models of age-1
species that were present on > 30% of trawls or longred snapper, age-0 and age-1 lane snapper, blacktip
line sets (Table 2). The CPUE models for age-0 red
sharks, and spinner sharks, we assessed accuracy
snapper and Atlantic sharpnose sharks explained
with an area under the receiver operating characteris> 40% of the deviance in the validation data with an
tic curve (AUC) statistic, and further accuracy metrics
Rs of 0.59 and 0.60 in their respective models
(Table 3). All occurrence models had an AUC value
were derived from the error matrix, comprising the
of ≥ 0.80 when tested with validation data, indicating
true skill statistic (Allouche et al. 2006), overall accuthe models were very good at discriminating presracy, User’s accuracy (percent of predictions correctly
ence and absence (Table 3). Similarly, validation
classified), and Producer’s accuracy (percent of obserresults had an overall accuracy of 79−86% and had a
vations correctly classified) (Story & Congalton 1986).
The AUC has been commonly used to
test predictive ability of SDMs (Guisan
Table 2. Frequency of select snapper species in trawls (n = 5620) and sharks
captured in bottom longline sets (n = 1506) during fisheries-independent sur& Zimmermann 2000) and is independveys conducted from 2003 to 2017 in the Gulf of Mexico, USA. CPUE: catch
ent of thresholds. Measures of the AUC
per unit effort
range from 0.0 to 1.0 and were interpreted as suggested by Swets (1988)
Species
Model type
% Presence
Total count
as follows: < 0.50 = no discriminatory
power; 0.50−0.69 = poor power; 0.70−
Red snapper (age 0)
CPUE
36
23 076
0.89 = good power; and 0.90−1.0 = exRed snapper (age 1)
Occurrence
19
4753
cellent discriminatory power. The true
Lane snapper (age 0)
Occurrence
26
9784
Lane snapper (age 1)
Occurrence
20
1143
skill statistic ranges from −1 to +1 with
Atlantic sharpnose shark
CPUE
59
8765
values of 0 representing random asBlacktip shark
Occurrence
28
1831
signment. For these metrics, speciesSpinner shark
Occurrence
13
872
specific presence or absence was dis-
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true skill statistic ranging from 0.34 to 0.54. The
User’s and Producer’s accuracies showed that absence
was consistently predicted more accurately than
presence (Table 4).
Across all species, 45 predictor variables were
retained in models, with oceanographic predictors

being most frequent, followed by prey abundance,
substrate, geography, and area of nearby estuarine
environments (Fig. 1). Of the 22 oceanographic predictors, the most common predictors were MLD (6),
bottom temperature (5), and salinity (5). Of the
prey predictor variables, menhaden abundance
was not selected as a predictor, but
croaker, squid, brown shrimp, and
Table 3. Boosted regression tree specifications, cross-validation, and validamantis shrimp abundances were setion results of species distribution models depicting catch per unit effort
lected. Areas of nearby wetlands and
(CPUE) or occurrence of select fish species in the northern Gulf of Mexico. TC:
tree complexity; AUC: area under the curve statistic for occurrence models;
estuaries were only tested with sharks,
DE: percent deviance explained for CPUE models; Rs: Spearman correlation;
and each shark species was associated
NA: not applicable
with one of these variables. Snapper
species were associated with substrate
Species
TC Number CrossValidation Validation
predictors. Three of these variables
of trees validation
Rs
were related to artificial or natural
reefs; sediment grain size, BPI, and
Red snapper (age 0)
5
1400
DE = 50% DE = 41%
0.59
distance to shoal were each selected
Red snapper (age 1)
2
1550 AUC = 0.83 AUC = 0.80
NA
Lane snapper (age 0)
3
1950 AUC = 0.84 AUC = 0.83
NA
one time. When selected, variable imLane snapper (age 1)
2
2550 AUC = 0.91 AUC = 0.89
NA
portance varied considerably among
Atlantic sharpnose shark 5
1900
DE = 45% DE = 43%
0.60
variable types, with oceanographic
Blacktip shark
1
1250 AUC = 0.84 AUC = 0.80
NA
predictors having a high importance
Spinner shark
2
1400 AUC = 0.90 AUC = 0.87
NA
value of 18.1 ± 2.5 (mean ± SE) followed by geography (15.8 ± 3.0), prey
(12.9 ± 2.2), estuarine habitats (12.8 ±
Table 4. Error matrices from the validation of fish species distribution models
2.4), and substrate (12 ± 2.7) (Fig. 1).
as calculated at the optimal threshold to distinguish presence/absence via the
maximum Kappa statistic
Species

Observed
absence

Observed
presence

Red snapper (age 1)
Predicted absence
1323
174
Predicted presence
172
207
Producer’s accuracy
88%
54%
Overall accuracy = 82%, true skill statistic = 0.43
Lane snapper (age 0)
Predicted absence
1185
200
Predicted presence
201
290
Producer’s accuracy
85%
59%
Overall accuracy = 79%, true skill statistic = 0.45
Lane snapper (age 1)
Predicted absence
1379
154
Predicted presence
104
238
Producer’s accuracy
93%
61%
Overall accuracy = 86%, true skill statistic = 0.54
Blacktip shark
Predicted absence
323
61
Predicted presence
34
67
Producer’s accuracy
90%
52%
Overall accuracy = 80%, true skill statistic = 0.43
Spinner shark
Predicted absence
333
76
Predicted presence
24
52
Producer’s accuracy
93%
41%
Overall accuracy = 79%, true skill statistic = 0.34

User’s
accuracy (%)

88
55

86
59

90
70

84
66

81
68

3.2. Snappers
As expected, age-0 red and lane
snapper were more abundant in the
autumn as individuals grew large
enough to be captured by trawl sampling. Each species showed ontogenetic shifts between age 0 and age 1
(Fig. 2). Age-0 red snapper CPUE was
most influenced by a positive association with deeper MLD in the summer
and spring (Fig. 3). An interaction
showed the MLD in summer primarily
associated with red snapper captured
during the subsequent autumn season
(H-statistic = 0.23). Additionally, they
were positively associated with abundance of brown shrimp, mantis shrimp,
and squid. In regard to substrate, age0 red snapper had an interaction between distance to shoal and BPI (Hstatistic = 0.55) (Fig. 3; Fig. S1) that
showed particularly high CPUE in
waters within a close proximity to a
shoal and where the BPI showed posi-
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Fig. 1. Frequency and variable importance of predictor variable categories included in species distribution models of shark
and snapper species in the Gulf of Mexico, USA. Carcharhinidae include Atlantic sharpnose, blacktip, and spinner sharks.
Lutjanidae include age-0 and age-1 lane snapper as well as age-0 and age-1 red snapper

tive topography in the majority of the area. The
model of age-1 red snapper was dominated by predictor variable interactions. Age-1 red snapper were
farther from shore when within 25 km of artificial
structures (H-statistic = 0.27) and in waters with a
deeper MLD in spring (H-statistic = 0.25) (Fig. 4). Because of the high density of artificial structures in the
central and western nGoM, this interaction shows
that age-1 red snapper move farther offshore in those
regions. In contrast, the eastern nGoM has relatively
few artificial structures, and the statistical interaction
suggests that age-1 red snapper are not as likely to
be distributed farther from shore in this region. Similarly, the spring MLD was shallower near Florida, further suggesting that the species does not move farther offshore in the northeastern GoM. Age-1 red
snapper had a higher probability of presence within
approximately 75 km of natural reefs and at greater
depths up to a maximum 50 m depth in the study
area.
Age-0 lane snapper were associated with higher
spring bottom temperature (> 21°C) in combination
with higher salinities, particularly salinities of ≥30 psu
(H-statistic = 0.51). They had a higher probability of
presence with higher autumn bottom temperatures
(≥27°C), especially where MLD in summer was shallow (H-statistic = 0.16) (Fig. 5). Age-0 lane snapper
were more prevalent farther from shore.
Age-1 lane snapper had a greater probability of
presence in high-salinity waters (≥34 psu), at a greater
distance from shore, and with higher autumn temperatures (Fig. 6). They were more likely to occur
near artificial structures and in waters < 40 m in
depth. They were detected less frequently with mud
and silt sediment grain sizes (particularly < 0.03 mm

grain size) and where grain sizes became larger than
granule gravel (see Wentworth 1922).

3.3. Sharks
The predicted distribution of the 3 shark species
showed they were most common in the western part
of the study area (Fig. 7) and likely resulted from
their associations with lower salinities and waters
with a high area of nearby wetlands and estuaries.
Blacktip sharks were positively related to chlorophyll
and area of nearby wetlands; they had the highest
probability of occurrence in waters with a salinity of
27−34 psu and with higher spring temperatures
(≥ 23.5°C) (Fig. 8). Blacktip sharks were positively
related to croaker abundance, but did not show a
relationship with menhaden, which are considered
by many to be the primary prey of the species. Blacktip sharks were more common where MLD in summer was relatively deep, and they were more likely
to be caught between 00:00 and 03:00 h. Interactions
were minimal (H-statistic <15). Spinner sharks had
the highest probability of occurrence with higher
chlorophyll concentrations and salinities of ≤ 30 psu
(Fig. 9). Spinner sharks showed an interaction between hypoxia and area of nearby estuaries (H-statistic = 0.17), which indicated that occurrence was
most likely associated with areas of increased estuarine area coupled with a moderately high probability
of hypoxia (Fig. 9).
Atlantic sharpnose shark CPUE was predicted by 8
variables without a particularly dominant variable
(Fig. 10). There was a positive association of Atlantic
sharpnose shark CPUE with salinities of < 30 psu, and
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Fig. 2. Predicted distributions of juvenile red snapper and lane snapper by age group. Age-1 depictions include summer and
autumn data combined. The study area is indicated by the dashed line, and catch per unit effort (CPUE) represents the
predicted number of fish per km of trawl survey

an interaction showed that the effect of salinity was
primarily in the spring (H-statistic = 0.22). Atlantic
sharpnose sharks were positively related to brown
shrimp and croaker relative abundance as well as the
area of nearby wetlands. Atlantic sharpnose shark
CPUE was highest in the spring and at greater
depths up to the 50 m maximum in the study area.

Another interaction effect showed that CPUE was
greater at a farther distance from the shore, particularly where summer MLD was deeper (H-statistic =
0.25). An interaction of summer MLD and salinity
showed that CPUE was greater where low salinity
combined with a deeper summer MLD (H-statistic =
0.19).
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Fig. 3. Partial dependence plots of the age-0 red snapper boosted regression tree model with catch per unit effort (CPUE) as
the dependent variable. Gray shadings are 95% prediction intervals determined from bootstrap analysis. Data distribution is
represented in the rug plot along the x-axis, and variable importance (%) is given on the x-axis label. The plot with 2 response
curves and a y-axis scaled to a maximum of 4 CPUE shows the interaction of mixed layer depth (MLD) in summer with red
snapper in autumn (dashed line) and summer (solid line) seasons. Interaction plot of distance to shoal×proportion of area with
a bathymetric position index (BPI) ≥ 1 shows the effect on CPUE as indicated by color and contour lines; sum: summer; spr:
spring; Dist to shoal: distance to shoal; ct: count; Prop of BPI ≥ 1: proportion of area with a bathymetric position index ≥ 1

4. DISCUSSION
Because marine predators face anthropogenic
threats such as alterations to coastal habitats, pollution, and climate change, there is an urgent need to
identify how predators are expected to respond to
changes in these variables (Knip et al. 2010, Spaet et
al. 2020). Models integrated multiscale environmental datasets, of which the oceanographic variables
were the most important predictors in 6 of the 8 models. As hypothesized, all 3 shark species were positively associated with either area of nearby wetlands
or area of nearby estuaries (Figs. 8−10). Prey species
distributions were positively associated with snapper
and sharks, with total variable importance of prey
within models ranging from 21 to 49% (Figs. 3, 8,
& 10). The response curves of species relationships
with area of nearby estuarine habitats and prey species were similar across species. Additionally, the advantages of machine learning analyses were demonstrated by the identification of important ecological

interactions, which would have otherwise gone untested. The novel species−habitat associations quantified here are expected to contribute to defining
essential fish habitat for each species.

4.1. Associations with area of nearby wetlands and
estuaries
Our findings provide further evidence for the concept of outwelling, as the area of nearby estuarine
environments was consistently correlated with the
distribution of sharks in the marine environment. In
a review of marine megafauna associations with
coastal wetlands, Sievers et al. (2019) showed that
seagrass, and to a lesser extent mangroves, have
been associated with a variety of shark life stages
(Driggers et al. 2014). The value of estuarine waters
as shark nurseries has been well-recognized (Heupel
et al. 2007); however, our study is the first to link
the distribution of sharks in the offshore marine
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Fig. 4. Partial dependence plots of the age-1 red snapper boosted regression tree
model with probability of presence as the dependent variable. Interaction plots of distance to artificial structure×distance to shore and mixed layer depth in spring×distance to shore show the effect on probability of presence as indicated by color and
contour lines. Dist shore: distance to shore; Dist artif struct: distance to artificial structure; Dist reef: distance to natural reef; MLD: mixed layer depth; spr: spring. Other
details as in Fig. 3

Fig. 5. Partial dependence plots of the age-0 lane snapper boosted regression tree model with probability of presence as the
dependent variable. Interaction plots of salinity×temperature in spring and temperature in autumn×mixed layer depth in summer show the effect on probability of presence as indicated by color and contour lines. Temp: temperature; MLD: mixed layer
depth; sum: summer; spr: spring; Dist shore: distance to shore. Other details as in Fig. 3
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Fig. 6. Partial dependence plots of the age-1 lane snapper boosted regression tree
model with probability of presence as the dependent variable. Dist shore: distance to
shore; Temp: temperature; Dist artif struct: distance to artificial structure; Sed grain
size: sediment grain size; spr: spring. Other details as in Fig. 3

environment with nearby, or adjacent, coastal wetlands and estuaries. Given the widespread geographic distribution of salt marshes in the world
(Hoekstra et al. 2010), this association warrants further attention. Variables depicting distance to shore
are relatively common in marine SDMs (MeloMerino et al. 2020), but only a few studies have
linked marine fish or shrimp distribution to the
proximity of adjacent ecosystems (Pickens et al.
2021c). Such studies have found that the proximity
of mangroves (Barbier & Strand 1998), estuaries
(Beger & Possingham 2008, Sundblad et al. 2014),
and wetlands (Pickens et al. 2021a) have been associated with marine species distributions. Our findings suggest that a more detailed analysis of the
marine−land interface is needed to improve our
understanding of the spatial scale influenced by
estuarine environments and to quantify variables
most relevant to species such as area, number of
habitat patches, connectivity, river outflow, or
indices of productivity. This is in agreement with
Pittman et al. (2021), who suggested that we need to
shift our perspective to understand patch mosaics in
seascapes rather than treating the marine environment as a singular unit. Our study adds to research
that has demonstrated the importance of connectivity of marine environments to estuaries, seagrass,
wetlands, and freshwater environments (Sheaves
2009, Olds et al. 2012). Our findings of fish associa-

tions with prey species also illustrates the importance
of estuarine environments.

4.2. Associations with prey
Age-0 red snapper and Atlantic sharpnose sharks
were positively associated with the estuarine-dependent brown shrimp. The brown shrimp CPUE model
was primarily based on predictors of MLD and
nearby wetland area (Pickens et al. 2021a), which
further highlights the role of estuarine habitats.
Blacktip and Atlantic sharpnose shark distributions
were predicted by the abundance of croaker, which
utilize both estuarine and marine environments. The
inclusion of biotic predictor variables can increase
the predictive ability of models (Bennington et al.
2020, Costa et al. 2020), but Pickens et al. (2021c)
found that only 3% of marine fish SDMs published
since 2007 have considered biotic variables. Across
the species examined here, the predator−prey response curves were similar in shape to a type II or III
curve of Holling (1959). The Holling response curves
show that as prey density increases, predators initially respond positively with increased consumption
followed by a plateau where the effect is minimal.
Evidence of this response has been found with lower
trophic level marine fishes on the US continental
shelf (Moustahﬁd et al. 2010), and our findings sug-
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Fig. 7. Predicted distributions of spinner shark, blacktip shark, and Atlantic sharpnose shark. The study area is indicated by
the dashed line, and probability of presence represents the probability of capture given a bottom longline survey. Catch per
unit effort (CPUE) is measured in individuals per 100 hooks per hour of bottom longline survey

gest a similar response may occur with predator distributions. For sharks in particular, we are aware of
only 1 article that has tested a predator−prey relationship in an SDM. Manderson et al. (2011) found
that squid abundance explained a minor amount of
variance in the distribution of spiny dogfish Squalus
acanthias. In our study, blacktip sharks were positively correlated with croaker, but we did not find
blacktip or spinner sharks to be correlated with what
is reported to be their primary prey, menhaden. A possible explanation for this is that bottom trawl surveys
are poor at sampling pelagic menhaden. However,
both shark species were associated with characteristics that describe menhaden habitat. Gulf menhaden
utilize estuary and nearshore waters of moderate
salinity, where they prey directly on phytoplankton
and zooplankton (Olsen et al. 2014). These prey are

likely correlated with chlorophyll a measures. Gulf
menhaden use estuaries and open water−marsh
edges (Rozas et al. 2007, Rozas & Minello 2015);
therefore, a shark association with these habitats is
expected. Spinner sharks have been found in waters
with relatively low dissolved oxygen (Drymon et al.
2013). We found a positive relationship between
spinner sharks and hypoxia with a peak probability
of occurrence with a 25−40% frequency of hypoxia.
These results suggest that spinner sharks may feed
on prey that either aggregate at the edge of hypoxic
zones (e.g. Craig 2012) or aggregate toward the surface (e.g. Hazen et al. 2009). In lab experiments,
Atlantic menhaden Brevoortia tyrannus avoided
waters with low dissolved oxygen (Wannamaker &
Rice 2000), and this is the case in the region evaluated in our study.
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Fig. 8. Partial dependence plots of blacktip shark boosted regression tree model with
probability of presence as the dependent variable. Chloro: chlorophyll a; ct: count;
Temp: temperature; spr: spring; h: hour of day; MLD: mixed layer depth; sum: summer.
Other details as in Fig. 3

Fig. 9. Partial dependence plots of spinner shark boosted regression tree model with probability of presence as the dependent
variable. Interaction plot of hypoxia probability×area of nearby estuaries shows the effect on probability of presence as indicated
by color and contour lines. Chloro: chlorophyll a; Estuary = area of nearby estuaries. Other details as in Fig. 3

4.3. Associations with oceanography and substrate
Salinity and chlorophyll were expected to be
important predictors of species distributions in the
study area, but the frequency and importance of the
MLD predictor was unexpected. MLD was a predictor of distributions of age-0 and age-1 red snapper,
age-0 lane snapper, blacktip sharks, and Atlantic
sharpnose sharks. In the nGoM, MLD appears to be

influenced by the Loop Current, eddies, and wind
stress. The Loop Current circulates in the central
GoM, and produces large spin-off eddies that often
take a westward path originating near the Mississippi Delta (Johnson et al. 2017). To a lesser extent,
wind influences water vertical structure and contributes to the vorticity of eddies (Ohlmann et al.
2001). The overall result is an exchange of shelf
waters and deeper waters (Ohlmann et al. 2001,

Pickens et al.: Distribution of snappers and sharks

185

Fig. 10. Partial dependence plots of the Atlantic sharpnose shark boosted regression tree model with catch per unit effort
(CPUE) as the dependent variable. Interaction plots of distance to shore×MLD summer, day of year×salinity, and MLD
summer×salinity show the effect on CPUE as indicated by color and contour lines. MLD: mixed layer depth; sum: summer;
ct: count; Dist shore: distance to shore. Other details as in Fig. 3

Johnson et al. 2017), which contributes to biological
productivity via upwelling or downwelling (Spies et
al. 2016). The MLD predictor may complement the
productivity measure of chlorophyll because satellite-derived chlorophyll concentrations are restricted
to the water surface. The frequency and strength of
associations with MLD suggest that it should be considered in future research. Hypoxia was only a predictor of spinner shark distribution, although waters
with a high frequency of hypoxia were predicted
to have a low CPUE, or probability of presence, of
Atlantic sharpnose sharks and all age classes of red
and lane snapper. Switzer et al. (2015) found that the
relative abundance of juvenile red snapper in shallow waters was reduced during years with severe
hypoxia, and they appear to have moved to deeper,

cooler waters during those years. Similarly, brown
shrimp shift their distribution in terms of depth and
temperature in response to hypoxic conditions (Craig
& Crowder 2005). In our study, the correlation of
brown shrimp prey with the demersal age-0 red
snapper and Atlantic sharpnose sharks may have
indirectly represented low prey abundances near
hypoxic waters. From a broad perspective, these associations provide evidence that the shifting of
brown shrimp distributions may affect fish at higher
trophic levels.
Substrate predictors were only retained in models
of juvenile red and lane snapper, which is in agreement with their ecology. We found that age-0 red
snapper had an interaction showing they were more
abundant in close proximity to sand shoals, particu-

Mar Ecol Prog Ser 682: 169–189, 2022

186

larly when the BPI showed high topographic relief,
while age-1 lane snapper were associated with sand
sediment grain sizes. These findings demonstrate
that models with a broad spatial extent can quantify
fine-scale habitat associations, although broad influences, such as oceanographic conditions, may limit
the importance of substrate characteristics. For example, the distribution of age-0 red snapper was highly
skewed towards the northwestern GoM, where MLD
was deeper and brown shrimp prey were most abundant. The partial dependence plot of the age-1 lane
snapper model (Fig. 6) showed salinity to be the most
important variable and it had narrow confidence
intervals, which suggests the species did not occupy
waters < 34 psu. Meanwhile, sediment grain size was
the sixth most important variable.
A distinct ontogenetic shift occurred from age-0 to
age-1 red and lane snapper (Fig. 2), which appears
driven by fish movement farther offshore and towards structured habitats such as natural reefs and
artificial structures. BRTs automatically test interaction terms because of the model structure, and we
found that age-1 red snapper moved farther offshore
where they were in close proximity to an artificial
structure or where spring MLD was deeper (Fig. 4).
The vast majority of waters in the northwestern GoM
are within 40 km of an artificial structure because of
oil and gas infrastructure, but relatively few artificial
structures exist in the northeastern GoM. Furthermore, the northeastern GoM also corresponds with
abundant natural reef substrates, and juvenile red
snapper may not need to go offshore to find appropriate substrates to meet adult life history requirements.
Dance & Rooker (2019) found a spatially similar ontogenetic shift of juvenile red snapper, but major variable contributions were derived from latitude, longitude, and depth. In our study, oceanographic variables
such as MLD characterized the dominant patterns,
but the age-0 model included locally recognized
habitat requirements of prey and topographic complexity that lead to a more mechanistic understanding of snapper distribution. Our findings of age-1 red
and lane snapper with natural reefs and artificial
structures are consistent with their ecology of moving to more complex substrates with age.

4.4. Conclusions
We found that multiscale predictors characterizing
the ocean, prey species, substrate, and area of nearby
wetlands and estuaries all play roles in determining
species distributions in the marine environment.

Machine learning provided an effective means to
incorporate numerous predictors and to test interactions. Our study builds upon fish species distribution
modeling that has focused on depth, temperature,
and geographic gradients as predictors. The selection of variables is key to SDM development (Elith &
Leathwick 2009), and predictors are best derived
from ecological knowledge and hypothesized species−
environment relationships (Mac Nally 2000, Araujo &
Guisan 2006). Here, we tested novel variables to improve upon current knowledge of fish habitat requirements and to inform management of fish and
the ocean environment. In agreement with Sievers et
al. (2019), we suggest that the effect of coastal wetlands, and their productivity, needs further consideration in shark studies. This association has major
implications for sharks because of the threats of sealevel rise, wetland loss, and pollution of estuaries.
The importance and scale of fish−substrate associations has implications with ocean uses, such as sand
mining, oil and gas infrastructure, and renewable
energy development. We acknowledge that our analyses were based on fisheries-independent survey
gears and methods that typically span 3 km in length.
Habitat selection at finer spatial scales were not
quantified. Yet, our models showed a high predictive
ability and were able to quantify hypothesized
relationships.
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