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Abstract

We developed a climate-niche species distribution model to evaluate spatiotemporal trends in Atlantic
sea scallop (Placopecten magellanicus) along the coastal waters of the Gulf of Maine. We used a
Tweedie-generalized additive model (GAM) to quantify the relationships between scallop abundance
and key environmental variables. A boosted regression tree was used to identify significant interactions
among environmental variables to integrate within the Tweedie GAM and a regional circulation model
was incorporated with the Tweedie GAM to hindcast projections of scallop distribution and assess
the impacts of environmental change on this species. Additionally, we evaluate two common model
fitting and variable selection methods for GAMs to ensure high model performance. A classic backward
variable selection procedure was compared to penalized thin plate regression splines. Projections from
the climate-niche species distribution model show higher scallop density along inshore areas relative
to those farther offshore. An increasing temporal trend in scallop density was observed along inshore
areas and a decreasing temporal trend was observed in areas farther offshore. Additionally, we found
that the GAM incorporating thin plate regression splines outperformed the widely used backwards
stepwise procedure. This modeling framework will help to inform adaptive management strategies

for the scallop fishery within the context of a changing Gulf of Maine ecosystem.
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Introduction

Atlantic sea scallops (Placopecten Magellanicus) support
a highly valuable fishery in the United States. However,
the scallop fishery within Maine state waters is relatively
depleted. The fishery there bottomed out in 2005 when
only 33 000 Ib was taken, about 1% of what was landed
in the early 1990s (Kelly 2012). However, recent years
have shown an increasing trend in scallop abundance,
with over 800 000 Ib landed in 2018, allowing for an
opportunity to establish a persistent, valuable fishery
through research-informed management and conservation
efforts (Kelly, 2012).

The distribution and abundance of species are central
concepts to ecological research and vital components
of conservation planning and fisheries management
(Franklin, 2010). Species distributions are influenced
by many interacting biotic and abiotic processes that
can manifest as complex occurrence-environment
relationships (Boulangeat et al., 2012; Merow et al.,
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2014). Thus, a key step in understanding the biogeography
of species is identifying environmental factors that
regulate the distribution of a species (Merow et al.,
2014). Like most benthic species, scallop abundance
and distribution are influenced by an array of interacting
variables such as depth, current, temperature, and salinity
(Stokesbury and Himmelman 1995, Hart and Chute 2004).

Throughout their geographic range, scallops occur mainly
at depths of 15 to 110 m, but can be found as shallow as
2 m in the northern part of its range (Naidu and Anderson
1984, Carsen et al., 1995). Temperature is an important
environmental factor influencing growth rates of this
species with adult scallops showing optimal growth at
temperature between 10-15°C and temperatures above
21°C being lethal (Stewart and Arnold 1994). This species
prefers full strength seawater (~35 ppt), with salinities of
16.5 ppt or lower being lethal (Stewart and Arnold, 1994).
Scallops are usually found in environments with strong
currents (Hart and Chute, 2004), and flow velocity has
been shown to be a key factor controlling waste removal,
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oxygen uptake, feeding, and growth rates (Stewart and
Arnold, 1994; Shumway and Parsons, 2006). Optimal
growth for this species occurs near 0.1 m s (Wildish and
Saulnier, 1992) and feeding inhibition has been observed
to start at ~0.25 m s! (Pilditch and Grant, 1999). While
the influence of key environmental variables on bivalve
ecology is apparent, quantitative evaluations of scallop-
environment relationships and spatiotemporal trends of
distribution are uncommon (Shumway and Parsons, 20006;
Mendo et al., 2014).

Water temperatures within the Gulf of Maine (GoM)
have increased over the past 35 years at an average
rate of 0.026°C yr-' (Mills et al., 2013; Pershing et al.,
2015). Rapidly increasing temperatures are changing
the distribution of numerous marine species (Overholtz
et al., 2011, Howell and Auster, 2012, Hollowed et al.,
2013), with many fish stocks undergoing a poleward
shift in their center of biomass and/or an increase in
depth (Nye et al., 2009). Scallop distribution has also
been shown to be impacted by climatic variability (Frank
et al., 1990, Kurihara 2008). Dickie (1955) and Caddy
(1979) demonstrated that higher temperatures in the
Bay of Fundy were correlated with changes in scallop
abundance. Additionally, climactic changes may alter
larval development as well as the survival of juvenile and
adult scallops (Dickie, 1955; Caddy, 1979). Considering
a changing GoM ecosystem (Mills et al., 2013; Pershing
et al., 2015), it is important to document the importance
and potential synergistic effects of climate forcing on the
dynamics of species abundance and distribution.

In this study, we use data describing the distribution of
scallops in the GoM to develop a climate-niche species
distribution model (SDM). This SDM predicts the spatial
distribution of scallops within the inshore Gulf of Maine
across unsampled areas and hindcasts spatiotemporal
changes in the distribution of scallops from 2005-2013 to
evaluate the effects of shifting environmental conditions
on this species. We used Tweedie-generalized additive
models (GAMs) to quantify the relationships between
scallop abundance and key environmental variables.
Additionally, we evaluate two prevalent model fitting
and variable selection methods for GAMs to ensure high
model performance. A classic backward variable selection
procedure was compared to penalized thin plate regression
splines following Wood (2003, 2006). This modeling
framework will help to inform adaptive management
strategies for the scallop fishery within the context of a
changing GoM ecosystem.

Materials and Methods

Study Area and survey data.

Dredge-based fishery-independent scallop surveys
conducted over 15 years, from 2005 to 2017, by the
Maine Department of Marine Resources were used for
this modeling effort (DMR: Kelly, 2012; Fig. 1). Survey
coverage extends out to 3 nm from shore from southern
Maine to the Maine-Canadian border, USA (Fig. 1). This
dataset comprised two annual random systematic surveys,
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Fig. 1. Spatial distribution of natural log standardized scallop (Placopecten magellanicus) density from

the Maine Department of Marine Resources Scallop Dredge Survey from 2005-2017. The study
area encompasses nearshore waters of Gulf of Maine from Casco Bay to the Maine-Canada

border.
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Frequency plots of scallop (Placopecten magellanicus) density (left) and size frequency (right) in the density data from

the Maine Department of Marine Resources Scallop Dredge Survey.

one in the spring survey covering alternating portions of
inshore Maine waters and one in the fall covering select
coastal areas. The gear used for both surveys is an unlined,
7 ft. New Bedford style drag with 2 in rings, 1.75 in
head bale, 3.5 in twine top, 10 in pressure plate and rock
chains. Since scallops <65 mm in shell height were not
efficiently sampled with the 2 in rings (Kelly 2012), these
were excluded from all analyses. Tows were conducted at
3.5—4 knots and lasted ~ 2.5 minutes. A total of 4 321 tows
were made yielding 507 911 total observed scallops in this
dataset (Fig. 2). All tows from the survey were included
within the modeling framework. Scallop abundance from
each tow was standardized to catch-per-unit-effort (CPUE)
over a 2.5-minute tow.

The GoM is characterized by a mixture of oceanic
influences directly affected by the Labrador Current,
the Gulf Stream, and the freshwater discharge from the
St. Lawrence River (Tremblay 1997; Drinkwater and
Gilbert, 2004). As such, water temperature follows a
gradient moving up the coast and offshore. Within the
study area, scallops were found where maximum yearly
temperature ranged from 8°C in deeper areas to 16°C in
shallow areas. Salinity ranged from 26 ppt in areas subject
to freshwater inputs to full seawater (35 ppt) in offshore
locations. The Maine covered depths to ~110 m, since
scallops are uncommonly found outside of this depth
range (Hart and Chute, 2004), with the majority of tows
occurring in <60 m.

Environmental data

Because the DMR surveys did not measure temperature,
salinity, or current velocity, the Finite-Volume Community
Ocean Model (FVCOM), a regional ocean circulation
model developed by the University of Massachusetts-
Dartmouth and the Woods Hole Oceanographic Institution
(Chen et al., 2006) was used to simulate monthly estimates
of bottom temperature, salinity, and current velocity from
2005 to 2013. It has a horizontal resolution ranging from
0.02 km to 10 km and captures complex and irregular
coastal geometry, making it suitable for physical and
biological studies in coastal regions and estuaries (Chen
etal.,2011). FVCOM predictions were matched to survey
tows from the nearest neighboring FVCOM node during
time of sampling (Fig. 3). Horizontal current velocity was
calculated to approximate the magnitude of water flow at
a given FVCOM node. Current velocity C was estimated
at station 7, and year y from FVCOM predictions using
the following equation:

Cy=y(u; +y,

Ly

where C is the magnitude of the predicted current velocity
and u and y are the x and y vector components of the
velocity(Chen et al., 2011; Torre et al., 2018). Bathymetry
data were obtained from the U.S. Coastal Relief Model
(CRM) (National Geophysical Data Center, 1999).
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Schematic diagram of the modeling framework implemented in this study. All data exploration

and modeling procedures were conducted within the R programming environment.

Generalized additive models

A generalized additive model (GAM) was used to make
spatiotemporal predictions of scallop distribution in the
inshore GoM (Fig. 3). Conceptually, GAMs are generalized
linear models with a linear predictor upon which smooth
functions are applied to covariates (Guisan et al., 2002,
Marra and Wood, 2011). The strength of GAMs lie in
their ability to handle, in a multivariate regression setting,
non-linear and non-monotonic relationships between
the response and covariates that arise often in nature
(Guisan et al., 2002). Resulting from their ability to deal
with a variety of distributions that occur in ecological
data, the use of GAMs has been extensively applied to
species distribution modeling efforts (Guisan et al., 2002,
Sagarese ef al., 2014, Young and Carr, 2015).

Terms included within the full model were selected
according to boosted regression tree (BRT) analysis (Elith
et al., 2008), and bivariate interaction terms were also
identified and included based on this analysis. BRT models

were used to determine the relative importance of each
environmental variable with relation to scallop density.
Bivariate terms were included when interaction between
two variables in the BRT was considered high (>100).

Formulation of the GAM for the estimate of scallop CPUE
can be expressed as follows:

gln) =+ )5 (1) +¢

=

where g(.) is a log link function between the response
variable, n, and each additive predictor, X0 is the
intercept term; s. are smooth functions of the predictors,
represented by either cubic splines, that are linear or
nonlinear, or thin plate regression splines with a penalty;
¢ is the residual error (Wood, 2003; Marra and Wood,
2011). Predictors comprised either a single variable or
interacting pair of variables that are thought to relate to
scallop distribution (Table 1). Smooth terms were used in
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Table 1. Variables used in generalized additive modeling of scallop (Placopecten magellanicus) density in the nearshore Gulf

of Maine.
Variables Description
Longitude (°) Measurement of longitude of tow starting location
Latitude (°) Measurement of latitude of tow starting location

Bottom Temperature (°C)
Bottom Salinity (ppt)
Current Velocity (m s™)
Depth (m)

bottom temperature at tow location (imported from FVCOM)
bottom salinity at tow location (imported from FVCOM
current velocity at tow location (imported from FVCOM)

depth at tow location

FVCOM: Finite Volume Community Ocean Model

conjunction with a pair of variables to model interactions.
Where cubic splines were used, the maximum value for
degrees of freedom were set at 5 for univariate functions
and 30 for bivariate functions. These values were chosen
as a balance between over generalization and over-
fitting as suggested in the literature (Zuur et al., 2009,
Sagarese et al., 2014). Statistical analyses were carried
out within the R programming environment (R Core Team
Development 2016). Boosted regression tree analysis was
done using the dismo package (Hijmans et al., 2017) and
GAMs were fitted using the mgcv package (Wood, 2011).

A Tweedie distribution was used as the likelihood to
measure GAM fit to account for a high proportion
of zero-catch tows and skewness in the CPUE data
(Fig. 2). The Tweedie distribution handles zero and
positive values simultaneously, and works as a Poisson-
Gamma compound distribution when the power parameter
p is greater than 1 but less than 2 (Li ez al., 2011; Wood
2011). This distribution has been shown to outperform
other methods for dealing with zero inflated data (Shono,
2008; Liet al.,2011). Tweedie GAMs were fitted through
a process of optimizing its profile likelihood. Power
parameter p was estimated with the range of 1 <p <2
during the fitting process (Shono, 2008; Wood, 2011;
Tanaka ef al., in review).

Final GAMs were used to predict the density of scallops at
every FVCOM node in the study area during 2005-2013.
Predictive fields were interpolated using ordinary kriging
with a semivariogram function to produce continuous
model outputs (Bailey and Gatrell, 1995, R Core Team
Development 2016). Predicted density of scallops was
aggregated temporally by obtaining the median density
value over the 8-year study period at each FVCOM node.
Median values were used as opposed to means because
they provide a clearer interpretation of the tendency over
the study period, i.e. not susceptible to skewing in rare
cases of outliers. Linear regression was performed at every

FVCOM node and the derived slope (f) coefficient was
used to evaluate temporal change in predicted density of
scallops over the 8-year study period.

Model selection

In this modeling framework, two methods of fitting and
variable selection were performed to assess their relative
performance (Fig. 3). Here, performance signifies both
a balance between goodness of fit and parsimony, and
maximizing prediction accuracy while maintaining model
interpretability (Marra and Wood, 2011). The first method
of model fitting and variable selection was a conventional
backwards stepwise procedure (BSP), where terms were
removed iteratively from an initial full model using AIC
(Akaike, 1974). This method is widely used in ecological
modeling due to its simplicity and demonstrated
effectiveness (Burnham and Anderson, 2002; Marra and
Wood 2011). During each step, the variable with the lowest
p-value was removed and AIC was recalculated for the
reduced model. This iterative process was repeated as long
as variable removal lowered AIC.

The second method of model fitting and variable selection
was a shrinkage approach where each variable in the
full model was fitted with a thin plate regression spline
including a thin plate spline penalty (TPRS). These are
low rank isotropic smoothers of covariates that include a
modification to the smoothing penalty, so that whole terms
can be reduced to zero, effectively removing superfluous
variables (Wood 2003; Marra and Wood, 2011). Unlike
the stepwise algorithm from BSP, this procedure is carried
out in a single step.

Model Validation

The performance of final models from BSP and TPRS
was evaluated using multiple evaluation criteria (Fig. 3).
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Two traditional model evaluation criteria, AIC and BIC
(Burnham and Anderson 2002, Wood 2006), were used
to compare relative performance of BSP and TPRS. AIC
and BIC are widely used as model evaluation criteria. AIC
is an estimator of the relative quality of statistical models
based on goodness of fit. BIC is closely related to AIC,
but has been shown to penalize complexity to a higher
degree than AIC (Hastie, 2009).

A cross-validation study was implemented to evaluate
predictive performance of final GAMs, where a randomly
selected subset, training data, (80% of all data) was used
for GAM development, while the remaining 20%, testing
data was used for the evaluation of performance (Smith
1994; Wood 2006; Zuur et al., 2007; Tanaka and Chen,
2015, 2016). The GAM-predicted CPUE values based
on training data were compared against observed CPUE
values, based on testing data, and linear regression analysis
was performed to evaluate the predictive performance of
the GAM. The cross-validation procedure was repeated
100 times using random data selection in each round to
obtain 100 sets of linear regression parameters (intercept,
slope, and R?). Good model performance was indicated
by an intercept parameter close to zero, a slope close to
one and an R? close to one.

Results

GAM performance

Full GAMs included nine terms in total (Tables 2 and 3).
Single terms included latitude (°), longitude (°), depth (m),
bottom temperature (°C), bottom salinity (ppt), and current
velocity (m/s). BRT analysis identified strong two-way
interactions (value >100) between three pairs of variables,
depth-latitude (163.13), salinity-temperature (112.79), and
longitude-latitude (125.10) (Table 2). All three of these
two-dimensional terms were significant and included in
both full and final GAMs (Table 3, Fig. 4 and 5).

Model fitting and variable selection using BSP went
through two iterations of term removal. Depth was
removed during the first round and bottom temperature
was removed during the second round. Deviance
explained for the parsimonious BSP model was 48.60 %.
Model fitting and variable selection using TPRS, similarly,
penalized depth to a high degree (edf = 0.05, Table 3,
Fig. 4) to where it had a negligible effect on predictions.
The effect of both bottom temperature (edf = 0.91) and
longitude (edf = 0.94) on scallop density were reduced
to almost linear relationships (Table 3, Fig. 4). Deviance
explained for the parsimonious TPRS model was 49.70%
(Table 3).

While overall model performance was similar between the
parsimonious BSP and TPRS GAMs, TPRS model slightly
outperformed BSP model across all evaluation criteria
(Table 3, Fig. 6). AIC and BIC were lower in the TPRS
model (AIC =42 274.97, BIC = 42 888.10), suggesting
its superior performance over the BSP model (Table 3).
Assessed by cross validation, the TPRS model showed
higher predictive performance (o = -0.60, B = 1.02, R?
= 0.42) compared to the BSP model (o = -2.278, B =
1.04, R*=0.41; Fig. 6). Therefore, the TPRS model was
determined to be more appropriate than the BSP model
in this study.

Model predictions.

The parsimonious TPRS GAM was used to map model
predictions over the inshore GoM. Model results show
that nonlinear relationships commonly exist between
environmental variables and scallop density; however,
both bottom temperature and longitude were reduced to
decreasing, near-linear relationships by the TPRS model.
The response curves for scallop density as a function of
bottom salinity and current velocity were dome shaped,
with salinity peaking between 27-32 ppt and current
velocity peaking between 0.10-0.17 (m/s). Because depth

Table 2. Results from boosted regression tree analysis. Higher values are associated with stronger interaction
between variables. Variable pairs with a value > 100 were considered to have a “strong” interaction and
included as terms in the generalized additive models.

Longitude  Latitude Ter]zgzt:al?ure ]Si?ltl:nol?;f 5:11;)2??; Depth
Longitude 0 125.1 13.33 46.73 5.34 30.65
Latitude 0 0 60.15 12.93 8.55 163.13
Bottom Temperature 0 0 0 112.79 24.78 44.98
Bottom Salinity 0 0 0 0 49.63 27.83
Current Velocity 0 0 0 0 0 4.77
Depth 0 0 0 0 0 0
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was penalized out of the TPRS model, this response curve
was flat.

Interactions included in this model (latitude-longitude,
latitude-depth, bottom temperature-bottom salinity),
identified using BRT analysis, were included to capture
the common effect of single environmental variables
operating within a more complex composite of factors
directly controlling species distribution (Austin, 2007,
Araujo and Peterson, 2012). For example, salinity in this
model acts as a proxy for broad spatial patterns in scallop
distribution which is shown by the strong interaction
between salinity and temperature detected within the
model, and likely corresponds to the origin of water mass
existing in a given area (MacDonald and Thompson,
1985a, 1985b; Macdonald et al., 1987).

Predicted scallop density was higher (>20 scallops per m?),
in general, along inshore areas relative to offshore areas
(<5 scallops per m?) (Fig. 7). Select estuaries along the
Maine coast show significantly higher (>60 scallops per
m?) predicted scallop density relative to other inshore
areas. In particular, the Cobscook Bay area shows high
predicted density (>100 scallops per m?) relative to
surrounding areas (Fig. 7). Additionally, offshore waters
in Western Maine show slightly higher predicted density
(10-20 scallops per m?) relative to Eastern Maine (<10
scallops per m?) (Fig. 7). Over the 8-year study, predicted

density shows a strong increasing trend along inshore areas
and a decreasing trend in offshore areas (Fig. 8). Cobscook
Bay and Penobscot Bay show stronger increasing trends
relative to other inshore areas and offshore waters in
Western Maine show a stronger decreasing trend in
predicted density relative to Eastern Maine.

Discussion

Decision-making associated with conservation planning
and fisheries management should use as much information
and knowledge as possible to maximize the benefits of
management actions (De Ornellas ef al.,2011). The model
developed in our study was designed to use an existing
dataset describing both the abundance and distribution of
Atlantic sea scallops to develop a climate-niche species
distribution model (SDM). Our Tweedie GAM approach
produced high quality predictions of abundance for
scallops. Model outputs agree generally with consensus of
the distribution of scallops along coastal Maine according
to fishermen knowledge, the distribution of fishing effort
in the area, as well as landings information (not able to
be shown here due to confidentiality agreements). Thus,
we consider this modeling effort a successful approach to
predict the distribution of scallops across unsampled areas.

This study provides a regional projection in the distribution
of scallops within the inshore GoM and hindcasts these
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projections back eight years. A dominant spatial trend
made apparent by this climate-niche SDM is a decline
in predicted density moving from inshore to offshore
locations. This finding corresponds with habitat value
for scallops being higher among inshore areas relative
to offshore areas likely attributed to deteriorating food
availability moving offshore (Torre ef al., 2018). This is
thought to represent a natural gradient of habitat quality
(Sarro and Stokesbury, 2009).

An increasing temporal trend in climate-driven scallop
density was observed for inshore areas with a decreasing
trend in offshore areas (Fig. 8). Any change in density
over time results from changes in dynamic environmental
variables (bottom temperature, bottom salinity, and
current velocity), suggesting that the composite of these
three factors has changed favorably regarding scallop
abundance from 2005-2013 in inshore areas and has
changed unfavorably in offshore areas. These trends
assume that scallop-environment relationships have
remained consistent over the study period (Pearson and
Dawson, 2003, Crisp et al., 2009, Catullo ef al., 2015).
This general temporal trend is reflected in a recent study

which depicts the spatiotemporal distribution of available
scallop habitat in the GoM using a bioclimate envelope
model (Torre et al., 2018).

The TPRS GAM, incorporating a Tweedie distribution
for zero-inflated catch data was shown to be a useful
prediction tool according to cross validation. The response
curves in general agreed with known information about
drivers of scallop distribution (Naidu and Anderson, 1984;
Thouzeau et al., 1991; Wildish and Kristmason, 1993;
Stewart and Arnold, 1994; Pilditch and Grant, 1999; Hart
and Chute, 2004; Torre et al., 2018).

Depth in the case of this modeling framework was not
significant, and so was penalized out of the TPRS model.
In other studies, scallops have been shown to grow more
slowly (MacDonald and Thompson, 1985; Thouzeau et al.,
1991) and occur at reduced densities (Schick ez al., 1988;
Shumway and Parsons, 2006) at deeper depths; however,
the example given here is comprised of areas that were
surveyed in less than 100 m, as opposed to scallops
occupying deep areas in other studies (up to 170 m in
the case of Schick ef al., 1988). Since, within the current
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Table 3. Generalized additive models for scallop (Placopecten magellanicus) density in the nearshore Gulf of Maine with deviance
explained by the model (Dev. Exp.), Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC). The
terms in models are latitude (La), longitude (Lo), depth (De), bottom temperature (Bt), bottom salinity (BS), and current

velocity (Cv). Edf = estimated degrees of freedom. Greyed out terms are variables that were removed from the model.

*Denotes the highest performing model from each category (thin plate regression spline and backwards stepwise).

Dev.
Model edf explained AIC BIC
Thin plate regression spline w/ penalty
*s(La) + s(Lo) + s(De) + s(Bt) + s(Bs) + s(Cv) 4.84, 0.94, 0.05, 0.91, 7.92, 5.03, 49.70% 4227497 42 888.10
+s(La*Lo) + s(Bt*Bs) + s(De*La) 24.21,21.11,20.16
Backwards stepwise
s(La) + s(Lo) + s(De) + s(Bt) + s(Bs) + s(Cv) 2.64, 1.00, 1.00, 1.00, 3.47, 3.85, 48.60% 42361.42  42919.23
+s(La*Lo) + s(Bt*Bs) + s(De*La) 25.04,21.12,20.03
s(La) + s(Lo) + s(Bt) + s(Bs) + s(Cv) 2.644, 1.00, 1.00, 3.47, 3.85, 48.60% 42 358.74 42 908.00
+s(La*Lo) + s(Bt*Bs) + s(De*La) 25.04,21.12,21.03
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Fig. 6.  Diagnostic plots depicting the comparison of model performance between the parsimonious generalized additive

model produced by backwards selection and thin plate regression splines. Predictive performance was assessed by
cross validation. A graphical summary of observed vs predicted scallop (Placopecten magellanicus) density based on
100 runs of random data sampling are displayed.
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study, the dataset describing scallop distribution has low
contrast in depth, it follows that depth is not a critical
environmental component in this modeling framework.

The results show that, overall, a shrinkage approach where
each variable in the full GAM was fitted with a thin plate
regression spline including a thin plate spline penalty
(TPRS) performed better across all model evaluation
criteria than a classic, backwards selection procedure
(BSP) for predicting scallop density. These results
support findings from Marra and Wood (2011), which
used simulated data to show that shrinkage approaches
perform significantly better than competing approaches
(including BSP) in terms of predictive ability, and are
competitive in terms of variable selection performance.
However, when using simulated data, the advantage of
one modeling approach over another depends on the
underlying structure of the simulated data, which makes
it difficult to select a “best procedure” for all situations
(Binder and Tutz, 2008). For example, Marra and Wood
(2011) suggest that BSP would be preferred over shrinkage
approaches in situations where the data have particularly
high information content. Hence, using real-world data to
evaluate the utility of model fitting and variable selection
methods, as they apply to species distribution modeling,
adds an important dimension to comparisons made with
simulated data.

In addition to direct model performance benefits offered
by TPRS, compared to BSP, shown here and in Marra

and Wood (2011), there are other considerations that need
to be taken into account when choosing an appropriate
method for model fitting and variable selection. Stepwise
procedures, such as BSP, have the potential to be
inconsistent due to high sensitivity to small variability
in the response data, which can sometimes lead to
very different subsets of chosen variables. Additional
variation in application of stepwise procedures results
from a dependence on the initial starting path chosen
through the variable space (Marra and Wood, 2011).
Another downside of these procedures is that during
variable selection and hypothesis testing using the
selected model, p-values associated with model terms do
not take into account variable selection uncertainty, and
can therefore be misleading (Marra and Wood, 2011).
Conversely, shrinkage approaches have been shown to
be a valid alternative to stepwise procedures in terms
of consistency among iterations of application, and
increased robustness to variability in the data (Marra
and Wood, 2011). Moreover, since variable selection
in shrinkage approaches is carried out within a single
step these methods are less computationally demanding,
especially when using larger datasets (Leathwick et al.,
2006, Hesterberg et al., 2008).

An important limitation of this modeling framework is
that the development of species distribution models relies
upon environmental data, and as with any environmental
data there are several possible sources of error that
could cause misrepresentation of model predictions. The
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blue indicates low catches and red indicates high catches.
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current modeling framework relies particularly heavily
upon FVCOM predictions. To evaluate performance of
FVCOM within the study area, Tanaka and Chen (2016)
and Li et al., (2017) performed comparisons between
environmental monitors on observed temperature
data to and FVCOM predictions. They found that in
general, FVCOM adequately captured broad spatial and
temporal trends in bottom temperature and salinity which
adds validity to the quality and accuracy of FVCOM
predictions.

In this study, environment-density relationships for
scallops were defined upon only four environmental
variables when, many physical, biological, and chemical
conditions likely factor into the life history and
distribution of this species. However, variables used to
train the generalized additive model may have functioned
as surrogates for factors directly controlling scallop
distribution through physiological mechanisms (Austin,
2007; Araujo and Peterson, 2012). From the associations
between variables we can infer the relationship between
spatiotemporal variability of environmental factors,
habitat quality, and resulting scallop distribution. For
example, salinity in this model may act as a proxy for
broad scale spatial patterns in scallop distribution due to
the inherent relationship between salinity and the origin
of water mass existing in a given area. Environmental
predictors in this study were selected based on availability
and assumed correlation with scallop density. As more

comprehensive environmental data becomes available in
the future, studies to develop a further detailed species
distribution modeling approach could include additional
variables such as pH, dissolved oxygen, predator-prey,
and other food-web interactions to capture a more
comprehensive representation of scallop ecology (Aratjo
and Luoto, 2007).

The climate-niche SDM developed in this study
establishes the ability to quantify relationships between
a commercially important fish stock and the surrounding
environment, which provides a tangible tool to visualize
species distribution over space and time as well as to
evaluate potential impacts of a changing GoM ecosystem.
Also, our real-world evaluation of two common GAM
selection and fitting procedures provides insights into the
effectiveness of each method and can be incorporated into
further research using GAMs. This modeling approach
is highly generalizable to a variety of commercially
important species and can advise conservation efforts
for the scallop fishery in the GoM to help ensure the
implementation of adaptive management strategies under
uncertain climate conditions.
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