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Abstract
Understanding the fine-scale movements and habitat use patterns of marine predators is critical for identifying important
foraging habitat and guiding effective conservation planning. Here, GPS loggers were used to track chick-rearing Cassin’s
auklets (Ptychoramphus aleuticus) at their largest breeding colony, located on Triangle Island, British Columbia, Canada
(50°51′35″N; 129°4′34″W). Analyses were conducted at both the individual and population level to assess whether interannual variation in habitat use (2014, 2015, and 2017) could be explained by dynamic oceanographic features, such as sea
surface temperature (SST) and chlorophyll a concentrations, or by static bathymetric features. At both scales of analyses,
the foraging behaviour of Cassin’s auklets was most strongly influenced by SST. At the individual level, birds spent more
time foraging in areas with lower SST, relative to other areas visited over the course of a foraging trip. At the population
level, the at-sea distribution of Cassin’s auklets varied across years, with birds using areas northwest of colony in 2014 and
areas west of the colony in 2015 and 2017. Furthermore, the probability of foraging across the study area was higher in areas
with lower SST, suggesting that SST influences the broad-scale foraging distribution of Cassin’s auklets. Identification of
the environmental drivers of habitat use across multiple years can be used to help in predicting suitable at-sea habitat across
time, leading to more effective conservation management.

Introduction
Many seabird populations are decreasing, and at-sea threats
include incidental bycatch in fisheries, pollution, depleted
prey populations, and climate change (Croxall et al. 2012;
Trathan et al. 2014; Paleczny et al. 2015). The establishment
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of marine protected areas (MPAs) has emerged as a promising tool to protect seabirds and their foraging habitats from
these anthropogenic threats (Pichegru et al. 2010; Ludynia
et al. 2012). However, the likelihood that MPAs will successfully protect such highly mobile top predators depends
on sound scientific information regarding seabird foraging
movements and drivers of habitat use (Green et al. 2015).
Marine environments are vast and spatially heterogeneous,
and habitats can be characterised in terms of static features (e.g. bathymetry), and dynamic features (e.g. fronts,
upwelling plumes) which can vary over space and time
(Thomson 1981; Mann and Lazier 2006). Static features
can be important predictors of seabird habitat use because
they reflect the habitat preferences of their prey (e.g. Watanuki et al. 2008). Additionally, static features can be important because they interact with dynamic features, such as
winds and currents, to generate oceanographic conditions
that enhance primary productivity (reviewed in Hazen
et al. 2013). Generally, ocean productivity increases when
cold, nutrient-rich water is brought to the surface, which
supports phytoplankton blooms (Mann and Lazier 2006).
Phytoplankton blooms, in turn, can support dense aggregations of zooplankton and upper trophic-level consumers
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which then attract top predators (Genin 2004; Ainley et al.
2009; Grecian et al. 2016). However, the spatial and temporal predictability of productivity varies based on underlying
oceanographic processes, such that static features may only
be important under certain conditions (reviewed in Hazen
et al. 2013). Therefore, seabird habitat use may be better
explained by dynamic features because they can provide
more immediate cues about ocean productivity and potential foraging gains.
Given the complexity of oceanographic processes and
the absence of information on the abundance and distribution of prey, conservation biologists require simpler tools
to identify habitat for species of interest (Oppel et al. 2012;
McGowan et al. 2013). For seabirds, one increasingly common approach is to link tracking data to bathymetric and
remotely-sensed environmental characteristics that indicate oceanographic processes. Tracking studies have demonstrated that, for some species, foraging is concentrated
near continental shelves, slopes, and seamounts where the
complex bathymetry brings cold, nutrient-rich water to the
surface (e.g. black petrels Procellaria parkinsoni—Freeman
et al. 2010; little auks Alle alle—Amélineau et al. 2016).
Similarly, the foraging areas of many seabird species can
also be predicted by dynamic features, such as low sea surface temperatures (SST), high salinity, high chlorophyll a
concentrations (hereafter, chlorophyll a), and high chlorophyll a anomalies, which are all signatures of upwelling
and primary productivity (Ainley et al. 2009; Paiva et al.
2010; Suryan et al. 2012, Grémillet et al. 2014; Grecian et al.
2016). Similarly, other seabirds have been found to forage in
areas with high SST and chlorophyll a gradients, suggesting
that ocean fronts are important habitats for these species
(Cape gannet Morus capensis—Sabarros et al. 2014; northern gannet Morus bassanus—Scales et al. 2014). Given the
importance of dynamic features to seabirds, the designation
of MPAs requires multiyear data to assess the relative stability of foraging areas and identify biologically important
candidate regions for protection.
The Cassin’s auklet (Ptychoramphus aleuticus) is a
zooplanktivorous alcid distributed widely throughout the
northeastern Pacific Ocean. The marine habitat requirements of Cassin’s auklets remain one of the least resolved
aspects of its biology and most research to date comes from
the southern margins of its breeding distribution. In the
southern California Current System (CCS), foraging Cassin’s auklets associate with bathymetric features, such as
shelf-breaks and seamounts, that promote primary production and dense aggregations of their main prey, Euphausia
pacifica and Thysanoessa spinifera (‘euphausiids’; Adams
et al. 2004). Birds breeding on the Channel Islands, California, have also been found to forage in cool, high-chlorophyll waters (Adams et al. 2010). However, little is known
about the habitat preferences of Cassin’s auklets breeding in
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British Columbia, Canada, where 75% of the global population nests on just a handful of island colonies (Rodway and
Lemon 2011). Here, Cassin’s auklets occupy the Transition
Zone, an oceanographic domain between the upwelling CCS
and the downwelling Alaska Gyre System. In the Transition
Zone, foraging Cassin’s auklets prey primarily on the subarctic, oceanic copepod species Neocalanus cristatus, and
reproductive success is lower when they must instead rely on
euphausiids (Hedd et al. 2002; Hipfner 2008, 2009). Given
these differences in oceanography and diet, it is unknown
how the habitat use of Cassin’s auklets in the Transition
Zone might differ from that of birds breeding in the CCS.
Furthermore, Cassin’s auklets have been assessed as a species of ‘Special Concern’ by the Committee on the Status of
Endangered Wildlife in Canada (COSEWIC), making this
information critical for conservation efforts in their core
breeding range (COSEWIC 2014).
Here, we investigated the habitat preferences of Cassin’s auklets breeding at the world’s largest colony of this
species, located at Triangle Island in British Columbia,
Canada (Rodway 1991). Specifically, we used GPS tracking
technology to investigate the habitat use of Cassin’s auklets foraging during the chick-rearing period, during which
time they are foraging both to feed themselves and to collect prey to deliver back to the nest. Our objective was to
determine whether static and/or dynamic oceanographic
features explain individual and population level patterns of
habitat use. At the individual level, we used a time-in-area
approach to look at the influence of oceanographic features
on the amount of time individual birds spent in an area, relative to other areas visited over the course of their foraging
trip. At the population level, we modelled the influence of
oceanographic features on the probability of foraging within
a grid cell of the study area, as well as the intensity of use of
a grid cell. We predicted that Cassin’s auklets would prefer
deeper waters and sloping bathymetries (e.g. the continental
shelf-break) where upwelling is more likely to occur. We
also predicted that they would prefer areas with relatively
low SST and high chlorophyll a, reflecting both productive,
recently upwelled water, and the preferred thermal habitat
of the subarctic copepod N. cristatus (Mackas et al. 2001).

Methods
Study species
Cassin’s auklets (Ptychoramphus aleuticus) breed on offshore islands from the Aleutian Islands, Alaska, to Baja
California, Mexico. They have high breeding site fidelity, are
socially monogamous, and exhibit nocturnal colony attendance (Ainley et al. 2011). A single-egg clutch is laid in an
earthen burrow and the male and female alternate incubation
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duties every 24 h (Manuwal 1974a). Chicks are semi-precocial at hatching and require brooding for 3–6 days (Manuwal
1974a). During this period, the male and female alternate
between brooding and foraging, exchanging roles each night.
Once the chick is capable of thermoregulation, both parents
forage at sea during the day. While foraging, Cassin’s auklets
dive from the surface of the water and propel themselves
with their wings in pursuit of prey. They are capable of diving to 40 metres depth, but spend most of their time within
the top 10 m of the water column (Burger and Powell 1990;
Manugian et al. 2015). Bouts of diving are interspersed with
periods of rest, causing extensive spatial overlap between
these two behaviours (Thoresen 1964; Manugian et al.
2015). Undigested prey intended for the chick is stored in a
sac-like extension of the buccal cavity (the “gular pouch”),
and is delivered during a single, nightly visit to the burrow
(Manuwal 1974a; Speich and Manuwal 1974).
While still numerically abundant, Cassin’s auklets have
become a species of conservation concern because they are
sensitive to changes in ocean climate that impact the availability and abundance of their zooplankton prey (Wolf et al.
2009, 2010; COSEWIC 2014). Ocean conditions, including
large-scale ocean climate events such as El Niño Southern
Oscillation, have been linked to decreased adult survival,
decreased reproductive success, and mass mortality events

Fig. 1  Foraging trips of chick-rearing Cassin’s auklets in 2014 (green,
n = 7), 2015 (blue, n = 8), and 2017 (red, n = 9) recorded via GPS
logger. Location of Triangle Island is indicated by the black star, the

(Hipfner 2008; Wolf et al. 2009, 2010; Morrison et al. 2011;
Jones et al. 2018). Ocean temperatures and the frequency of
extreme climate events are expected to increase due to climate change (Cai et al. 2014), and population models predict
that Cassin’s auklets will continue to decrease throughout
their range (Wolf et al. 2010).

Study site
Triangle Island (50°51′35″N; 129°4′34″W), the outermost
island of the Scott Islands archipelago, is located approximately 45 km northwest of Cape Scott, Vancouver Island
(Fig. 1). The waters surrounding Triangle Island lie in the
Transition Zone, where the North Pacific Current bifurcates
into the northward Alaska Current and the southward California Current. In the winter, southeasterly winds dominate
the region and direct surface currents northward along the
coast (Thomson 1981). In the spring, the weakening of the
Aleutian Low results in a transition to northwesterly winds
and southward surface currents (Thomson 1981). The southward surface currents generate weak upwelling along the
coast and spring phytoplankton blooms. The productivity
of the surrounding waters allows Triangle Island to support
British Columbia’s largest and most diverse seabird colony.
Notably, during the last comprehensive survey in 1989, the

boundary of the Scott Islands Marine National Wildlife Area is outlined in black, and depth contours (m) are shown in greyscale
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Cassin’s auklet population on Triangle Island was estimated
at 500,000 pairs (Rodway 1991). To protect the marine habitat of breeding seabirds on Triangle Island, the Canadian
federal government has recently designated the surrounding
waters as the Scott Islands Marine National Wildlife Area.

Oceanographic conditions during the study
Cassin’s auklet reproductive success is correlated with
oceanographic conditions, with higher reproductive success
in years of cooler SST, when they have great access to Neocalanus cristatus (Hipfner 2008). During the 3 years of our
study, oceanographic conditions for Cassin’s auklets were
favourable in 2014 and 2017, and unfavourable in 2015 due
to an anomalous warm water mass. The warm water mass
(known as “The Blob”) formed in the central Gulf of Alaska
in the autumn of 2013, but did not initially affect British
Columbia’s waters. In 2014, the intensity of upwelling along
British Columbia’s coast was normal, and spring SST was
slightly cooler than average (Chandler et al. 2015). In the
autumn of 2014, the warm water mass moved eastward
towards the coastline (Jones et al. 2018). SST along the British Columbia coast increased to 3.5 degrees Celsius above
average and remained anomalously high until 2015 (Jones
et al. 2018). In 2017, there was a return to normal upwelling
intensity and cooler SST, in part due to La Niña conditions
in the equatorial Pacific during the preceding winter (Chandler et al. in prep).

Field methods
We deployed GPS loggers on Cassin’s auklets nesting in
West Bay, Triangle Island in mid-May of 2014, 2015, and
2017. Deployments occurred when chicks were 1–4 days
old, during which time they require constant brooding, to
maximise the likelihood of retrieving GPS loggers. We first
excavated and mapped Cassin’s auklet burrows during the
incubation period to identify occupied burrows suitable for
GPS deployment. We then checked occupied burrows for
signs of hatching every 3–4 days. When a chick was encountered, we removed the attending adult from the burrow. We
banded the adult with a stainless steel band and measured
its wing cord (± 1 mm), bill depth (± 0.1 mm), and mass
(± 2 g). We assigned sex based on bill depth, where birds
with a bill depth > 9.9 mm were classified as male, and birds
with a bill depth of < 9.5 mm were classified as female; birds
with a bill depth between 9.5 and 9.9 mm were classified as
unknown sex (Knechtel 1998). We then attached a URIA
68 GPS-UHF logger (Ecotone Telemetry, Gdynia, Poland)
to the mantle feathers using waterproof tape (TESA #4651,
TESA, Hamburg, Germany). Finally, we applied a small
amount of waterproof superglue at the end of the tape to
secure the logger. The combined mass of GPS logger and
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tape was 5.0 g, corresponding to 3.0% of the body mass of
the lightest adult. We then returned the adult to the burrow, usually within 15 min of capture. The GPS loggers
recorded the position and instantaneous speed of the bird
every 2–5 min of the duration of the bird’s subsequent foraging trip. Due to the consistency with which birds returned to
their burrows, we did not rely on the remote downloading
function of the GPS loggers. Instead, we re-checked the burrow 2 days later when the tagged bird was expected to have
returned. Upon recapture, we removed the GPS logger and
returned the bird to its burrow.

Environmental data
To investigate whether Cassin’s auklet habitat use was
influenced by environmental characteristics, we obtained
data on 5 static and 2 dynamic variables for the waters
surrounding Triangle Island. The static habitat variables
included in our analyses were distance from the nearest
coastline (DISTcoast), water depth, seafloor slope, distance
to the 200 m isobath (DIST200), and distance to the 1000 m
isobath (DIST1000). We calculated D
 ISTcoast from coastline
data downloaded from the BC Freshwater Atlas (https://
catalo gue.data.gov.bc.ca/dataset/freshwater- atlas- coast
lines) . We derived the remaining static variables from
water depth data downloaded from the British Columbia
Marine Conservation Analysis (http://bcmca.ca/datafeatur
es/eco_physical_bathymetry/) at 100 × 100 m resolution.
The dynamic habitat variables we included in our analysis
were chlorophyll a and SST. We used chlorophyll a data
collected by the Aqua Moderate Resolution Imaging Spectroradiometer (MODIS) satellite, downloaded as 8-day
composite images with 4 km resolution from the NASA
Ocean Colour website (http://oceancolor.gsfc.nasa.gov/).
Persistent cloud cover during the exact period of GPS
tracking resulted in incomplete satellite images over the
study area; so, we instead used the last complete composite image taken prior to the tracking period. For 2014 and
2015, this was the composite for the 8-day period starting
May 1st, and for 2017 this was May 9th. We used SST data
from the Multi-scale Ultra-high Resolution Sea Surface
Temperature (MUR SST) dataset. MUR SST is a blended
dataset produced by the NASA Jet Propulsion Laboratory
(https://podaac.jpl.nasa.gov/dataset/MUR-JPL-L4-GLOBv4.1) using multiple satellite sensors and in situ observations. We downloaded daily images at 1 km resolution for
May 15–21 in 2014, May 9–15 in 2015, and May 10–22 in
2017 using the Marine Geospatial Ecology Tool (MGET)
for ArcGIS 10.3 (Roberts et al. 2010). For each date of
tracking, we created a weekly SST composite spanning
the 7 days up to and including the day of tracking. We created each composite by averaging the SST values over the
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7-day period. Finally, we resampled all environmental rasters to match the extent and resolution of the chlorophyll
a dataset (4 × 4 km), which had the coarsest resolution.

Track processing
We conducted all analysis in R Statistical Environment
(version 3.4.0, R Core Team 2017). We processed GPS
tracks to represent a single foraging trip per individual
using the package ‘adehabitatLT’ (Calenge 2006). We first
removed positions in close proximity to the colony, where
Cassin’s auklets do not forage, by excluding points within
500 metres of the West Bay. Using linear interpolation,
we then interpolated a new position every 1 min along the
GPS track, increasing the number of points in our dataset
from 3363 to 30,698. Interpolation was necessary to correct for unequal sampling frequencies between individuals
(2 min vs 5 min), as well as temporal gaps in the data that
were likely the result of poor satellite reception during
periods of increased diving activity (i.e. foraging). Therefore, without interpolation, foraging locations would be
under-represented in our dataset.

Description of individual foraging trips
For each foraging trip, we calculated the following trip
descriptors: maximum distance from the colony (km), total
distance travelled (km), trip duration (min), and the proportion of time spent in the outer third of the foraging trajectory.
We also used path segmentation to describe the number of
bouts of flying and foraging/resting during foraging trips
(Grémillet et al. 2004; McLeay et al. 2010). First, we determined the speed threshold between these two behaviours by
examining the frequency distribution of instantaneous flight
speeds, which revealed a bimodal distribution separated
at ~ 5 m s−1 (see Electronic Resource Figure S1). The mode
consisting of speeds > 5 m s−1 represents flying between
feeding areas. The remaining positions represent foraging
and/or resting, because Cassin’s auklets forage by diving
from the surface of the water. We were unable to distinguish between resting locations and foraging locations, but
resting and foraging occur in similar areas (Manugian et al.
2015). Using a sliding window, we then identified behavioural change-points between successive relocations when
the speed threshold of 5 m s−1 was crossed (Edelhoff et al.
2016). Resulting path segments were identified as “foraging/
resting” if the speeds were below 5 m s−1, and as “flying” if
the speeds were above 5 m s−1. For each foraging trip, we
then calculated: the total number of flying bouts, the mean
duration of flying bouts, and the mean duration of foraging/
resting bouts.
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Individual‑based and population‑based analysis
We used two approaches to examine the habitat use of Cassin’s auklets over the 3 years. First, we used a time-in-area
approach to look at the influence of environmental variables on the amount of time individual birds spent in an area
(Warwick-Evans et al. 2015). Given that Cassin’s auklets
display nocturnal colony attendance, daily foraging trips
among individuals were approximately the same duration
(mean ± SD = 1134 ± 41 min, n = 17). Therefore, we modelled the absolute time spent in an area, rather than the
proportion of time, which allowed us to include incomplete
foraging tracks in our analyses (e.g. the proportion of time
spent in an area would be higher for incomplete foraging
trips because the length of the data series is shorter, biasing
the data). For each individual, we overlaid the interpolated
GPS track onto a grid of cells matching the resolution and
extent of the environmental data (i.e. 4 × 4 km). We calculated the number of minutes spent in each visited cell by
summing the number of GPS locations falling within it. We
then extracted the values of each habitat variable for each of
the visited cells. We used Linear Mixed Models (LMMs),
with individual as a random effect, to model the log number
of minutes spent in a cell as a function of environmental variables (candidate models described below). We used a logtransformation of the response variable rather than a negative-binomial Generalised Linear Mixed Model (GLMM), so
that we could include a spatial correlation structure using the
linear-modelling package ‘nlme’ (Pinheiro et al. 2018). We
pooled data between the sexes because we found no significant differences in any of the foraging trip descriptors (t
test, p values > 0.2). Furthermore, a post hoc addition of an
interaction with sex did not improve the models.
In our second modelling approach, we pooled foraging
locations by year and conducted population-based analyses of habitat use within the study area. First, we identified
likely foraging locations as those points associated with a
travel speed < 5.0 m s−1. For each year, we pooled the foraging locations and overlaid them on a grid of the study area,
which we defined as the minimum convex polygon (MCP)
encompassing all GPS locations recorded over the 3 years
of the study. Grid cells that contained at least one foraging
location were coded as ‘1’ (presence), whereas all other cells
were coded as ‘0’ (absence). Of the cells coded as ‘1’, we
then calculated the number of minutes of use by summing
the total number of interpolated locations falling within it.
We then extracted static and dynamic environmental data
for each cell in the study area. Our first model used binomial GLMMs, with year as a random effect, to model the
presence or absence of foraging in relation to environmental
variables using the R package ‘lme4’ (Bates et al. 2015). We
included an additional term, the autocovariate, in our model
to control for spatial autocorrelation. The autocovariate
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expresses how much the response variable at any one cell
reflects the response value in surrounding cells. We used a
second-order neighbourhood (5 × 5 moving window) to calculate the autocovariate term at each focal cell (Crase et al.
2012). Our second model used LMMs to model the log of
the number of minutes of use (‘intensity of use’) in relation
to habitat. We included year as a random effect and a spatial
correlation structure following the same protocol outlined in
the individual-based analysis.
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Table 1  Candidate models used to test the influence of static and
dynamic environmental variables on the habitat use of Cassin’s auklets
Model type
Excluding DISTcolony
Dynamic variables

Static variables

Candidate models and model selection
For both the individual-based and population-based analyses, environmental variables were first checked for collinearity by calculating all pairwise Pearson’s correlation
coefficients (Zuur et al. 2007). Significant correlations
(r > 0.6) were found between the following pairs: D
 ISTcoast
and DISTcolony, and water depth and DIST200. We, therefore,
excluded DISTcoast and DIST200 from subsequent analyses.
Finally, environmental variables were standardised by subtracting the mean and dividing by two standard deviations
so that the coefficients could be directly compared (Schielzeth 2010). We constructed a set of candidate models a
priori to investigate the relative importance of static habitat
variables, dynamic variables, and the combination of static
and dynamic variables. Our candidate model set included
every possible combination of the two dynamic variables
(i.e. SST, chlorophyll a, and SST*chlorophyll a), and every
possible combination of the three static variables ( DIST1000,
depth, and slope). We also included a model with all five
habitat variables. We also hypothesised a priori that centralplace foraging would constrain habitat selection, such that
birds would prefer areas closer to the colony. Therefore,
we included the same models as mentioned previously, but
with the addition of distance from the colony (DISTcolony) as
a main effect and as an interaction term, measured using the
coordinates of West Bay, Triangle Island (50°51′42.030″N;
129°05′14.316″W). A full list of candidate models is shown
in Table 1. Model selection was based on Akaike’s information criterion (AICc) and Akaike weights (wi) (Burnham and
Anderson 2002). We identified the most parsimonious model
as the model with the lowest AICc. We then calculated
ΔAICc for each model as the difference in AICc between
that model and the most parsimonious model.
For the individual-based analysis and the ‘intensity of
use’ population-based analysis, models included a spatial
correlation structure. We compared Gaussian, exponential,
linear, rational quadratic, and spherical correlation structures
in the top model using ΔAICc, and found that the rational
quadratic correlation structure provided the best fit. We subsequently added this correlation structure to all candidate
models and repeated AICc model selection.

13

Static and dynamic variables
Including DISTcolony
Dynamic Variables

Static Variables

Static and dynamic variables

Parameters
SST
Chlorophyll
SST + chlorophyll
Depth
Slope
DIST1000
Depth + slope
Depth + DIST1000
DIST1000 + slope
Depth + DIST1000 + slope
SST + chlorophyll + depth + DIST1000 + slope
DISTcolony
SST * DISTcolony
Chlorophyll * DISTcolony
(SST + chlorophyll) * DISTcolony
Depth * DISTcolony
Slope * DISTcolony
DIST1000 * DISTcolony
(Depth + slope) * DISTcolony
(Depth + DIST1000) * DISTcolony
(DIST1000 + slope) * DISTcolony
(Depth + DIST1000 + slope) *
DISTcolony
(SST + chlorophyll + depth + DIST1000 + slope)
* DISTcolony

Model performance
We validated the final models from each analysis by plotting
the Pearson’s residuals against the predicted values and against
each response variable included in the model. To assess model
performance, we calculate the marginal R2, which describes
the variance explained by the fixed effects, and the conditional
R2, which describes the variance explained by both the fixed
and random effects (Nakagawa and Schielzeth 2013). To facilitate comparison with other studies, we also calculated the
percent deviance explained by each model relative to an intercept-only model (e.g. 100 × [(deviancenull − deviancemodel)/
deviancenull]).
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Results

Individual‑based time‑in‑area analysis

Description of individual foraging trips

Four models in the candidate set examining how much
time an individual spent in a 4 × 4 km cell received strong
support (AICc < 2.0; Burnham and Anderson 2002;
Table 3). The top-ranked model (ΔAICc = 0, wi = 0.21)
included the dynamic variable SST (β = − 0.38, 95% CI
= − 0.71 to − 0.05), along with DISTcolony (β = 0.48, 95%
CI = 0.23 to 0.74) and their interaction (SST:DISTcolony:
β = − 0.37, 95% CI = − 0.84 to 0.10), and received approximately four times the support of our null model (Table S2).
The top model indicated that as SST decreased, Cassin’s
auklets spent more time in a cell, and that this effect was
stronger at greater distances from the colony (Fig. 2a). At
a distance of 50 km, corresponding to two-thirds the maximum distance for an average foraging trip, an increase in
SST from 10.2 to 11.2 °C was estimated to decrease the
amount of time spent foraging in a cell from 14.7 to 9.1 min.
At 75 km (the mean maximum distance), an increase in SST
from 10.2 to 11.2 °C was estimated to decrease the amount
of time spent in a cell from 21.3 to 9.0 min.
Two of the strongly supported models included the
static variable slope (Table 3). One of these models,
which included the variables slope (β = 0.17, 95% CI =
0.03 to 0.21), DISTcolony (β = 0.45, 95% CI = 0.19 to 0.70),
and their interaction (β = 0.12, 95% CI = − 0.34 to 0.57),
received almost identical support to the top-ranked model
(ΔAICc = 0.39, wi = 0.17). This model indicated that Cassin’s auklets spent more time in cells where the underlying bathymetry had a greater slope, and that the effect was
stronger at greater distances from the colony (Fig. 2b). At
50 km from the colony, as the bathymetry changed from a
relatively shallow slope of 4° to a steeper slope of 24°, the
amount of time spent in a grid cell increased from 10.9 to
16.9 min. At 75 km from the colony, the amount of time
spent in a grid cell increased from 13.5 to 24.3 min over
the same temperature range. Lastly, two of the strongly

Over the three breeding seasons of the study (i.e. years),
we recorded 24 individual foraging trips by Cassin’s
auklets (Ptychoramphus aleuticus), obtained from ten
females, eight males, and six birds of unknown sex. The
basic trip characteristics for each individual are summarised in Table S1. All trips proceeded as follows: colony
departure occurred on average at 0423 h, shortly before
sunrise. Upon departure, birds travelled quickly away
from the colony, reaching two-thirds of their maximum
distance (average maximum distance = 75.0 km) from the
colony in just 180 min. They spent about 65% of the trip
time in the most distal third of the route. Birds returned
on average at 2310 h, 107 min after sunset, having been
away 1134 min and having travelled on average 189.9 km
in an elongated loop. During the trip they made on average 14 landings, alternating 67.3 min on the surface (presumably resting and foraging) with 15.4 min of flying.
These attributes did not differ between the sexes nor the
three study years, and the summary data for all tracks are
presented in Table 2. However, the predominant direction
of trips varied among the years. In 2014, Cassin’s auklets
travelled north-northwest of Triangle Island and foraged
over the shallower waters of the continental shelf. In contrast, Cassin’s auklet in 2015 and 2017 generally travelled westward to the continental shelf-slope and beyond
(Fig. 1). In all 3 years, some Cassin’s auklets travelled
to areas outside the boundaries of the MPA, particularly
when individuals travelled northwest of the colony in
2014. In 2014, 5 of 7 birds travelled to areas outside the
MPA, while 3 of 8 and 5 of 9 travelled to areas outside
the MPA in 2015 and 2017, respectively (see Figure S2).

Table 2  Summary data for
GPS tracks obtained from
24 individual chick-rearing
Cassin’s auklets at Triangle
Island, British Columbia (n = 7
for 2014, n = 8 for 2015, and
n = 9 for 2017)

Foraging trip descriptor

Average

SD

Range

n

Departure from colony, local time
Departure, minutes before sunrise
Maximum distance from colony (km)
Minutes to reach 2/3 maximum distance
Percent time in outer 1/3 of distance
No. foraging/resting bouts
Flying bout duration (min)
Rest/feeding bout duration (min)
Return to colony, local time
Return, minutes after sunset
Duration of trip (min)
Total distance travelled (km)

0423 h
82
75.0
180
65.2
14.4
15.4
67.3
2310 h
107
1134 (18.9 h)
189.9

28 min
28
26.1
75
10.6
4.7
8.0
20.7
38 min
37
41
56.8

0339 h–0521 h
32–129
38.5–113.5
69–301
33.3–81.4
9–25
5.6–35.2
29.9–111.3
2241–0053 h
74–205
1062–1212
93.6–285.3

24
24
24
17
17
17
17
17
17
17
17
17
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Table 3  Models of Cassin’s
auklet habitat use during early
chick-rearing at Triangle Island
in 2014, 2015, and 2017

Marine Biology (2018) 165:177
Parameters

K

AICc

ΔAICc wi

% deviance
explained

Number of minutes spent in a cell (Individual-based analysis)
8 3476.5 0.0
0.21 4.61
SST * DISTcolony
8 3476.9 0.4
0.17 4.60
Slope * DISTcolony
8 3478.3 1.7
0.09 4.56
DIST1000 * DISTcolony
0.08 4.67
(DIST1000 + slope) * DISTcolony 10 3478.3 1.9
6 3479.3 2.7
0.05 4.42
DISTcolony (null)
Probability of foraging in a cell (population-based analysis)
6 1338.2 0
0.65 44.7
SST * DISTcolony
4 1343.3 5.16
0.05 44.5
DISTcolony (null)
Intensity of use (population-based analysis)
SST
6 1415.2 0.0
0.18 3.28
0.14 3.82
(SST + chlorophyll) * DISTcolony 10 1415.4 0.5
SST + chlorophyll
7 1416.3 1.1
0.10 3.35
8 1416.2 1.1
0.10 3.49
SST * D
 ISTcolony
8 1416.7 1.6
0.08 3.46
DIST1000 * DISTcolony
6 1420.1 4.8
0.02 2.95
DISTcolony (null)

Marginal R2 Conditional R2

0.07
0.04
0.04
0.04
0.03

0.19
0.13
0.09
0.10
0.13

0.23
0.18

0.23
0.18

0.005
0.027
0.003
0.004
0.016
0.007

0.005
0.027
0.003
0.004
0.016
0.007

Only strongly supported models are reported (ΔAICc < 2.0) and null models for comparison. All models
predicting the number of minutes spent in a cell include individual as a random effect (n = 24) and a spatial
correlation structure. All logistic models predicting the probability of foraging in a cell include a spatial
autocovariate and year as a random effect (n = 3). All models predicting the intensity of use include year
as a random effect (n = 3) and a spatial correlation structure. We report: K = number of parameters estimated, AICc = Akaike’s Information Criterion, ΔAICc = the differences between the AICc of each model
and the model with the lowest AICc score, wi = likelihood of each model relative to all other models in
the candidate set, % deviance explained = deviance explained relative to the intercept only model, marginal
R2 = marginal pseudo-R2, and conditional R2 = conditional pseudo-R2 (Nakagawa and Schielzeth 2013)

Fig. 2  Conditional relationships between a sea surface temperature
(°C), and b seafloor slope (degrees above horizontal), and the predicted number of minutes spent in a cell using the two best-supported
models. Red line shows the relationship when distance to the colony

(DISTcolony) is held constant at 50 km, blue line shows the relationship when D
 ISTcolony is held constant at 75 km. Bands indicate the
95% confidence intervals

supported models included the static variable D
 IST1000: the
model including DIST1000, DISTcolony, and their interaction
(ΔAICc = 1.73), and the model including DIST1000, slope,

and their interactions with DISTcolony (ΔAICc = 1.87). Both
models indicated that Cassin’s auklets spent more time in
cells that were closer to the 1000 m isobath, and that the
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effect was stronger at greater distances from the colony.
However, these two models received considerably less support than the models including the variables SST or slope
(wi = 0.09 and 0.08, respectively).
Unexpectedly, we found a positive effect of D
 ISTcolony in
all supported models. Controlling for other environmental
variables, Cassin’s auklets spent more time in cells further
away from the colony. Overall, our results suggest that one
dynamic variable—SST, and one static variable—slope,
are the most important environmental variables predicting
time spent in a cell, but model performance was low. In the
top-ranked model, which included SST, D
 ISTcolony, and their
interaction, the conditional R2 explained 19% and the marginal R2 explained 7% of the variation. In the second-ranked
model, which included slope, DISTcolony, and their interaction, the corresponding values were 13% and 4%.

Population‑based analysis
Only one model in the candidate set examining the probability of foraging within a grid cell received strong support (AICc < 2.0, Table S3). The top-ranked model included
the dynamic variable SST (β = − 0.5, 95% CI = − 0.82 to
− 0.19), DISTcolony (β = 0.4, 95% CI = 0.08 to 0.72), and
their interaction (SST:DISTcolony: β = − 0.15, 95% CI =
− 0.8 to 0.49). This model received over 13 times the support of our null model and over seven times the support of
the next ranked model (wi = 0.65, Table S3). This model
indicated that as SST increased, the probability of foraging
within a grid cell decreased, and that this effect was stronger
at greater distances from the colony (Fig. 3a). At 50 km from
the colony, as SST increased from 10.4 to 11.4 °C, the probability of foraging in a grid cell was predicted to decrease
from 8.5% to 4.1%. While at 75 km from the colony, as SST
increased from 10.4 to 11.4 °C, the probability of foraging
in a grid cell was predicted to decrease from 10.8 to 4.6%.
Model performance was moderate; both the marginal and
conditional R2 explained 23.4% of the variation. The predicted probability of foraging over the study area in each
year is shown in Fig. 4. The areas with the highest probability of foraging in 2014 were located northwest of the
colony, with several hotspots falling outside the boundaries
of the MPA. In 2015 and 2017, the areas with the highest
probability of foraging occurred west of the colony, but only
in 2015 did these areas largely fall within the boundaries.
Five models in the candidate set examining the intensity of use within a grid cell received strong support
(AICc < 2.0). The four highest-ranked models included
the dynamic variable SST, and indicated that Cassin’s auklets spent more time foraging in grid cells with lower SST.
These models received five–nine times the support of our
null model (Table S4). In the top-ranked model (AICc = 0,
wi = 0.18), which only included the variable SST (β = − 0.45,

Fig. 3  Conditional relationships between sea surface temperature
(°C) and a the predicted probability of foraging in a grid cell, and b
the predicted number of minutes spent foraging in a grid cell using
the top-ranked model from each population-based analysis, respectively. In a, the red line shows the relationship when distance to the
colony (DISTcolony) is held constant at 50 km, and the blue line shows
the relationship when DISTcolony is held constant at 75 km. Band indicates the 95% confidence interval

95% CI − 0.82 to − 0.09), an increase in SST from 10.4 to
11.3 °C was predicted to decrease the number of minutes
spent foraging in a grid cell from 25.8 to 11.4 min (Fig. 3b).
Two of the five strongly supported models included the
dynamic variable chlorophyll a, including a model with a
similar level of support to the top-ranked model (AICc = 0.5,
wi = 0.14). Both models indicated that Cassin’s auklets spent
more time foraging in grid cells with higher chlorophyll a.
Finally, one of the strongly supported models included the
static variable D
 IST1000. This model indicated that Cassin’s
auklets spent more time foraging near the 1000 m isobath,
but received less than half the support of the top-ranked
model (AICc = 1.6, wi = 0.08). Overall, the model competition suggests that dynamic variables are the most important predictors of intensity of use, with the variable SST
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receiving the most support. However, model performance
was poor; the marginal and conditional R2 explained 0.5%
of the response for the top-ranked model, and 2.7% of the
response for the second-ranked model.

Discussion
Using three years of GPS tracking data, our study provides
new insights into the fine-scale movements and habitat use
patterns of Cassin’s auklets (Ptychoramphus aleuticus)
breeding at Triangle Island, the world’s largest colony of
this species. First, we found yearly changes in the spatial distribution of Cassin’s auklets, where birds either used areas
northwest of the colony over the continental shelf (2014), or
west of the colony towards the shelf-break (2015 and 2017).
Second, we found that Cassin’s auklets foraged at considerable distances from Triangle Island, with foraging trips
routinely taking them outside the boundaries of the Scott
Islands Marine National Wildlife Area. Finally, our analyses, conducted using both individual-based and populationbased approaches, indicated that Cassin’s auklets preferred
areas with cooler waters. Our results, therefore, suggest that
habitat use by Cassin’s auklets breeding at Triangle Island
is influenced more by dynamic habitat variables than static
habitat variables.

Foraging range and distribution

Fig. 4  Predicted probability of foraging over the study area in a 2014, b 2015,
and c 2017 in relation to the proposed Scott Islands Marine National Wildlife
Area (outlined in black). The study area (shaded) was defined as the minimum convex polygon (MCP) encompassing all GPS locations recorded over
the three years of the study. The top model used to generate predicted values
included sea surface temperature (SST), distance to the colony ( DISTcolony), the
autocovariate, and the interaction between SST and D
 ISTcolony

13

In our study, movements of Cassin’s auklets mirrored those
reported by Boyd et al. (2008), who used aerial radiotelemetry to relocate breeding individuals from Triangle Island
while they were foraging at sea. They found that Cassin’s
auklets used areas westward of the colony in 1999 and 2000,
but areas northwest of the colony in 2001. While we verified
that these are the main foraging areas, we also found that
Cassin’s auklets travelled farther from the colony than previously estimated. In the radiotelemetry study, Cassin’s auklets
were, on average, 55 km away from Triangle Island at the
time they were relocated by fixed-wing aircraft (Boyd et al.
2008). However, estimates of foraging range were likely
influenced by time of day (i.e. incoming or outgoing locations), survey duration, and aircraft range. In contrast, our
fine-scale tracking showed that the mean maximum distance
from the colony was 75 km and that Cassin’s auklets spent
65% of their time in the most distal third of their foraging
trip. This suggests that the extent of the at-sea area used
by Cassin’s auklets has been previously under-estimated,
particularly when considering individual time-budgets. Our
results also show that birds frequently used habitat outside
the boundaries of the Scott Islands Marine National Wildlife
Area, and that birds travelled furthest beyond these boundaries when using areas northwest of the colony (e.g. in 2014).

Marine Biology (2018) 165:177

Environmental predictors of habitat use
Using modelling approaches at two different scales of analysis, we found that the foraging patterns of Cassin’s auklets were best predicted by the dynamic variable SST. The
individual-based analysis provided evidence that Cassin’s
auklets spent more time in areas with lower SST, suggesting that SST directly or indirectly influences their decision
to forage in an area, relative to other areas encountered over
the course of a foraging trip. Furthermore, the populationbased analyses provided evidence that foraging was more
likely to occur in areas with lower SST, suggesting that SST
is related to the observed changes in the foraging distribution
of Cassin’s auklets between years. The mechanism generating the association between Cassin’s auklets and cooler SST
is unknown, but we hypothesise that it is indirectly caused
by the effect of SST on the distribution and abundance of
their zooplankton prey. Other alcids, which are primarily
visual predators, have been found to return to medium-sized
patches where prey have previously been encountered, and
then use fine-scale search patterns or local enhancement to
locate prey aggregations (Regular et al. 2013). We speculate
that Cassin’s auklet do the same, primarily using experience
and memory to return to productive foraging areas.
SST may be an important predictor of both the broadand fine-scale distribution of the Cassin’s auklet’s prey for
two reasons, which are not mutually exclusive. First, temperature may determine the spatial distribution of their
ectothermic prey, such as Neocalanus cristatus, a subarctic
copepod species that is abundant in subarctic water masses
(Mackas et al. 2001; Keister et al. 2011). Second, cooler
SST may also be indicative of recently upwelled, nutrientrich waters that can support dense aggregations of zooplankton. Previous research has found that aggregations of
the three main prey species taken by Cassin’s auklets—N.
cristatus, and the euphausiids Thysanoessa spinifera and
Euphausia pacifica—are all more likely to be found in areas
of upwelling (Mackas et al. 1997; Marinovic et al. 2002;
Santora et al. 2011). In support of this second hypothesis,
Manugian et al. (2015) found that Cassin’s auklets breeding in the CCS foraged in recently upwelled waters, which
were also shown to have higher abundances of euphausiids.
In addition, we found that the relationship with SST was
stronger at greater distances from the colony in both the
individual and the population level analyses. This result was
unexpected, but could be driven by depressed prey populations in proximity to the colony (Ashmole’s halo; Ashmole
1963; Lewis et al. 2001). Alternatively, the effect of distance
could be an indication that individuals are relying on local
enhancement and previous foraging experience to return to
productive foraging areas (Irons 1998; Regular et al. 2013).
Cassin’s auklet foraging patterns were not strongly predicted by the dynamic variable chlorophyll a. We predicted
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that if Cassin’s auklets breeding on Triangle Island targeted
recently upwelled water, we would find that foraging activity would be higher in areas with lower SST and higher
chlorophyll a. However, chlorophyll a and SST were not
correlated, and we only found limited evidence that chlorophyll a predicted habitat use. Models including chlorophyll
a received some support in the population-based analysis of
the intensity of grid cell use, but no support in the analysis
of the probability of grid cell use, nor in the individual-based
analysis. This was unexpected, given that research in the
CCS has found that Cassin’s auklets target areas of enhanced
upwelling (Manugian et al. 2015) and primary productivity (Adams et al. 2010). The chlorophyll a estimates we
obtained may have failed to predict foraging patterns for at
least two reasons. First, satellite-derived chlorophyll a has
several methodological drawbacks: it does not detect potentially important phytoplankton blooms below the surface,
data loss due to cloud cover is common, and there can be a
lag between phytoplankton and zooplankton blooms (Suryan
et al. 2006, 2012; Gregg and Casey 2007). Second, we were
unable to obtain chlorophyll a over the exact period of GPS
tracking, and this temporal discrepancy may have obscured
a relationship with Cassin’s auklet habitat use.
Contrary to our predictions, we also found that the atsea habitat use of Cassin’s auklets was poorly explained by
static features. We found some evidence that seafloor slope
influenced habitat use, with individuals spending more time
in areas with more sloping bathymetry relative to other areas
visited during individual foraging trips. However, when we
looked at the characteristics of foraging areas relative to the
entire available area (population-based analyses), we found
no evidence that seafloor slope, water depth, or DIST1000
influenced the likelihood that a given area would be used.
Our results contrast with previous work in the CCS which
found that sea floor bathymetry is a strong predictor of at-sea
densities of Cassin’s auklets. For example, Nur et al. (2011)
found that the abundance of Cassin’s auklets throughout the
CCS was best predicted by seafloor slope and distance to
the shelf-slope (1000 m isobath). Similarly, studies of Cassin’s auklets breeding on the Channel Islands, California,
have found that birds used areas close to seamounts and to
the shelf-break (Adams et al. 2004, 2010). Our contrasting
results might be due to differences in the foraging ecology of
Cassin’s auklets breeding at Triangle Island versus those in
the CCS. At Triangle Island, the population of Cassin’s auklets is estimated at 500,000 pairs (versus 50,000 pairs at the
largest colony in the CCS, Manuwal 1974b; Lee et al. 2007),
and density-dependent competition might cause foraging
birds to disperse over a large area and use less preferable
habitats. It is also possible that the wider dietary breadth of
Cassin’s auklets at Triangle Island, which includes N. cristatus (offshore species, Mackas et al. 2001) and euphausiids
(shelf species, Mackas et al. 1997), causes them to exploit a
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wider range of bathymetries. Alternatively, these differences
might be due to the more variable oceanographic conditions
around Triangle Island compared with the other Cassin’s
auklet colonies studied in the CCS. In our study region, zooplankton are usually transported seaward of the shelf due
to upwelling and westward currents that move over Cook
Bank. However, inter-annual variation in local currents, the
strength of upwelling, and even individual weather events
within a season, can change the rate and direction of transport (Mackas and Coyle 2005). In this case, zooplankton
might be transported onto the continental shelf from their
preferred habitats in deeper water and might explain why N.
cristatus (an oceanic species) was abundant in diet samples
in 2014 (Triangle Island Research Station, unpubl. data),
even though birds were found foraging shoreward of the
shelf-slope.

Model performance
While still in its infancy, predictive habitat modelling is
a promising tool for the identification of suitable at-sea
habitat, ensuring that key areas are protected (Louzao et al.
2012). We tested whether biologically relevant and widely
available environmental characteristics influenced Cassin’s auklet habitat use. All approaches indicated that SST
was the most important predictor, but we found that model
performance varied among individual and population level
approaches. The individual-based analysis evaluating the
number of minutes spent in a grid cell had low performance,
with the studied environmental variables explaining 7% of
the observed variation. Individuals explained a large portion of the observed variation (fixed and random effects
explained 19% of the variance), which is unsurprising given
our small sample sizes and the structure of the data. In the
population-based analysis, we found that the analysis evaluating the probability of foraging within a grid cell explained
23% of the variance, while the analysis evaluating the intensity of grid cell use only explained 0.005% of the variance.
One possibility is that our sample size was adequate to detect
drivers of broad-scale (presence/absence) habitat use, but
was too small to detect relationships with the intensity of
grid cell use. Alternatively, there may be different biotic
and abiotic factors determining the potential for an area to
have prey (i.e. the probability that foraging will occur there),
versus the profitability of an area (i.e. where birds should
spend more time). For instance, the location of prey in the
water column, the size of the prey patch, and the presence
of conspecifics could all influence how actively an area is
used during our relatively short tracking period. Marginal
and conditional R2 values were identical showing that year
did not affect the observed relationships between environmental variables and foraging. Higher model performance
using presence–absence modelling techniques suggests that
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this type of habitat model could be used to predict the broadscale distribution of Cassin’s auklets among years. Model
performance could nonetheless be improved. This could
be achieved by exploring potential temporal lags between
physical forcing, primary production, and zooplankton,
or by investigating the importance of additional oceanographic processes, such as the location of persistent fronts
and eddies.
The extent to which habitat models can be used in seabird
conservation depends on their predictive power, and other
studies generally report favourable performance (Paiva et al.
2015; Avalos et al. 2017; Ponchon et al. 2017). However,
our results are difficult to compare to other studies for two
reasons. First, other studies generally model each year of
data independently, either due to limitations of the modelling
approach or to determine if environmental drivers of habitat
use differ among years (e.g. Deppe et al. 2014; Robertson
et al. 2014; Avalos et al. 2017). However, such an approach
may be less informative for management because predictive habitat modelling requires knowledge of the environmental variables that can reliably predict habitat use across
time. Second, there are currently a diversity of performance
metrics such as Area Under the Receiver Operating Characteristic (ROC) Curve (AUC; Avalos et al. 2017), percent
deviance explained (Scales et al. 2014), and cross-validation
(Scales et al. 2016). Among these approaches, cross-validation is the most robust method because it compares model
predictions to a subset of withheld data; however, this also
makes it difficult to implement in studies like ours that have
relatively small sample sizes. Overall, we suggest also that
future studies take a multi-year modelling approach to evaluate the robustness of sea-bird habitat associations across
time (i.e. Green et al. 2015; Warwick-Evans et al. 2018), and
when possible, assess performance using cross-validation.

Management implications
In this study, we demonstrate that foraging distributions
can vary dramatically over time, highlighting that effective
conservation of seabirds requires multiple years of tracking
data to better inform the establishment of MPA boundaries.
Furthermore, our results suggest that habitat use in some
seabirds is best predicted by dynamic ocean features such
as SST, rather than bathymetric features. The use of remote
sensing should, therefore, be explored as a means of evaluating changes in critical habitat. The influence of dynamic
ocean features also highlights the potential utility of creating dynamic MPAs using predictive habitat models. While
dynamic MPAs have not yet been implemented, advocates
suggest that boundaries which track the movement of optimal habitat over time could be more successful at meeting
conservation goals (Hooker et al. 2011), especially with
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projected changes in oceanographic conditions due to climate change.
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