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ABSTRACT: To forage optimally, predators face complex decisions regarding target prey distribution, quantity, and quality. We paired theodolite tracking of gray whales Eschrichtius robustus in
Port Orford, Oregon, USA, with concurrent sampling of their zooplankton prey to examine foraging decisions relative to prey quantity (abundance) and quality (caloric content). We tested the
hypotheses that whales (1) feed more than search or transit in areas with high quantity and quality
prey and (2) select foraging habitat dominated by the calorically rich mysid Neomysis rayii. Relative prey abundance was assessed through standardized image analysis of camera drops, and zooplankton prey community was determined from net tows. These data were spatially interpolated
and modeled to generate daily layers of species-specific prey abundance and calories (20 m grid)
for comparison to whale behavior derived from tracking data. Whales fed significantly more in
areas with higher prey abundance and calories than where they searched and transited. Whales
increased foraging effort as overall prey availability increased, yet foraging probability was significantly correlated with the quantity and quality of the mysid Holmesimysis sculpta, which has
significantly lower calories than N. rayii. However, during the study period, the maximum abundance of N. rayii was 4 times lower than that of H. sculpta and never reached the quantity threshold determined by a logistic regression needed to support whale foraging behavior. Hence, gray
whale prey selection involves trade-offs between prey quantity and quality to maximize energetic
gain, and prey quality should be considered alongside abundance in ecological studies investigating predator decision-making.
KEY WORDS: Energetic trade-off · Optimal foraging · Prey quality · Foraging ecology · Gray whale ·
Eschrichtius robustus · Marine mammal · Zooplankton · Theodolite tracking

1. INTRODUCTION
Obtaining enough food is crucial for predators to
ensure adequate energy gain for maintenance of
vital functions and support for energetically costly
life history events. Foraging involves decisions at
every step of the process, including prey selection,
capture, and consumption, all of which should be as
efficient as possible. Optimal foraging theory (OFT)
*Corresponding author: lisa.hildebrand@oregonstate.edu

predicts that predators should pursue prey that will
provide maximum returns for minimal energetic input (MacArthur & Pianka 1966). Yet concentrated
foraging in one area will eventually result in diminishing returns, requiring a predator to decide when
to abandon a prey patch. The marginal value theorem (MVT) posits that a predator should leave its current prey patch when the gain from the patch falls
below the average capture rate of the surrounding
© The authors 2022. Open Access under Creative Commons by
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habitat (Charnov 1976). Poor foraging decisions regarding OFT and MVT can have long-term repercussions on reproductive success and population dynamics (Harris et al. 2007, 2008, Grémillet et al. 2008),
and for marine predators that rely on prey that is spatially and temporally dynamic and notoriously patchy
(Hyrenbach et al. 2000), these decisions can be especially challenging.
Prey abundance and density are frequently used as
predictors of marine predator distribution, movement,
and foraging effort, with predators often selecting
highly abundant or dense prey patches (e.g. Goldbogen et al. 2011, Cohen et al. 2014, Armstrong et al.
2016, Torres et al. 2020). However, there is increased
recognition that prey quality is also an important factor to consider when assessing a predator’s ecology
and habitat use (Spitz et al. 2012), and marine predators do show a preference for higher quality prey
items (e.g. Haug et al. 2002, Meynier et al. 2008,
Spitz et al. 2010, Cade et al. 2022). Moreover, negative impacts of low quality prey on the health and
breeding success of top marine predators (Österblom
et al. 2008, Ludynia et al. 2010), including marine
mammals (Rosen & Trites 2000, Trites & Donnelly
2003), have been documented. Most studies regarding prey choice by marine mammals occur at broad
spatio-temporal scales and/or the population level,
creating a knowledge gap concerning individual
predator choice between prey quality and quantity at
finer scales. For instance, analysis of whale blubber
indicates prey preferences over broad scales (Fleming et al. 2016, Groß et al. 2020) or relative to background prey availability (Nickels et al. 2018), but
efforts to link individual whale movements with realtime prey species choice and quality are rare.
Concurrent predator and prey sampling at appropriate spatial scales is logistically challenging for
studies on marine mammals, as they forage in highly
dynamic ecosystems (Torres et al. 2008). Oceanographic predictors are commonly used as proxies for
prey availability in marine mammal foraging ecology
studies at meso (5−100 km; e.g. Citta et al. 2018, Barlow et al. 2020) or large (100−500 km; e.g. Moore et
al. 2002, Palacios et al. 2019) scales, yet this method
may falter at finer scales where prey patchiness exceeds detectable variability in oceanographic features. Although relatively little is definitively known
about the scales at which whales perceive and react
to prey (Torres 2017), studies that concurrently relate
whale behavior and movement to in situ measurements of prey availability (e.g. hydroacoustics, net
sampling) at the fine (100 m−5 km) or micro (0−
100 m) scales are more likely to elucidate foraging

choices relative to prey quantity (e.g. Feyrer & Duffus 2015) and quality (e.g. Owen et al. 2015).
The Pacific Coast Feeding Group (PCFG) of gray
whales are a sub-group of the larger Eastern North
Pacific (ENP) population of gray whales that migrate
from breeding grounds in Baja California, Mexico, to
the Arctic where they feed (Rice & Wolman 1971).
The PCFG diverges from this migration pattern by
primarily foraging in coastal habitats from northern
California, USA, to northern British Columbia, Canada (IWC 2011). PCFG whales are generalist feeders,
with reported prey including benthic amphipods,
mysids, cumaceans, crab larvae, ghost shrimp, and
herring roe (Darling et al. 1998, Dunham & Duffus
2001, 2002). This breadth in diet adds complexity to
the decision-making of foraging PCFG gray whales,
as several of these prey species have significantly
different caloric values (Hildebrand et al. 2021). Ideally, the prey species with the highest caloric value
would also be the most ubiquitous and least energetically expensive prey item to capture and consume,
such that predators like gray whales truly could
expend very little energy to secure high energetic
rewards (OFT; MacArthur & Pianka 1966). However,
foraging opportunities and decisions are rarely this
straightforward. PCFG whales must make frequent
decisions amidst fluctuating prey availability, quantity, and quality to ensure they acquire the energy
reserves needed for migration, reproduction, and the
winter fast (Villegas-Amtmann et al. 2015).
In this study, we paired movement and behavior
data of PCFG gray whales tracked by theodolite with
concurrent zooplankton prey quantity and quality
data collected from a research kayak. Our objective
was to determine whether PCFG gray whale foraging decisions are driven by prey quantity (abundance) or quality (caloric content) at a scale of 20 m
(< 2 adult gray whale body lengths). To our knowledge, individual baleen whale foraging decisions relative to available prey quality and quantity have not
been addressed previously at this micro scale. We
address fundamental hypotheses regarding OFT
including (1) gray whale foraging behavior will be
higher in areas of high relative prey quantity and
quality compared to areas used for search and transit
behavior states, and (2) individual whales will select
areas where the prey community is dominated by the
mysid Neomysis rayii, which is significantly higher in
caloric content (Hildebrand et al. 2021), rather than
areas dominated by other zooplankton species. Foraging behavior and habitat use are often assessed
through prey quantity metrics, which may not reveal
the entire ecological picture (Österblom et al. 2008).
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Evaluating multiple prey metrics, including prey quality, when investigating a predator’s foraging ecology
is therefore valuable and necessary.

2. MATERIALS AND METHODS
2.1. Fieldwork
We simultaneously monitored gray whale behaviors
and their zooplankton prey during the month of August for 3 consecutive years (2018−2020) in Port Orford, Oregon, USA (Fig. 1). Fieldwork was conducted
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by 2 teams of 2 individuals each: one team collected
whale identification and movement data while the
other team was responsible for conducting zooplankton sampling. All field sampling was conducted during daylight hours (barring fog), beginning in the
morning (~06:30 h) and continuing until ocean conditions compromised accurate data collection (Beaufort
sea state > 3) or the whale observation team had surveyed for 8 h, whichever came first. If conditions were
unfavorable (e.g. wind speed >10 knots and swell
> 3 ft [~1 m]), then field sampling was not conducted.
The whale tracking team recorded whale locations
using a theodolite (Sokkia DT210) and the tracking

Fig. 1. Location of (a) the 12 sampling stations (blue squares) within the 2 study sites (site boundaries demarcated with black
lines) in (b) the nearshore region of Port Orford, Oregon, USA (black diamond). Brown dot in (a): cliff-top observation site
where theodolite tracking occurred. (c) An example daily layer of relative prey abundance (increasing color darkness corresponds with increasing abundance) in Mill Rocks with a whale theodolite trackline recorded on the same day overlaid and
color-coded by behavioral state
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software Pythagoras (Gailey & Ortega-Ortiz 2002),
from a cliff-top observation site with an elevation of
33 m (Fig. 1a). Two areas of high whale foraging activity were viewable from this observation point where
zooplankton sampling was also conducted: Mill Rocks
(MR) and Tichenor Cove (TC). Whales were tracked
with the theodolite as far as ~8 km away; however,
our analyses in this study are limited to where whale
tracklines co-occurred with zooplankton sampling in
MR and TC. Whales were only tracked if a single whale
was present within MR or TC to ensure that the same
whale was being tracked. Binoculars were used to aid
the cliff team in spotting whales and qualitatively assign 3 behavior states (feed, search, or transit) at each
surfacing. Behavioral state was determined through
consensus by the 2 observers at each whale surfacing.
‘Feed’ was assigned when a whale repeatedly surfaced in a small, restricted area (<20 m2). ‘Search’ was
assigned when a whale moved short distances between surfacings (<100 m) with frequent changes of
direction and duration of dives. ‘Transit’ was assigned
when an individual moved at a consistent speed and
direction between surfacings. Photo-identification of
all tracked whales was performed using a Canon EOS
70D camera.
Zooplankton sampling was conducted at 12 established sampling stations within MR and TC (Fig. 1a)
once a day from a 16 ft (~4.9 m) tandem, sit-on-top, research kayak (Ocean Kayak, Zest 2 EXP), which was
launched at ~06:45 h (Fig. 1). These sampling stations
were selected based on previous observations of
whales foraging in the area (Sullivan & Torres 2018),
with the inclusion of 2 null sites. Whales were avoided
by the kayak team, so the order or timing of station
sampling was occasionally altered. The person in the
stern position of the kayak (sampler) conducted the
zooplankton sampling. At each station, the sampler
used a Secchi disk to measure water clarity. Data on
relative prey abundance were collected using a paired
GoPro and time−depth recorder (TDR; Solinst Levellogger 3001 F100/30) system deployed from a downrigger. The GoPro/TDR was lowered through the water column to the bottom and then pulled up at a
speed of 0.1 ± 0.05 m s−1. Subsequently, zooplankton
were captured for species identification using a zooplankton net (Fieldmaster, 8 inch [~20 cm] diameter,
363 μm mesh). Using the downrigger, the sampler
lowered the net to the bottom and then raised it as
quickly as possible to maximize zooplankton catch
before they scattered to evade the net. Captured zooplankton samples were frozen at −20°C prior to
sorting of all individuals to species level, and the proportion of each species captured was calculated to de-

scribe prey community availability. The person in the
bow position of the kayak (navigator) maintained the
kayak’s position on station during each sampling
event using a handheld GPS unit that had the target
sampling locations stored for reference. The navigator
actively paddled to counteract any movement of the
kayak due to wind or currents. The kayak was repositioned in between sampling events (Secchi disk, GoPro/TDR, and zooplankton net) if it had drifted away
from the sampling location. A location was marked on
the handheld GPS when the GoPro/TDR system
reached the bottom to ensure that drift from the reference station location was less than 20.3 m (the cell size
extent for spatial grid; see Section 2.3). The coordinates of these true sampling locations were used in
further analyses, rather than the coordinates of the
target sampling locations.

2.2. Relative prey abundance
We quantified relative prey abundance through
analysis of the GoPro cast imagery collected at each
sampling station. Still images were extracted at 5 s
intervals during the retrieval cast of the GoPro video
and matched to the water column depth using data
from the TDR. Each still image was divided into a 3 ×
3 cell grid (Fig. S1 in the Supplement at www.int-res.
com/articles/suppl/m695p189_supp.pdf). Each grid
cell was then scored on a scale of 0−5 relative to the
number of zooplankton present in the cell, using reference images (Fig. S1). A score of 0 indicated absence of zooplankton and 5 represented the highest
zooplankton abundance. Grid cells that were obscured due to high turbidity, low lighting, or obstructions by kelp and/or rocks were assigned a value of
NA. A single image analyst (L.H.) scored the photos
to ensure consistency across years. The mean of all 9
grid cell values (excluding NAs) was calculated, providing a single relative abundance score for each
image (full methods available in Text S1). The mean
values of all images within a cast were summed, resulting in a relative prey abundance value for each
station per sampling day. We describe relative abundance (summed values) rather than relative density
(summed values / depth of GoPro cast) due to (1)
variability in the depth of GoPro casts (mean ± SD
depth: 8.29 ± 2.91 m), (2) the propensity for zooplankton to be benthically biased (ANOVA by binned
depth, F2,10674 = 124.8, p < 0.001), and (3) the accessibility of all surveyed habitat to whales for foraging
based on observations of whales across the whole
extent during the study period.
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2.3. Spatial prey layers
For spatial analysis, the boundaries of MR and TC
were defined using the mean distance between sampling stations (475.50 m). A buffer of half this distance (237.75 m) was drawn around each sampling
station and merged to form the boundaries (Fig. 1a).
The spatial extent of the survey area outside of MR
and TC was calculated by creating a minimum convex polygon around all theodolite points. A resolution of 20.3 × 20.3 m grid cell size was applied for all
spatial analyses because this value was half the size
of the radius used to classify whale behavior state
(see Section 2.4).
Spatial layers of relative prey abundance for MR
and TC were created for each prey sampling day.
Given the patchiness of zooplankton, we incorporated a priori knowledge of zooplankton ecology and
distribution through implementation of a generalized
additive model (GAM; using the ‘mgcv’ R-package,
version 1.8-39; Wood 2018) in each inverse-distance
weighting (IDW) daily interpolation of zooplankton
abundance. The GAM assessed daily zooplankton
abundance relative to an annual distance to kelp
layer (mapped as a polygon using the theodolite at
the end of each field season), benthic substrate (classes:
reef with kelp, reef with no kelp, and sandy bottom),
and Secchi disk depth (m) (full methods available in
Text S2). Species-specific abundance preyscapes were
generated by multiplying these daily abundance
preyscapes (produced by GAM-informed IDW interpolation) by the proportions of each prey species at
each sampling station (determined from the net tows;
Fig. 1c).
Daily caloric preyscapes for MR and TC were then
created by multiplying species-specific abundance
preyscapes by the mean caloric value for each species (2.42, 1.60, and 1.25 kJ g−1 wet weight for Neomysis rayii, Holmesimysis sculpta, and Atylus tridens,
respectively; Hildebrand et al. 2021). A total caloric
layer was calculated by summing the daily speciesspecific caloric layers together. Caloric content of
zooplankton species relevant in this study did not differ between study years (Hildebrand et al. 2021), and
therefore we did not account for annual caloric differences in our daily caloric preyscapes.

2.4. Whale behavior classification
We used residence in space and time (RST; Torres
et al. 2017) to quantitatively assign behavioral states
to each location of a whale trackline. Prior to applica-
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tion of RST, all theodolite locations (n = 4233) were
corrected for height of station (33 m), tide level, and
azimuth. A speed filter of 9.57 km h−1 was applied to
tracklines to exclude erroneous points (n = 317,
based on the fastest recorded transit speed of PCFG
gray whales from state-space modeled locations of
tagged whales; Lagerquist et al. 2019, B. Lagerquist
pers. comm.). Speed-filtered tracklines were then discretized at 1 min intervals to approximate movement
underwater. RST is scale-dependent and assigns a
behavioral state based on occupancy patterns in
space (distance traveled) and time within a given
radius. The applied radius (R) is flexible but can be
determined through the following formula:
R = (mean transit speed × sampling interval) / 2 (1)
which requires a priori knowledge of an animal’s
mean transit speed. Based on the broad behavioral
classifications by the cliff team, whales consistently
transited between MR and TC without engaging in
foraging or searching behavior, which allowed us to
calculate a mean transit speed of 1.36 ± 0.50 m s−1
(n = 107 track points) by using those portions of
trackline. Using this value, a radius of 40.7 m was
derived and deemed ecologically appropriate, as it is
slightly greater than 3 body lengths of an average
adult gray whale (Agbayani et al. 2020) and falls
within the range of baleen whale visual acuity (Mass
& Supin 1997, Torres 2017). RST analysis relates the
residence time and residence distance metrics within
the radius of each location to produce a normalized
residual value that scales from −1 to 1. Feeding (the
engulfment of prey) is a time-intensive behavioral
state represented by negative residual values because the animal spends a long time in the radius
without covering much distance. Searching is a timeand distance-intensive behavioral state represented
by positive residual values because the animal spends
a long time within the radius but also covers a large
distance. Transit behavior is represented by residual
values equal to zero because the animal spends little
time and space within the radius.

2.5. Whale behavior relative to prey availability
Since it is unknown whether gray whales are able
to discriminate between prey species, we conducted
analyses in 2 ways: (1) with all prey species combined (representing the total abundance and calories
available within the preyscape; hereinafter referred
to as ‘overall prey/preyscapes’) and (2) at a species
level through assessment of areas where each zoo-
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plankton species dominated the prey community. We
considered an area to be dominated by one zooplankton species if that species comprised > 60% of the
prey community in a net tow. This approach allowed
us to disentangle the strong correlation between
prey abundance and calories (more prey results in
more calories) to understand prey choice by whales.
First, we evaluated differences in whale behavioral
patterns within and outside of MR and TC using a
chi-squared contingency table. Next, we assessed
the relationships between whale behavioral state
(feed, search, transit) and prey abundance and calories using ANCOVAs (followed by post hoc Tukey
tests and calculated mean effect size [partial η2]) with
the ‘multcomp’ R-package (version 1.4-18; Hothorn
et al. 2016) on data points from all whale tracklines
that had corresponding prey data. To do so, we assigned log-transformed abundance and caloric values extracted from daily spatial layers to each whale
location. Trackline was included as a covariate to
account for variability across tracks. Then, we used
generalized linear models (GLMs; ‘stats’ R-package,
version 4.0.2) with a Poisson distribution to determine if whales increase the amount of forage (feed
and search points combined) behavior within a site
relative to increasing prey abundance or calories.
With the GLMs, we assessed the relationship between the number of forage points from each trackline relative to the sum log-transformed prey abundance and calories available within MR or TC. The
prey metrics (abundance and calories) were included
as an interaction term with site in the GLMs to account for differences in area of the 2 sites (see Table 1).
Since habitat through which whales transited had a
median prey availability of 0 for both abundance and
calories (see Fig. 2), we did not include transit behavior in this analysis or subsequent analyses. Furthermore, since whales did not select areas dominated by
A. tridens for feeding (see Fig. 2), we focused this
analysis and further analyses on the mysid shrimp
species N. rayii and H. sculpta.
Since the GLMs revealed a significant relationship
between foraging activity and increasing prey availability in MR but not in TC (see Fig. 3), we investigated prey selection drivers of foraging whales in
MR at a finer scale. To do this, we gridded the MR
site at a 20.3 × 20.3 m cell size resolution aligned with
the prey spatial layers; then, for each track, we
assigned a value of 1 to cells that included at least
one whale forage point (feed or search behavior).
Cells that were not visited by whales or through
which whales only transited were assigned a value of
0. We then fitted generalized linear mixed models

(GLMMs) using the ‘lme4’ R-package (version
0.99875-9; Bates & Sarkar 2007) with the probability
of foraging as a binomial response variable relative
to prey abundance and calories (both as overall prey
and split by the 2 mysid shrimp prey species). Hence,
4 GLMMs were conducted, including separate models for prey abundance and calories given the correlation of these 2 metrics. We restricted this analysis to
tracklines where whales spent a significant amount
of time (e.g. ≥ 40 min) within MR. Individuals contributed an uneven number of tracks in this subset
(range: 1−6); we treated each track independently
(rather than grouped by unique individual) since
whales encountered a new preyscape within each
trackline and these tracklines were recorded across
the 3 yr study period. Therefore, we included trackline as a random effect to account for the nonindependence of points within a trackline. GLMM
parameters were estimated using Laplace approximations, and models were evaluated using Akaike’s
information criterion (AIC) and deviance explained.
We generated a null model and a random effect only
(track) model to evaluate the performance of our
GLMMs. We used the R-package ‘inflection’ (version
1.3.5; Christopoulos 2016) to calculate the inflection
points (i.e. points in the curve at which the curvature
changes sign) of each of the logistic regression
curves generated by the best-performing GLMM to
identify relative prey thresholds for the probability of
gray whales to switch from non-foraging to foraging
behavior. We summarized these values by calculating the mean, minimum, and maximum from the 14
inflection points.
All statistical analyses were conducted using R
(version 4.0.2; R Core Team 2020).

3. RESULTS
3.1. Prey sampling
Across all 3 yr, a total of 681 GoPro casts (which
equates to 11 854 still images extracted and scored)
and 677 zooplankton net tows were conducted over
70 sampling days. Identification of zooplankton net
tow samples revealed that the mysids Neomysis
rayii and Holmesimysis sculpta and the amphipod
Atylus tridens were the 3 dominant prey species,
accounting for 95.5% of all individual prey items
identified. H. sculpta was significantly more abundant than the other zooplankton species across all
sampling years (ANOVA, F2, 4055 = 472.2, p < 0.001;
Fig. S2).
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side of MR and TC and more searching within both
MR and TC. Additionally, whales spent more time
feeding inside MR (21 h) than outside (16 h). Whales
The best performing GAM included distance to
spent less time feeding in TC than in MR or outside.
kelp, habitat type, and Secchi disk depth as signifiOverall, whales spent 61% of their time (78 h) within
cant predictor variables of zooplankton abundance
MR and TC despite being comparatively smaller in
(Table S1 in the Supplement, Model 2). Zooplankton
area than the surveyed area outside of the site boundabundance decreased with increasing distance from
aries (Table 1). All subsequent analyses were carried
kelp and decreasing Secchi disk depth (Fig. S3a,b). It
out only for whale locations within MR and TC that
should be noted that the negative relationship behad concurrent daily prey data (30 h).
tween zooplankton abundance and Secchi disk
The 3 different whale behavioral states were assodepth is likely due to reduced visibility making it
ciated with significantly different mean log-transmore difficult to detect prey in the GoPro still images.
formed zooplankton abundance and calories (Table 2;
Furthermore, zooplankton abundance was highest
mean effect size = 0.0076). Feeding points were sigin reef with kelp habitat, followed by reef with no
nificantly more associated with higher prey abunkelp habitat, and was lowest in sandy bottom habidance than transiting points (post hoc Tukey, p =
tat (Fig. S3c). Therefore, this model was imple0.003; Fig. 2a). Searching and transiting points were
mented in IDW analysis to produce the daily abunalso significantly different from one another (post hoc
dance preyscapes.
Tukey, p = 0.02), with searching points more associated with higher prey abundance than transiting
3.3. Whale behavior
points (Fig. 2a). Although feeding and searching
points were not significantly different from one
Whales were observed in the study area on 59 of
another (post hoc Tukey, p = 0.694), prey abundance
the 70 prey sampling days, with a total of 94 tracks
was higher at feeding points than searching points
recorded (127 h) from 24 unique individuals. RST
(Fig. 2a). These same patterns were also evident beactivity budgets of whales differed significantly
tween behavior states and prey calories (Fig. 2b).
within and outside of MR and TC (χ2 = 348.99, df = 4,
Trackline was a significant covariate in all of the
p < 0.001; Table 1), with more transit behavior outANCOVAs (Table 2).
When examining each prey species
individually, no significant differences
Table 1. Gray whale activity budget in the Port Orford study area by site and
behavior state determined by residence in space and time analysis. Absolute
were found between abundance and
number of points included in parentheses after each percentage
calories associated with different whale
behavior states (Table 2), except beSite
Area (km2)
Feed
Search
Transit
tween feeding and searching points in
H. sculpta-dominated preyscapes (post
Mill Rocks (MR)
0.24 37.7% (1237) 40.8% (1336) 21.5% (705)
hoc Tukey, p < 0.001; Fig. 2c). No feedTichenor Cove (TC) 0.34
23.2% (320)
53.4% (735) 23.4% (322)
ing points occurred in areas where the
Outside
4.12
32.3% (963)
30.3% (906) 37.4% (1116)
amphipod A. tridens dominated the
prey community even though whales
Table 2. ANCOVA results between the 2 prey metrics (relative abundance
searched and transited through these
and calories), overall and by individual prey species (Neomysis rayii, Holmesiareas (Figs. 2c,d).
mysis sculpta, Atylus tridens) compared to gray whale behavioral state (feed,
Despite spending relatively similar
search, transit) and trackline. Only one test result is shown for each prey species because results of species-specific ANCOVAs for abundance and calories
amounts of time in the 2 study sites
produced the same results due to correlation between these 2 metrics. Statisti(MR: 21 h; TC: 16 h), whales significally significant (p < 0.05) results are in bold
cantly increased foraging effort as prey
availability (both abundance and caloPrey metric
Behavior
Trackline
ries) increased in MR (GLM, abundf Adj. SS F
p
df Adj. SS
F
p
dance: z = 6.92, p < 0.001; calories: z =
6.14,
p < 0.001; Fig. 3) but not in TC
Abundance
2
4.58
5.67
0.003
60 560.48 23.14 < 0.001
(GLM,
abundance: z = 0.679, p = 0.497;
Calories
2
7.46
5.96
0.003
60 733.61 20.23 < 0.001
N. rayii
2
0.17
2.47
0.087
19
32.67 51.85 < 0.001
calories: z = 0.408, p = 0.683; Fig. 3).
H. sculpta
2
3.13
7.05 < 0.001
34 167.37 22.19 < 0.001
All GLMMs that examined prey seA. tridens
1
0.02
1.47
0.255
5
4.85 68.1
< 0.001
lection by whales during long (≥ 40 min)
3.2. Spatial prey layers
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Fig. 2. (a,b) Overall and (c,d) species-specific log-transformed relative prey abundance (a,c) and log-transformed relative prey
calories (b,d) by gray whale behavioral state (feed, search, transit). Black diamonds: median values. Bars with p-values indicate
significant differences between behaviors

tracklines (n = 14) in MR included significant prey
predictor variables (Table 3, Models 1−4). The models that best explained the probability of gray whale
foraging were the prey species-specific GLMMs
(Models 3 and 4), with the abundance and calories of
H. sculpta being the influential predictor variables
(Table 3). Model 3 had the lowest AIC and was therefore used to identify the inflection points of the logistic regression curves of gray whale foraging probability (Fig. 4). The mean inflection point for the H.
sculpta relative abundance curves was 12.0, with a
minimum value of 7.2 and a maximum value of 15.3.
Inflection points could not be derived for the N. rayii
abundance curves (Fig. 4).

4. DISCUSSION
Our study expands the field of foraging ecology by
investigating large marine predator foraging decisions at a micro scale (0−100 m; Torres 2017) relative
to both prey quantity and quality and by incorporating individual behavioral data. We demonstrated
that PCFG gray whales select areas with high relative prey abundance and that a prey quantity threshold initiates foraging behavior. While whales never
selected areas dominated by the low-calorie species
Atylus tridens, the abundance of the highest caloric
prey identified in this study, Neomysis rayii, was low
throughout our study period and area, appearing

Hildebrand et al.: Gray whale foraging ecology
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Fig. 3. Number of gray whale points by site (MR: Mill Rocks; TC: Tichenor Cove) along tracks interpolated at 1 min intervals
compared to the sum available relative abundance (left panel) and calories (right panel) of prey. Curves with asterisks: statistically
significant (p < 0.05) relationship as determined by generalized linear models
Table 3. Generalized linear mixed-effects models run on all 14 long (> 40 min) tracklines in Mill Rocks, between the binomial
response variable of gray whale foraging compared to the 2 prey metrics (relative abundance and calories) overall and by individual prey species (Neomysis rayii, Holmesimysis sculpta). Statistically significant (p < 0.05) predictor variables are in bold.
Model 3 was the best-performing model in terms of Akaike’s information criterion (AIC) and deviance explained (%) and was
therefore implemented for logistic regression curves displayed in Fig. 4
Model

AIC

Deviance explained (%)

Null
Track
1
2
3

3702.2
3576.3
3469.7
3483.3
3455.5

3.46
6.39
6.03
6.83

4

3459.3

6.73

Prey metrics

Coefficient

SE

z-value

p

Abundance
Calories
N. rayii abundance
H. sculpta abundance
N. rayii calories
H. sculpta calories

0.26
0.15
−0.07
0.28
0.01
0.18

0.03
0.02
0.08
0.03
0.03
0.02

10.3
9.57
−0.93
11.1
0.38
10.7

< 0.001
< 0.001
0.351
< 0.001
0.705
< 0.001

never to reach a threshold needed to elicit foraging
behavior (Piatt & Methven 1992). These results reveal that while prey quality impacts baleen whale
foraging decisions, trade-offs between prey quality
and quantity are made by whales to achieve optimal
foraging. Thus, we highlight the importance of considering the quality of prey, alongside prey quantity
metrics such as abundance or density, in studies of
predator foraging ecology.
Of the prey species identified in this study period
and area, N. rayii and A. tridens represent opposite
ends of the caloric quality spectrum, with Holmesimysis sculpta as a caloric intermediary (Hildebrand
et al. 2021). Despite not having the highest quality, H.
sculpta did have the highest abundance and showed

a significant positive relationship with foraging behavior, unlike the other prey items. These results
demonstrate trade-off choices by whales for this
abundant, medium-quality prey. Moreover, although
our prey abundance metric is relative, we determined that a threshold of H. sculpta abundance is
required to initiate the probability of gray whale foraging behavior. If we multiply the mean H. sculpta
threshold (12.0) by the mean caloric value of H.
sculpta (1.60 kJ g−1 wet weight; Hildebrand et al.
2021), we can estimate a theoretical relative caloric
value required to initiate gray whale foraging behavior (19.2 kJ g−1 of relative abundance). Dividing this
theoretical relative caloric value by the mean N. rayii
caloric value (2.42 kJ g−1 wet weight; Hildebrand et
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Fig. 4. Logistic regression curves of each analyzed gray whale
trackline generated from the generalized linear mixedeffects model of the binary response of whale foraging probability compared to the species-specific relative abundance
for the mysid shrimp prey Holmesimysis sculpta and Neomysis rayii. Dark grey vertical line: mean inflection point for
the H. sculpta curves (12.0); light grey vertical lines: minimum (7.2) and maximum (15.3) inflection points for the H.
sculpta curves. Inflection points could not be calculated for
the N. rayii curves

al. 2021) indicates that a relative N. rayii abundance
of 7.93 would be required for gray whales to initiate
foraging behavior; this relative abundance was never
reached for N. rayii in our study (Fig. 4). While these
calculations are theoretical and relative, they may
explain why high gray whale foraging effort is observed in areas of low prey density, and likewise why
lower foraging effort can be observed in areas of
high prey density (Feyrer & Duffus 2015). These nonintuitive observations may be driven by significant
caloric differences (Hildebrand et al. 2021) between
zooplankton species available to foraging PCFG
whales across space and time. Therefore, we posit
that while N. rayii abundance did not reach the
threshold at which foraging is beneficial in our study,
this threshold can be achieved across the PCFG foraging range, leading PCFG whales to forage in areas
of lower N. rayii abundance than nearby areas of
higher H. sculpta abundance. This trade-off between
prey quantity and quality has also been detected in
humpback whales foraging in Antarctica that feed at
depths deeper than where the densest krill patches
occur in order to exploit less dense krill patches that
are likely composed of larger, gravid krill (Cade et al.

2022). While it is unclear how baleen whales differentiate between prey species or reproductive stages,
several mechanisms have been suggested, including
visual and auditory identification (Torres 2017) or
detection via vibrissae (Pyenson et al. 2012). We assume here that gray whales, and other baleen whale
species, can differentiate between prey species. Thus,
our results showcase the importance of knowing the
quality (such as caloric content) of prey items available to predators to understand their foraging ecology (Spitz et al. 2012).
We attempted to overcome the inherent correlation
in the relative estimates of prey abundance and calories through an assessment of gray whale prey selection by prey species individually and with all prey
grouped together. However, a more fine-scale approach could also be achieved through assessment of
prey by reproductive stage since the caloric content
of gravid female mysids examined in this study are
significantly more calorically rich (Hildebrand et al.
2021). Given that mysids aggregate by size class and
reproductive stage (Kaltenberg & Benoit-Bird 2013),
prey patches of gravid individuals are likely more
profitable to foraging gray whales. Furthermore, our
daily prey sampling scale could also have affected
our results, as we acknowledge that the prey community, distribution, and availability may have changed
between the time of prey sampling and the tracked
movements of whales. Therefore, future efforts should
attempt (1) a more refined classification of reproductive stage or age−size class and/or (2) to sample twice
a day, as these improvements could reveal a more
nuanced understanding of whale prey selection.
Our findings of gray whale foraging preferences
relative to prey quality and quantity at a micro scale
could help explain documented variation in PCFG
gray whale body condition (Newell & Cowles 2006,
Lemos et al. 2020, Akmajian et al. 2021), which was
attributed to variable environmental conditions that
can reduce prey abundance (Brodeur et al. 2019) or
quality (Peterson et al. 2017). Furthermore, gray
whales in poor body condition have higher fecal cortisol stress levels (Lemos et al. 2022), showcasing the
physiological consequences of foraging success. Decreased prey quality has resulted in reduced body
condition and fitness (Trites & Donnelly 2003, Cohen
et al. 2014), reproductive failure (Harris et al. 2007,
2008, Grémillet et al. 2008), and population declines
(Crawford et al. 1995, Trites & Donnelly 2003, Ludynia et al. 2010) in a number of other marine predators
and is one of the hypothesized causes of the unusual
mortality event for ENP gray whales (2019−present;
Christiansen et al. 2021, Torres et al. 2022). Variation
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in the quality and quantity of prey available to PCFG
gray whales may be associated with ongoing
declines in kelp forests along the US west coast triggered by a marine heatwave that occurred from
2013−2015 (Rogers-Bennett & Catton 2019, Starko et
al. 2019). While the effects of kelp declines on zooplankton, particularly mysids, are unknown, reduced
kelp habitat frequently causes altered community
species composition (Sanford et al. 2019) and lasting
ecological impacts (Rogers-Bennett & Catton 2019).
Indeed, we noted a sharp decline in kelp abundance
across years in the study area, particularly in the TC
site (L. Torres pers. obs.), which may influence the
zooplankton community given the significant relationship we documented between zooplankton abundance
and kelp habitats. We expect that the null relationship we found between whale foraging and prey in
TC, which contrasts the relationship documented in
MR, is due to kelp declines in TC causing prey abundance to be reduced below the threshold needed for
whales to initiate foraging behavior.
Although our study examined the foraging decisions of PCFG gray whales in a small area (4.7 km2),
the study environment and available prey species
are typical of PCFG foraging habitat across much of
their range (Jenkinson 2001, Feyrer & Duffus 2015,
Scordino et al. 2017), indicating that our results may
extend to the larger region and sub-group. With marine heatwaves predicted to increase in frequency
due to climate change (Frölicher et al. 2018), and our
documented preference of gray whales for feeding
on patches of high relative mysid prey abundance, it
is important to understand how mysid species are
affected by perturbations like marine heatwaves and
kelp losses and the subsequent impacts on gray whale
health (Spitz et al. 2012).
Predator foraging ecology studies often aim to inform conservation management efforts through improved knowledge of habitat use and movement patterns in both terrestrial (e.g. Pettorelli et al. 2010,
Lantschner et al. 2012, Moss et al. 2016) and marine
(e.g. Wells et al. 2018, Southall et al. 2019, Barlow et
al. 2020) systems. Since predators distribute themselves in space and time relative to their prey, improving our understanding of predator choices based
on prey availability metrics, such as selection for higher
quality or quantity, can ultimately improve spatial
management efforts. While simultaneous sampling
of marine predators and multiple prey metrics is
often not feasible at meso or large scales, results from
fine- or micro-scale studies can guide prioritization of
research questions and methods in other studies. For
instance, if gray whales make trade-offs between
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prey quality and quantity, as our results suggest, the
availability of calorically rich mysid species such as
N. rayii and H. sculpta should be studied and monitored across the whole range to understand impacts
on PCFG gray whale population health and dynamics. Our findings illustrate that prey quality plays a
role in shaping foraging decisions of gray whales and
therefore should not be overlooked in foraging ecology studies aimed at understanding movement and
habitat use patterns, especially in the context of conservation management applications. The variability
of prey quality and quantity are particularly salient
when considering the resilience of marine megafauna faced with shifting marine ecosystem dynamics due to climate change (Harley et al. 2006, Hazen
et al. 2013).
Data availability. The data set used in this study is available
upon request to the corresponding author.

Acknowledgements. Funding for this research was provided
by Oregon Coast STEM Hub, Wild Rivers Coast Alliance,
Oregon State University (OSU) Marine Mammal Institute,
OSU Port Orford Field Station, OSU Marine Studies Initiative, and the American Cetacean Society — Oregon Chapter. Data collected for this study were derived from an integrated student and community engagement program to
increase STEM learning and career paths. We thank all high
school, undergraduate, and graduate interns who participated in this project and worked diligently to help collect
data for this study. Finally, thank you to Barney Eredia for
kindly providing access to his property for whale shoresurveys and to Dave Lacey and South Coast Tours for their
generosity with kayak equipment, training, and expertise.

LITERATURE CITED
Agbayani S, Fortune SME, Trites AW (2020) Growth and
development of North Pacific gray whales (Eschrichtius
robustus). J Mammal 101:742−754
Akmajian AM, Scordino JJ, Gearin P, Gosho M (2021) Body
condition of gray whales (Eschrichtius robustus) feeding
on the Pacific Coast reflects local and basin-wide environmental drivers and biological parameters. J Cetacean
Res Manag 22:87−110
Armstrong AO, Armstrong AJ, Jaine FRA, Couturier LIE
and others (2016) Prey density threshold and tidal influence on reef manta ray foraging at an aggregation site on
the Great Barrier Reef. PLOS ONE 11:e0153393
Barlow DR, Bernard KS, Escobar-Flores P, Palacios DM, Torres LG (2020) Links in the trophic chain: modeling functional relationships between in situ oceanography, krill,
and blue whale distribution under different oceanographic regimes. Mar Ecol Prog Ser 642:207−225
Bates DM, Sarkar D (2007) Package ‘lme4’. R package
version 0.99875-9. https://CRAN.R-project.org/package
=lme4 (accessed 21 March 2022)
Brodeur RD, Auth TD, Phillips AJ (2019) Major shifts in pelagic
micronekton and macrozooplankton community struc-

200

Mar Ecol Prog Ser 695: 189–201, 2022

ture in an upwelling ecosystem related to an unprecedented marine heatwave. Front Mar Sci 6:212
Cade DE, Kahane-Rapport SR, Wallis B, Goldbogen JA,
Friedlaender AS (2022) Evidence for size-selective predation by Antarctic humpback whales. Front Mar Sci 9:
747788
Charnov EL (1976) Optimal foraging, the marginal value
theorem. Theor Popul Biol 9:129−136
Christiansen F, Rodríguez-González F, Martínez-Aguilar S,
Urbán J and others (2021) Poor body condition associated with an unusual mortality event in gray whales. Mar
Ecol Prog Ser 658:237−252
Christopoulos DT (2016) inflection: finds the inflection point
of a curve. R package version 1.3.5. https://CRAN.rproject.org/web/packages/inflection/index.html (accessed
21 March 2022)
Citta JJ, Okkonen SR, Quakenbush LT, Maslowski W and
others (2018) Oceanographic characteristics associated
with autumn movements of bowhead whales in the
Chukchi Sea. Deep Sea Res II 152:121−131
Cohen LA, Pichegru L, Grémillet D, Coetzee J, Upfold L,
Ryan PG (2014) Changes in prey availability impact the
foraging behaviour and fitness of Cape gannets over a
decade. Mar Ecol Prog Ser 505:281−293
Crawford RJ, Williams AJ, Hofmeyr JH, Klages NT and others (1995) Trends of African penguin Spheniscus demersus populations in the 20th century. S Afr J Mar Sci 16:
101−118
Darling JD, Keogh KE, Steeves TE (1998) Gray whale
(Eschrichtius robustus) habitat utilization and prey species off Vancouver Island, BC Mar Mamm Sci 14:692−720
Dunham JS, Duffus DA (2001) Foraging patterns of gray
whales in central Calyoquot Sound, British Columbia,
Canada. Mar Ecol Prog Ser 223:299−310
Dunham JS, Duffus DA (2002) Diet of gray whales (Eschrichtius robustus) in Clayoquot Sound, British Columbia,
Canada. Mar Mamm Sci 18:419−437
Feyrer LJ, Duffus DA (2015) Threshold foraging by gray
whales in response to fine scale variations in mysid density. Mar Mamm Sci 31:560−578
Fleming AH, Clark CT, Calambokidis J, Barlow J (2016)
Humpback whale diets respond to variance in ocean climate and ecosystem conditions in the California Current.
Glob Change Biol 22:1214−1224
Frölicher TL, Fischer EM, Gruber N (2018) Marine heatwaves under global warming. Nature 560:360−364
Gailey G, Ortega-Ortiz JG (2002) Computer systems for
photo-identification and theodolite tracking of cetacean.
J Cetacean Res Manag 4:213−218
Goldbogen JA, Calambokidis J, Oleson E, Potvin J, Pyenson
ND, Schorr G, Shadwick RE (2011) Mechanics, hydrodynamics and energetics of blue whale lunge feeding: efficiency dependence on krill density. J Exp Biol 214:131−146
Grémillet D, Pichegru L, Kuntz G, Woakes AG, Wilkinson S,
Crawford RJM, Ryan PG (2008) A junk-food hypothesis
for gannets feeding on fishery waste. Proc R Soc B 275:
1149−1156
Groß J, Virtue P, Nichols PD, Eisenmann P, Waugh CA,
Bengtson Nash S (2020) Interannual variability in the
lipid and fatty acid profiles of east Australia-migrating
humpback whales (Megaptera novaeangliae) across a
10-year timeline. Sci Rep 10:18274
Harley CDG, Hughes AR, Hultgren KM, Miner BG and others (2006) The impacts of climate change in coastal marine systems. Ecol Lett 9:228−241

Harris MP, Beare D, Toresen R, Nøttestad L and others
(2007) A major increase in snake pipefish (Entelurus
aequoreus) in northern European seas since 2003: potential implications for seabird breeding success. Mar Biol
151:973−983
Harris MP, Newell M, Daunt F, Speakman JR, Wanless S
(2008) Snake pipefish Entelurus aequoreus are poor food
for seabirds. Ibis 150:413−415
Haug T, Lindstrøm U, Nilssen KT (2002) Variations in minke
whale (Balaenoptera acutorostrata) diet and body condition in response to ecosystem changes in the Barents
Sea. Sarsia 87:409−422
Hazen EL, Jorgensen S, Rykaczewski RR, Bograd SJ and
others (2013) Predicted habitat shifts of Pacific top
predators in a changing climate. Nat Clim Chang 3:
234−238
Hildebrand L, Bernard KS, Torres LG (2021) Do gray whales
count calories? Comparing energetic values of gray
whale prey across two different feeding grounds in the
eastern North Pacific. Front Mar Sci 8:1008
Hothorn T, Bretz F, Westfall P, Heiberger RM, Shuetzenmeister A, Scheibe S, Hothorn MT (2016) Package ‘multcomp’. R package version 1.4-18. http://ftp5.gwdg.de/
pub/misc/cran/web/packages/multcomp/multcomp.pdf
(accessed 21 March 2022)
Hyrenbach KD, Forney KA, Dayton PK (2000) Marine protected areas and ocean basin management. Aquat Conserv 10:437−458
International Whaling Commission (2011) Report of the Scientific Committee. J Cetacean Res Manag 12:1−75
Jenkinson RS (2001) Gray whale (Eschrichtius robustus)
prey availability and feeding ecology in Northern California, 1999−2000. MSc thesis, Humboldt State University, Arcata, CA
Kaltenberg AM, Benoit-Bird KJ (2013) Intra-patch clustering in mysid swarms revealed through multifrequency
acoustics. ICES J Mar Sci 70:883−891
Lagerquist BA, Palacios DM, Winsor MH, Irvine LM, Follett
TM, Mate BR (2019) Feeding home ranges of Pacific
Coast Feeding Group gray whales. J Wildl Manag 83:
925−937
Lantschner MV, Rusch V, Hayes JP (2012) Habitat use by
carnivores at different spatial scales in a plantation forest
landscape in Patagonia, Argentina. For Ecol Manage
269:271−278
Lemos LS, Burnett JD, Chandler TE, Sumich JL, Torres LG
(2020) Intra- and inter-annual variation in gray whale
body condition on a foraging ground. Ecosphere 11:
e03094
Lemos LS, Olsen A, Smith A, Burnett JD and others (2022)
Stressed and slim or relaxed and chubby? A simultaneous assessment of gray whale body condition and hormone
variability. Mar Mamm Sci 38:801−811
Ludynia K, Roux JP, Jones R, Kemper J, Underhill LG (2010)
Surviving off junk: low-energy prey dominates the diet
of African penguins Spheniscus demersus at Mercury
Island, Namibia, between 1996 and 2009. Afr J Mar Sci
32:563−572
MacArthur RH, Pianka ER (1966) On optimal use of a patchy
environment. Am Nat 100:603−609
Mass A, Supin A (1997) Ocular anatomy, retinal ganglion
cell distribution, and visual resolution in the gray whale,
Eschrichtius gibbosus. Aquat Mamm 23:17−28
Meynier L, Pusineri C, Spitz J, Santos MB, Pierce GJ,
Ridoux V (2008) Intraspecific dietary variation in the

Hildebrand et al.: Gray whale foraging ecology

201

short-beaked common dolphin Delphinus delphis in the
Bay of Biscay: importance of fat fish. Mar Ecol Prog Ser
354:277−287
Moore SE, Waite JM, Friday NA, Honkalehto T (2002) Cetacean distribution and relative abundance on the centraleastern and the southeastern Bering Sea shelf with reference to oceanographic domains. Prog Oceanogr 55:
249−261
Moss WE, Alldredge MW, Pauli JN (2016) Quantifying risk
and resource use for a large carnivore in an expanding
urban-wildland interface. J Appl Ecol 53:371−378
Newell CL, Cowles TJ (2006) Unusual gray whale Eschrichtius robustus feeding in the summer of 2005 off the
central Oregon coast. Geophys Res Lett 33:L22S11
Nickels CF, Sala LM, Ohman MD (2018) The morphology of
euphausiid mandibles used to assess selective predation
by blue whales in the southern sector of the California
Current System. J Crustac Biol 38:563−573
Österblom H, Olsson O, Blenckner T, Furness RW (2008)
Junk-food in marine ecosystems. Oikos 117:967−977
Owen K, Warren JD, Noad MJ, Donnelly D, Goldizen AW,
Dunlop RA (2015) Effect of prey type on the fine-scale
feeding behaviour of migrating east Australian humpback whales. Mar Ecol Prog Ser 541:231−244
Palacios DM, Bailey H, Becker EA, Bograd SJ and others
(2019) Ecological correlates of blue whale movement
behavior and its predictability in the California Current
Ecosystem during the summer−fall feeding season. Mov
Ecol 7:26
Peterson WT, Fisher JL, Strub PT, Du X, Risien C, Peterson
J, Shaw CT (2017) The pelagic ecosystem in the Northern California Current off Oregon during the 2014−2016
warm anomalies within the context of the past 20 years.
J Geophys Res Oceans 122:7267−7290
Pettorelli N, Lobora AL, Msuha MJ, Foley C, Durant SM
(2010) Carnivore biodiversity in Tanzania: revealing the
distribution patterns of secretive mammals using camera
traps. Anim Conserv 13:131−139
Piatt JF, Methven DA (1992) Threshold foraging behavior of
baleen whales. Mar Ecol Prog Ser 84:205−210
Pyenson ND, Goldbogen JA, Vogl AW, Szathmary G, Drake
RL, Shadwick RE (2012) Discovery of a new sensory
organ that coordinates lunge feeding in rorqual whales.
Nature 485:498−501
R Core Team (2020) R: a language and environment for statistical computing (v.3.2.2). R Foundation for Statistical
Computing, Vienna
Rice DW, Wolman AA (1971) The life history and ecology of
the gray whale (Eschrichtius robustus). Special Publication No. 3. American Society of Mammalogists, Stillwater, OK
Rogers-Bennett L, Catton CA (2019) Marine heat wave and
multiple stressors tip bull kelp forest to sea urchin barrens. Sci Rep 9:15050
Rosen DAS, Trites AW (2000) Pollock and the decline of
Steller sea lions: testing the junk-food hypothesis. Can J
Zool 78:1243−1250
Sanford E, Sones JL, García-Reyes M, Goddard JHR,
Largier JL (2019) Widespread shifts in the coastal biota of

northern California during the 2014−2016 marine heatwaves. Sci Rep 9:4216
Scordino JJ, Gosho M, Gearin PJ, Akmajian A, Calambokidis
J, Wright N (2017) Individual gray whale use of coastal
waters off northwest Washington during the feeding season 1984−2011: implications for management. J Cetacean
Res Manag 16:57−69
Southall BL, Benoit-Bird KJ, Moline MA, Moretti D (2019)
Quantifying deep-sea predator−prey dynamics: implications of biological heterogeneity for beaked whale conservation. J Appl Ecol 56:1040−1049
Spitz J, Mourocq E, Leauté JP, Quéro JC, Ridoux V (2010)
Prey selection by the common dolphin: fulfilling high
energy requirements with high quality food. J Exp Mar
Biol Ecol 390:73−77
Spitz J, Trites AW, Becquet V, Brind’Amour A, Cherel Y,
Galois R, Ridoux V (2012) Cost of living dictates what
whales, dolphins and porpoises eat: the importance of
prey quality on predator foraging strategies. PLOS ONE
7:e50096
Starko S, Bailey LA, Creviston E, James KA and others
(2019) Environmental heterogeneity mediates scaledependent declines in kelp diversity on intertidal rocky
shores. PLOS ONE 14:e0213191
Sullivan FA, Torres LG (2018) Assessment of vessel disturbance to gray whales to inform sustainable ecotourism.
J Wildl Manag 82:896−905
Torres LG (2017) A sense of scale: foraging cetaceans’ use of
scale-dependent multimodal sensory systems. Mar
Mamm Sci 33:1170−1193
Torres LG, Read AJ, Halpin P (2008) Fine-scale habitat modeling of a top marine predator: Do prey data improve
predictive capacity? Ecol Appl 18:1702−1717
Torres LG, Orben RA, Tolkova I, Thompson DR (2017) Classification of animal movement behavior through residence in space and time. PLOS ONE 12:e0168513
Torres LG, Barlow DR, Chandler TE, Burnett JD (2020)
Insight into the kinematics of blue whale surface foraging through drone observations and prey data. PeerJ 8:
e8906
Torres LG, Bird CN, Rodriguez-Gonzales F, Christiansen F
and others (2022) Range-wide comparison of gray whale
body condition reveals contrasting sub-population health
characteristics and vulnerability to environmental change.
Front Mar Sci 9:867258
Trites AW, Donnelly CP (2003) The decline of Steller sea
lions Eumetopias jubatus in Alaska: a review of the nutritional stress hypothesis. Mammal Rev 33:3−28
Villegas-Amtmann S, Schwarz LK, Sumich JL, Costa DP
(2015) A bioenergetics model to evaluate demographic
consequences of disturbance in marine mammals applied to gray whales. Ecosphere 6:183
Wells RJD, TinHan TC, Dance MA, Drymon JM and others
(2018) Movement, behavior, and habitat use of a marine
apex predator, the scalloped hammerhead. Front Mar Sci
5:321
Wood S (2018) Package ‘mgcv’. R package version 1.8-39.
https://CRAN.r-project.org/web/packages/mgcv/mgcv.
pdf (accessed 21 March 2022)

Editorial responsibility: Peter Corkeron,
Woods Hole, Massachusetts, USA
Reviewed by: C. Ryan and 1 anonymous referee;
a previous version was reviewed in MEPS by
L. Feyrer, J. Scordino and 1 anonymous referee

Submitted: April 18, 2022
Accepted: June 29, 2022
Proofs received from author(s): August 9, 2022

