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Abstract

As human activities expand beyond national jurisdictions to the high seas, there is increasing need to
consider anthropogenic impacts to species that inhabit these waters. The current scarcity of
scientific observations of cetaceans in the high seas impedes the assessment of population-level
impacts of these activities. This study is directed towards an important management need in the
high seas—the development of plausible density estimates to facilitate a quantitative assessment of
anthropogenic impacts on cetacean populations in these waters. Our study region extends from a
well-surveyed region within the United States Exclusive Economic Zone into a large region of the
western North Atlantic sparsely surveyed for cetaceans. We modeled densities of 15 cetacean taxa
using available line transect survey data and habitat covariates and extrapolated predictions to
sparsely surveyed regions. We formulated models carefully to reduce the extent of extrapolation
beyond covariate ranges, and constrained them to model simple and generalizable relationships. To
evaluate confidence in the predictions, we performed several qualitative assessments, such as
mapping where predictions were made outside sampled covariate ranges, and comparing them with
maps of sightings from a variety of sources that could not be integrated into our models. Our study

This article has been accepted for publication and undergone full peer review but has not been
through the copyediting, typesetting, pagination and proofreading process, which may lead to
differences between this version and the VVersion of Record. Please cite this article as doi:
10.1111/cobi.12856.

This article is protected by copyright. All rights reserved.


mailto:laura.mannocci@duke.edu

revealed a range of confidence levels for the model results depending on the taxon and geographic
area, and highlights the need for additional surveying in environmentally distinct areas. Combined
with their explicit confidence levels and necessary caution, our density estimates can inform a
variety of management needs in the high seas, such as the quantification of potential cetacean
interactions with military training exercises, shipping, fisheries, deep-sea mining, as well as
delineation of areas of special biological significance in international waters. Our approach is
generally applicable to other marine taxa and geographic regions for which management will be
implemented but data are sparse.

Introduction

During the past century, technological developments have allowed humans to exploit ocean waters
farther from shore. Offshore waters beyond national jurisdiction, known as the high seas, are
increasingly used for fishing, shipping, military training and other purposes (Ramirez-Llodra et al.
2011). These activities are known to be incidentally harmful to cetaceans but cetacean abundance
and density data for the high seas are often very sparse and thus population-level impacts are poorly
known.

Line transect surveys (LTS) are frequently used to estimate the abundance and density of cetacean
populations. They involve a ship or aircraft with observers onboard recording sightings using
distance sampling to control for the decrease in detection probability with increasing distance from
the transect line (Buckland et al. 2001). Line transect methods are traditionally used to provide
stratified estimates for a surveyed area (e.g., Hammond et al. 2013), or develop “habitat-based
density models” that relate cetacean densities to environmental covariates (e.g., Ferguson et al.
2006). Modeled relationships can then be used to predict cetacean densities in fine-resolution
spatial grids spanning surveyed areas (Miller et al. 2013). LTS have been conducted within Exclusive
Economic Zones (EEZs) of many countries (extending 200 nmi from shore), but comparatively few
have occurred in the high seas (Kaschner et al. 2012).

Density estimates may be derived for unsurveyed areas by fitting habitat models in extensively
surveyed areas and carefully extrapolating them (Conn et al. 2015; Mannocci et al. 2015). But
extrapolation is inherently risky because of the lack of observations for evaluating model
predictions. Extrapolation in geographic space, i.e., beyond surveyed areas but within the sampled
ranges of covariate values, can lead to accurate predictions if relationships between species
densities and covariates hold in extrapolated areas (Wenger & Olden 2012). Extrapolation in
environmental space, i.e., beyond the ranges of covariate values sampled in the surveyed areas, may
lead to more speculative predictions because relationships between species densities and covariates
are unknown in the new environments (Elith et al. 2010).

Despite these risks, the spatiotemporal coverage of LTS surveys for cetaceans is likely to remain
patchy for the foreseeable future, owing to high logistical and financial costs (Kaschner et al. 2012).
As ocean users, regulators, and conservation practitioners negotiate the expanding use of the high
seas, more decisions are likely to be based on extrapolative models. In this paper, we consider a case
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study of this problem: the development of extrapolated density estimates to facilitate a quantitative
assessment of the impacts of naval training exercises on cetacean populations.

Active sonar and other in-water devices used in military training are of particular concern for
cetaceans. The intense sounds they produce have been shown to disrupt diving behavior (DeRuiter
et al. 2013), alter acoustic communication (Henderson et al. 2014) and cause displacements from
productive habitats (Goldbogen et al. 2013). There is also growing evidence for a link between
military sonar exercises and atypical mass strandings of cetaceans (Jepson et al. 2003). In the United
States, the Marine Mammal Protection Act regulates the “take” (defined as “to harass, hunt,
capture, or kill, or attempt to harass, hunt, capture, or kill”) of marine mammals by U.S.-based
organizations anywhere in the world, including the high seas. The U.S. Navy is required to estimate
incidental takes resulting from naval training exercises, and seek permits to conduct these activities.
To do so, the U.S. Navy developed a model that simulates propagation of sound from planned
exercises across cetacean density maps and tallies the individual cetaceans affected (Ciminello et al.
2013).

Using as our area of interest the U.S. Navy Atlantic Fleet’s training and testing area, spanning large
regions of the western North Atlantic never surveyed for cetaceans, we modeled densities of 15 taxa
using available LTS data and habitat-based covariates and extrapolated predictions to unsurveyed
regions. We formulated and constrained models carefully to reduce the chance of errant
extrapolations and used a variety of diagnostics to evaluate confidence in the predictions, urging
caution in poorly surveyed, environmentally unique areas. Our study revealed a range of confidence
in what we can currently infer about cetacean densities in the area, and highlights the need for
additional surveying in particularly distinct areas. While we demonstrate our approach for a
particular management need, it is generally applicable to other geographic areas, marine taxa and
management requirements in areas of sparse survey effort.

Methods

Study area and LTS data

The spatial extent for this study corresponded to the U.S. Navy Atlantic Fleet Training and Testing
(AFTT) area. The AFTT area spans 11 million km? of the western North Atlantic Ocean, extending
from the coast of North America to 45°W, and from approximately 20°N to 65°N, and includes the
Gulf of Mexico and U.S. waters surrounding Puerto Rico, spanning Longhurst’s Atlantic coastal,
trades, westerlies and polar biomes (Longhurst 2007) (Fig. 1a). Major oceanographic features include
the Loop Current, the Gulf Stream, the Labrador Current and the North Atlantic gyre (Fig. 1b). The
study area was projected to an Albers equal area projection to minimize spatial error, and gridded
into 10x10 km cells, the requested spatial resolution for this management application.

We considered LTS that used two or more observers and met the assumptions of distance sampling
methodology (Buckland et al. 2001). We included shipboard and aerial surveys conducted between
1992 and 2014 along the U.S. east coast (887,963 km of effort) and in the northern Gulf of Mexico
(194,715 km) by multiple U.S. organizations (see Roberts et al. (2016) for more details), as well as
various surveys from the Caribbean, mid-Atlantic ridge and European Atlantic (Table 1).
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Incorporating surveys from these other North Atlantic regions increased the representativeness of
biomes encompassed by the study area but that were poorly covered by U.S. surveys (Fig. 1a), and
increased the sample sizes available for fitting detection functions and developing density models
(see below).

Group size (number of sighted individuals), taxonomic identification, perpendicular distance and the
observer’s assessment of detection conditions (e.g., Beaufort sea state) were available for all the
surveys.

We divided survey transects into (approximately) 10 km segments following the procedure
described in Roberts et al. (2016). This segment length corresponded to the requested spatial
resolution of predictions and was a reasonable compromise between the resolutions of
environmental data available (4 km to 0.25°; Appendix S1).

Environmental covariates

To reduce the extent of environmental extrapolation, we used covariates for which broad ranges of
values were sampled by the surveys. Hence, we excluded longitude, latitude, distances to the shore
and ecologically relevant isobaths; these are commonly used in cetacean habitat modeling studies
(e.g., Ferguson et al. 2006), but would result in extrapolating far beyond the range of sampled values
in the study area. To increase the success of model transferability to new regions, we considered
biological covariates expected to be directly related to cetacean densities (Wenger & Olden 2012),
namely biomass and production of epipelagic micronekton and zooplankton predicted with the
Spatial Ecosystem and Population DYnamics Model (SEAPODYM) (Lehodey et al. 2010). Zooplankton
and epipelagic micronekton, encompassing squid, crustaceans and fish, constitute potential prey for
many of the cetaceans modeled in this study (in particular, dolphins and mysticetes (Pauly et al.
1998)). All covariates used in this study were previously shown to be correlated with cetacean
distributions (e.g., Ferguson et al. 2006; Doniol-Valcroze et al. 2007; Lambert et al. 2014).

We derived covariates from remote sensing and ocean models (Appendix S1) and resampled them to
the 10x10 km grid of the study area. For dynamic covariates, we prepared monthly climatologies by
aggregating and summarizing the available time series. Although monthly climatologies smoothed
out inter-annual variations in oceanographic conditions, they successfully captured important
seasonal variations. We obtained covariate values for the survey segments by interpolating the
10x10 km grid at the segment centroids. We used ArcGIS 10.2.2 and the Marine Geospatial Ecology
Tools software (Roberts et al. 2010) to prepare all covariates.

Habitat-based density models
We relied on the two-stage density modeling approach (Hedley & Buckland 2004; Miller et al. 2013)
described hereafter.

Detection function fitting and per-segment abundance estimation

We fitted taxon-specific detection functions using the single-observer methodology (Buckland et al.
2001). For each taxon, we pooled multiple surveys with similar observation platforms and protocols
or used “proxy” species with similar detectability to obtain sufficient sightings to fit detection
functions (Roberts et al. 2016). Before fitting each detection function, we right-truncated the most
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distant sightings and applied left truncation for aerial surveys that suffered from an inadequate view
of the survey trackline (Buckland et al. 2001). We compared a number of detection function
formulations, using both Conventional Distance Sampling (CDS; Buckland et al. 2001) and Multiple
Covariate Distance Sampling (MCDS; Marques & Buckland 2004) and selected the model with the
lowest Akaike information criterion (AIC) (see Roberts et al. (2016) and the accompanying reports).
We fitted all detection functions in R using the mrds package version 2.1.10 (Laake et al. 2014).

The probability of detecting an animal on the trackline, or g(0), is affected by both availability bias
(when observers fail to detect animals because they are submerged) and perception bias (when
observers fail to detect animals that are present at the surface) (Pollock et al. 2006). We corrected
for availability and perception bias by obtaining estimates of g(0) from the literature that
incorporated these biases. We obtained separate g(0) estimates for aircraft and shipboard platforms
and, where possible, for different group sizes (to account for large groups being easier to detect than
small groups) (see Roberts et al. (2016)). We then scaled the estimated abundance of each sighting
with the inverse of g(0) appropriate for that sighting, based on the platform and group size. Details
on detection function fitting and g(0) estimates can be found in Roberts et al. (2016).

For each taxon, we estimated the abundance in segment j, IVj, by using the Horvitz-Thompson-like
estimator as follows:

Rj

R = 5ie/b(z)
r=1

where R; is the number of observed groups in segment j, s;, is the size of the r™ group in segment j
and p(z;) is the estimated probability of detection given observation level covariates, z; (Marques et
al. 2007).

Generalized Additive Model fitting, predictions and uncertainty
We then fitted Generalized Additive Model (GAMs) with the following structure:

B(T)) = 4) exp [Bo + ) (2]
k

where N,—is the response variable assumed to follow a Tweedie distribution (e.g., Foster &
Bravington 2013) (and E indicates expectation); A;, the model offset, is the area of segment j
calculated as 2(WR-WL)lj where wy is the right-truncation distance, w is the left truncation distance
(0 if data were not left truncated), and lj is the segment length; f; are the smooth functions of the
environmental covariates z;; and [, is the model intercept.

We considered survey segments from the U.S. east coast, Gulf of Mexico, Caribbean, mid-Atlantic
ridge and European Atlantic to fit the models depending on the taxon. When contrasting density-
environment relationships were expected in different seasons (e.g., for baleen whales that forage in
summer and breed and calve in winter), and there were sufficient sightings in each season, we fitted
separate seasonal models. Otherwise, we fitted a year-round model. Modeling decisions for
individual taxon are detailed in supplementary reports available at the Ocean Biogeographic
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Information System Spatial Ecological Analysis of Megavertebrate Populations (OBIS-SEAMAP)
repository.

Is it important to constrain model complexity based on the study objectives (Merow et al.

2014).

Consistent with our objective of extrapolating cetacean densities beyond surveyed areas, we sought
to develop simple habitat models capturing dominant cetacean-environment relationships but not
reproducing details present in the data (Elith et al. 2010). Simple models, i.e., models characterized
by few parameters and smooth species-environment relationships, have been shown to achieve
higher transferability and are highly recommended for extrapolation (Wenger & Olden 2012; Merow
et al. 2014). Authier et al. (2016) also found that models with a large number of covariates lead to
widespread environmental extrapolation. In line with these findings, we considered models with a
maximum of 4 covariates (models including 5 or more covariates led to an excessively large extent of
environmental extrapolation). We fitted GAMs with all possible combinations of 4 covariates, after
eliminating the pairs of covariates for which the Spearman's rank correlation coefficient (Hollander
& Wolfe 1973) calculated on segments was 2 0.6 or < -0.6. We used thin-plate regression splines
with shrinkage to allow smooth term effects to be removed from the model during fitting. To model
simple density-environment relationships and mitigate overfitting which is known to limit model
transferability (Wenger & Olden 2012), we restricted the basis size to 4 for each smooth term. We
used restricted maximum likelihood (REML) as the criterion for estimating smooth parameters
because it has been shown to penalize overfitting and lead to more pronounced optima (Wood
2011). We selected the models with the lowest AIC as the ‘best’ models. Model selection based on
AIC is effective at reducing overfitting by penalizing models with excessive complexity (Wenger &
Olden 2012). . We fitted all GAMs in R using the mgcv package version 1.8.4 (Wood 2014).

We produced maps of mean predicted densities (individuals per 100 km?) by averaging monthly
predictions seasonally (if a seasonal model was fitted) or annually (if a year-round model was fitted)
on a per-cell basis. To visualize parameter uncertainty from the spatial part of the model, we
produced maps of the mean (seasonal or year-round) coefficients of variation (CVs) for each cell in
the prediction grid by applying the approach described in Miller et al. (2013) (technical details
explained in their Appendix S2). Model selection uncertainty is another important source of
uncertainty to consider in extrapolation studies (Pearson et al. 2006). We further assessed
uncertainty in the model selection process by examining mean predicted density for each of
Longhurst’s biogeographical provinces by the five top models (ranked by AIC) (results shown and
discussed in the supplementary taxon-specific reports).

Despite our efforts to limit environmental extrapolation, we extrapolated beyond the sampled
covariate ranges in some areas to provide predictions in the entire study area. Predicted densities in
these areas (indicated on Fig. 2, 3 and 4 by crosshatches) are largely speculative and should be
interpreted with caution.

In addition to predicted density and CV maps, we included in the supplementary reports available at
the OBIS-SEAMAP repository: plots of the smooth terms in the GAMs, maps of sampled covariate
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ranges (i.e., the so-called environmental envelopes) to visualize where the model was extrapolated,
predicted density maps per Longhurst’s biogeographical province, alternate models to quantify
model uncertainty, residual diagnostics and discussions evaluating our relative level of confidence in
predictions.

Results

We fitted habitat-based density models and extrapolated densities of 15 cetacean taxa, comprising
12 species and 3 guilds, to unsurveyed regions in the western North Atlantic. The most common
predictors were depth, distance to the nearest sea surface temperature (SST) front and production
of epipelagic micronekton. Explained deviances ranged from 22.9% (fin whale) to 57.2% (striped
dolphin) (Table 2). The extent of extrapolation beyond the sampled covariate ranges varied from 4%
(harbor porpoise) to 50% (Globicephala spp.) (Table 2). Environmental extrapolation mostly occurred
in the westerlies biome (lower chlorophyll-a concentration, lower zooplankton production and larger
distances from SST fronts in summer), and in the polar biome (lower SST in winter).

We present density modeling results for a migratory mysticete (sei whale Balaenoptera borealis), a
deep diving odontocete (Kogia spp., including K. sima and K. breviceps) and an oceanic dolphin
(striped dolphin Stenella coeruleoalba) that represent three ecologically distinct cetacean families.
Predicted density and CV maps for all taxa are freely available at the OBIS-SEAMAP repository;
detailed modeling results are available in the accompanying taxon-specific reports.

Sei whale

Sei whale summer densities were predicted to increase in deep, cold waters with a reduced
mesoscale activity and a high epipelagic micronekton production. In order to predict densities in the
entire study area, we extrapolated to deeper waters in the North Atlantic gyre, to colder waters in
the polar biome, and to a lesser extent, to waters of higher mesoscale activity in the Gulf Stream
(these extrapolations comprised 40% of the cells of the study area) (Table 2, Fig. 2a). Predicted
densities in these waters were largely speculative and should be interpreted with extreme caution.
Sei whales were predicted to occur in temperate and sub-polar waters, primarily on the continental
slope and offshore, in accordance with their described ecology (Prieto et al. 2012). They were
predicted in highest densities on the continental slope north of Cape Hatteras, as well as in offshore
waters of the Labrador Current. Despite being largely speculative, high predicted densities in the
Labrador Sea appeared compatible with a presumed summer feeding ground revealed by satellite
telemetry tracks of sei whales from the Azores (Prieto et al. 2014) . CVs were the highest in waters of
high mesoscale activity in the Gulf Stream, shallow waters along the U.S. coast and warm waters in
the North Atlantic gyre (Fig. 2b).

Kogia spp.

Densities of Kogia spp. were predicted to increase in warm waters of intermediate depth and high
micronekton production. In order to predict densities in the entire study area, we extrapolated to
colder waters in the polar biome (9% of the cells) (Table 2, Fig. 3a); predicted densities in these
waters should be viewed with due caution. Kogia spp. were predicted to occur in tropical and warm
offshore temperate waters, in accordance with their known ecology (McAlpine 2009). They were
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predicted in highest densities on the continental slope in the Gulf of Mexico and south of Cape
Hatteras. CVs were the highest in shallow waters on continental shelves, and in cold waters
throughout the polar biome (Fig. 3b).

Striped dolphin

Striped dolphin densities were predicted to increase in deep waters of high epipelagic micronekton
production, intermediate chlorophyll concentration (CHL), and near SST fronts. In order to predict
densities in the entire study area, we extrapolated to lower CHL and further from fronts in the North
Atlantic gyre (these extrapolations comprised 34% of the cells) (Table 2, Fig. 4a). We urge caution
regarding predicted densities in these areas. Striped dolphins were predicted to occur in offshore
waters throughout most of the study area. Striped dolphins are mostly found in tropical and warm
temperate waters, as well as occasionally in cold temperate waters (Archer & Perrin 1999). Highest
predicted densities in the Gulf Stream appeared in line with their described affinity for the north wall
of this current (Waring et al. 1992). CVs were highest in shallow waters of the continental shelves
(Fig. 4b).

Discussion

Confidence in extrapolations

We developed habitat-based density models for 15 cetacean taxa and predicted their densities in a
vast region of the western North Atlantic encompassing never surveyed high seas. We strived to
build transferable models by incorporating over 1.1 million km of surveys that covered
representative ecological biomes, limiting the extent of environmental extrapolation, and by
modeling simple, ecologically sound cetacean density-environment relationships. For each taxon, we
evaluated the plausibility of predictions by performing several qualitative assessments, including
mapping where predictions were made outside sampled predictor ranges, examining alternate
models, and comparing predicted densities to maps of cetacean sightings available in the OBIS-
SEAMAP repository (Halpin et al. 2009), which catalogued sightings from a wide range of sources
(e.g., opportunistic sightings, telemetry data) that could not be integrated into our models.

Overall, we have a reasonable confidence in predictions for tropical and warm temperate taxa for
which survey data were available within most of the distributional range (Atlantic spotted dolphin,
Kogia spp. and bottlenose dolphin), and a comparatively lower confidence in predictions for cold
temperate and sub-polar waters taxa for which survey data only covered the southern part of their
range (Atlantic white-sided dolphin, harbor porpoise and all species of mysticetes). Although the
models correctly predicted the occurrence of these taxa in northern waters, predicted densities
were largely speculative and should be interpreted cautiously. The incorporation of line transect
surveys from Canada (Lawson & Gosselin 2009) and Greenland (Heide-Jgrgensen et al. 2007) would
increase the reliability of these models. Unfortunately, we were unable to obtain permission to
incorporate these surveys in the current models but remain hopeful that they can be incorporated in
future iterations. We call for increased collaboration and data sharing in order to better model
cetaceans in international waters.
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Caveats of the approach

The geographical distribution of line transect surveys available for this study was heterogeneous
with the highest concentration of effort in the U.S. EEZ. Despite our efforts to incorporate surveys
external to the study area to increase the coverage of the westerlies and polar biomes poorly
covered by U.S. surveys, these ecological biomes remained largely underrepresented. To examine
the sensitivity of density modeling results to heterogeneity in survey coverage, we implemented a
cross-validation approach by splitting the available survey data into 11 geographical regions,
excluding each region and examining predictions of the resulting models (Appendix S2). The results
indicate that models remained generally capable of reproducing overall inter-regional patterns in
taxa distributions when data from one region were withheld. This suggests that predictions in
underrepresented regions are overall plausible, but we urge caution regarding the absolute accuracy
of density values in certain situations.

Furthermore, it is important to note that some unsurveyed regions (e.g., the Labrador Sea, the North
Atlantic gyre) have oceanographic conditions that are very different from conditions in surveyed
regions despite showing some overlap with sampled covariate ranges. Inter-covariate correlations
may also be expected to differ between unsurveyed and surveyed regions. Changing correlations
between the sample and prediction datasets can lead to unreliable predictions in areas where they
differ the most (Elith et al. 2010). In Appendix S3, we compared covariate correlations in the sample
and prediction data, and found that covariates that were moderately correlated in one direction in
the sample data were always correlated in this same direction in the prediction data.

By design, our models were simple and not tightly fitted to the data. Complex models do not transfer
well to new regions because species-environment relationships apply specifically to the sample data
but do not generalize well (Elith et al. 2010; Wenger & Olden 2012; Merow et al. 2014). In contrast,
in a related study limited to U.S waters, we were less concerned with model transferability and
developed more complex models to accurately map cetacean densities within extensively surveyed
areas (Roberts et al. 2016). In the present study, limiting the basis size of smooth terms prevented
overfitting and helped model general relationships that likely transfer better to unsurveyed regions.
Of course, underfitting also limits model transferability as it can lead to misunderstandings of the
drivers of species distributions, and potentially biased predictions (Merow et al. 2014). To ensure
that our models did not result in severe bias in extrapolation, we always assessed predictions against
ecological knowledge. However, bias in predicted densities beyond predictor ranges cannot be ruled
out, and we once again urge caution for their interpretation.

It is important to monitor the shapes of fitted relationships at the edges of sampled covariate ranges
to prevent spurious extrapolation (Elith et al. 2010; Merow et al. 2014). For smooth functions that
use the thin plate regression spline basis (Wood 2003), fitted relationships outside the observed
data tend to extreme values as the distance from observed values increases. Steeply increasing
relationships may be particularly problematic as they result in unrealistically high density predictions
when extrapolated beyond the sampled covariate ranges. Such situations did not occur in our study
and the shapes of relationships at the edges of sampled covariate ranges appeared ecologically
plausible. However, for some cold water taxa (e.g., sei whale and fin whale), the relatively steep
decrease of densities at the lower edge of the sampled SST range may have resulted in an
underestimation in northern waters.
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Along with predicted density maps, we produced maps of CVs to quantify the relative uncertainty
from the spatial part of the model over the study area. We advise caution when interpreting these
maps as they document a single source of uncertainty (the spatial model), and do not reflect the
uncertainty associated with predicted densities beyond covariate ranges, the detection functions,
g(0) estimates or model covariates. Covariate uncertainty may be highest for biological covariates
derived from the SEAPODYM model. Thanks to the assimilation of in situ acoustic data for parameter
optimization (Lehodey et al. 2014), SEAPODYM outputs are becoming increasingly accurate, making
their use as covariates in cetacean extrapolation models promising. The development of statistical
methods propagating these various sources of uncertainty to final densities estimates constitutes an
area of active research (e.g., Foster et al. 2012).

Our inference was based on a single best supported model; however, different models can lead to
widely different predictions beyond predictor ranges (Pearson et al. 2006). To account for model
uncertainty, we examined the sensitivity of mean predicted density for each biogeographical
province by the five top models (see the supplementary reports). Overall, mean predicted densities
by models with statistical support sensu Burnham & Anderson (2002), i.e., with a delta AIC lower
than 2, were not widely different. Notable exceptions were mean predicted densities of sperm
whale in the Atlantic Arctic and boreal polar provinces (differing by a factor of 5), and mean
predicted densities of striped dolphin in the Atlantic Arctic province (differing by a factor of 4.5).

Applications

This study provides baseline density predictions for 15 cetacean taxa in a very large portion of the
western North Atlantic. Our confidence in the predictions depends on the taxon and region; users of
these predictions are strongly advised to review taxon-specific supplementary reports and proceed
with caution where indicated. In the future, the predictions may be improved by incorporating new
LTS data in underrepresented regions. To facilitate this, we call for expanded collaboration that
would allow us to incorporate extant data not able to be incorporated into the present study (e.g.,
Heide-Jgrgensen et al. 2007; Lawson & Gosselin 2009), and urge increased surveying in
underrepresented regions.

Beyond the example application of facilitating a quantitative assessment of military training impacts
on cetacean populations, our density estimates can inform a variety of management needs in the
high seas. Management applications include quantifying the impacts of industrial activities that
generate underwater noise, including deep-sea mining and seismic surveying, quantifying cetacean
interactions with offshore fisheries and trans-oceanic shipping, and informing the delineation of
areas of special biological significance in international waters (e.g., the Sargasso Sea, recently
proposed as a potential UNESCO World Heritage site). Finally, the approach presented here is
generally applicable to other geographic regions, marine taxa and management needs in areas of
sparse data.
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Table 1: Line transect survey data incorporated in habitat-based density models.

Region | Platform Surveyor Effort Number | Survey years Reference
(km) of
segment
s
East Shipboard and NEFSC, 887,963 89,426 1992-2014 Complete list
coast aerial NJDEP, of references
(EC) SEFSC, available in
UNCW, Roberts et al.
VAMSC (2016)
Gulf of | Shipboard and SEFSC 194,715 19,988 1992-2009 Complete list
Mexico | aerial of references
(GOM) available in
Roberts et al.
(2016)
Caribbe | Shipboard SEFSC 8,975 914 2000, 1995 Swartz et al.
an (2002)
(CAR)
Aerial University of | 15,289 1,528 2008 Mannocci et
La Rochelle al. (2013)
Europea | Shipboard Partners of 9,584 957 2007 Hammond et
n the CODA al. (2009)
Atlantic Program
(EV)
Shipboard Partners of 17,942 1,805 2005 Hammond et
the SCANS-II al. (2013)
Mid Program
Atlantic
Ridge Shipboard Partners of 2,424 243 2004 Waring et al.
(MAR) the MAR- (2008)
ECO
Program
TOTAL 1,136,892 | 114,861

Surveyors: NEFSC = NMFS Northeast Fisheries Science Center, NJDEP = New Jersey Department of

Environmental Protection, SEFSC = NMFS Southeast Fisheries Science Center, UNCW = University of
North Carolina at Wilmington, VAMSC = Virginia Aquarium & Marine Science Center, SCANS-Il =
Small Cetacean Abundance in the North Sea and adjacent waters-1l, CODA = Cetacean Offshore
Distribution and Abundance in the European Atlantic, MAR-ECO = Mid-Atlantic Ridge Ecology

Program.
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Table 2: Overview of density modeling results. Detailed results are presented
in the supplementary taxon-specific reports.
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Extent

of
Predictors (listed in .
. . enviro | Desc
decreasing order of | Explained .
Number of | . ) nment | ribed
Taxon Season L importance deviance
sightings . al rang
according to F- (%)
extrap | e
scores) .
olation
(%)
Mysticetes
Cos
Fin whale .
EpiMnkPB, Slope, mop
(Balaenopter | Year-round 1785 ) 22.9 29 .
SST, DistToFront olita
a physalus)
n
Cold
temp
erate
Humpback
and
whale Depth, CHL, b
sub-
(Megaptera | Summer 2578 SLAStDev, 36.6 44
; . polar
novaeangliae DistToFront
) wate
rs
(sum
mer)
Minke whale
Cos
(Balaenopter
PkPB, Depth, mop
a Year-round 1109 ) 23.6 20 .
DistToFront olita
acutorostrat
n
a)
Cold
temp
erate
. and
Sei whale
Depth, SLAStDev, sub-
(Balaenopter | Summer 852 ) 38.5 40
. SST, EpiMnkPP polar
a borealis)
wate
rs
(sum
mer)
Odontocetes
Atlantic Tropi
SST, Depth, PkPP
spotted Year-round | 1150 il ’ 41.8 50 cal
dolphin EKE and
(Stenella war
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frontalis) m
temp
erate
wate
rs
Cold
tem

Atlantic tp
erate

white-sided SST, Depth, q
an

dolphin Year-round 2329 EpiMnkPP, 35.2 28 b
sub-

(Lagenorhyn DistToFront
polar

chus acutus)
wate
rs

Depth, Cos
Beaked DistToCanyonOrSea mop
a Year-round 395 42.8 34 .
whales mount, CHL, olita
CurrentSpeed n
Tropi
cal
and
Bottlenose
dolohi PkPB, Depth, war
olphin
P . Year-round 6524 EpiMnkPP, 25.7 20 m
(Tursiops .
DistToFront temp
truncatus)
erate
wate
rs
Cos
Globicephala Depth, PkPP, mop
b Year-round 1058 . 23.3 50 .
spp. SLAStDev, EpiMnkPP olita
n
Cold
temp
Harbor erate
porpoise PkPB, Depth, and
Year-round 2018 ) 46.5 4

(Phocoena EpiMnkPP, SLAStDev sub-

phocoena)* polar
wate
rs

Kogia spp.* Year-round 256 SST, Depth, 41.8 9 Tropi
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EpiMnkPP cal
and
war
m
temp
erate
wate
rs
Tropi

Risso's cal
i
dolohi Depth, PkPB, and
olphin
P Year-round 1002 EpiMnkPP, 38.4 20 temp
(Grampus .
. DistToFront erate
griseus)
wate
rs
Short-
Tem
beaked
perat
common Slope, SLAStDev,
. Year-round 1428 . 36.6 34 e
dolphin CHL, DistToFront
. wate
(Delphinus
rs
delphis)
Sperm whale Cos

Depth,

(Physeter . mop
Year-round 941 DistToCanyonOrSea | 42.0 33 .

macrocephal olita

mount, CHL
us) n
Tropi

Striped cal

dolphin . and

Depth, EpiMnkPP,

(Stenella Year-round 336 ) 57.2 34 temp

CHL, DistToFront

coeruleoalba erate
) wate

rs

% includes Blainville's beaked whale (Mesoplodon densirostris), Cuvier's beaked whale (Ziphius

cavirostris), Gervais' beaked whale (Mesoplodon europaeus), Sowerby's beaked whale (Mesoplodon

bidens), True's beaked whale (Mesoplodon mirus) and unidentified Mesoplodon.
®includes long-finned pilot whale (Globicephala melas) and short-fined pilot whale (Globicephala

macrorhynchus).

“includes dwarf sperm whale (Kogia sima) and pygmy sperm whale (Kogia breviceps).

Predictors: DistToCanyonOrSeamount = distance to the nearest submarine canyon or seamount, SST

= sea surface temperature, DistToFront = distance to the nearest sea surface temperature front,
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CurrentSpeed = absolute current speed, SLAStDev = standard deviation of sea level anomaly, EKE =
eddy kinetic energy, CHL = chlorophyll-a concentration, EpiMnkPB = biomass of epipelagic
micronekton, EpiMnkPP = production of epipelagic micronekton, PkPB = biomass of zooplankton,
PkPP = production of zooplankton. For dynamic predictors, climatological monthly means were used
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Figure legends

Figure 1. (a): Map of the North Atlantic basin showing the AFTT study area, line transect surveys
included in the analysis and color-coded biomes from Longhurst’s classification (2007) (available at
http://www.marineregions.org). Longhurst’s biogeographical provinces are shown within the study
area. 1: Caribbean; 2: North Atlantic tropical gyre; 3: North Atlantic subtropical gyre; 4: Gulf Stream;
5: northwest Atlantic shelves; 6: Atlantic Arctic; 7: boreal polar. Note that the AFTT area excludes
territorial waters (<12 nmi from shore) outside of the United States. (b): Map of the North Atlantic
basin showing major surface currents.
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Figure 2. Maps of (a) mean predicted densities (individuals per 100 km™) and (b) mean CVs from the

spatial part of the model for sei whale in summer. The areas where we extrapolated beyond the
sampled covariate ranges and predicted densities should be viewed with extreme caution are
indicated with black crosshatches. An Albers equal area projection is used.
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Figure 3. Maps of (a) mean predicted densities (individuals per 100 km™) and (b) mean CVs from the

spatial part of the model for Kogia spp. year-round. The areas where we extrapolated beyond the

predictor ranges and predicted densities should be viewed with extreme caution are indicated with

black crosshatches. An Albers equal area projection is used.
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Figure 4. Maps of (a) mean predicted densities (individuals per 100 km™) and (b) mean CVs from the
spatial part of the model for striped dolphin year-round. The areas where we extrapolated beyond
the predictor ranges and predicted densities should be viewed with extreme caution are indicated
with black crosshatches. An Albers equal area projection is used.
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