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Abstract

There is worldwide concern about the status of elasmobranchs, primarily as a result of over-
fishing and bycatch with subsequent ecosystem effects following the removal of top preda-
tors. Whilst abundant and wide-ranging, blue sharks (Prionace glauca) are the most heavily
exploited shark species having suffered marked declines over the past decades, and there
is a call for robust abundance estimates. In this study, we utilized depth data collected from
two blue sharks using pop-up satellite archival tags, and modelled the proportion of time the
sharks were swimming in the top 1-meter layer and could therefore be detected by observ-
ers conducting aerial surveys. The availability models indicated that the tagged sharks pre-
ferred surface waters whilst swimming over the continental shelf and during daytime, with a
model-predicted average proportion of time spent at the surface of 0.633 (SD = 0.094) for
on-shelf, and 0.136 (SD = 0.075) for off-shelf. These predicted values were then used to
account for availability bias in abundance estimates for the species over a large area in the
Northeast Atlantic, derived through distance sampling using aerial survey data collected in
2015 and 2016 and modelled with density surface models. Further, we compared abun-
dance estimates corrected with model-predicted availability to uncorrected estimates and to
estimates that incorporated the average time the sharks were available for detection. The
mean abundance (number of individuals) corrected with modelled availability was 15,320
(CV=0.28)in 2015 and 11,001 (CV =0.27) in 2016. Depending on the year, these esti-
mates were ~7 times higher compared to estimates without the bias correction, and ~3
times higher compared to the abundances corrected with average availability. When the sur-
vey area contains habitat heterogeneity that may affect surfacing patterns of animals,
modelling animals’ availability provides a robust alternative to correcting for availability bias
and highlights the need for caution when applying “average” correction factors.
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Introduction

Blue sharks (Prionace glauca) are considered to be one of the most abundant pelagic shark spe-
cies, with one of the most extensive distributions of all elasmobranchs, ranging from 60°N to
50°S in tropical and temperate waters [1]. Data from tagging studies suggest that blue sharks
are highly migratory, with trips of up to tens of thousands of kilometres [2,3], and show evi-
dence of sex and size segregation [3,4]. Blue sharks are also the most heavily exploited shark
species, being caught mainly as bycatch in the longline and drift-net fisheries for tuna and
swordfish [5,6], but they are also targeted by commercial and recreational fisheries [7,8]. Like
all large elasmobranchs, blue sharks are especially vulnerable to overfishing and bycatch due to
their comparatively low reproductive rates and therefore decreased potential for population
recovery [9]. Data on the stock status of the Atlantic population indicate severe and rapid
regional declines [7,10] as well as a large overall decline in the Northwest Atlantic [11], sup-
porting the listing of blue shark as ‘“Threatened’ by the International Union for Conservation
of Nature (IUCN) Red List. However, as data from other areas of its range are lacking or have
high levels of uncertainty, the species is currently listed overall as ‘Near Threatened’ [12].

Stock assessments for sharks are typically done as a relative index of abundance, or catch-
per-unit-effort (CPUE;, e.g. [13-15]), using landings or bycatch data. This approach can be
problematic as most bycatch remains poorly reported [16-18]. In addition, further difficulties
arise due to differential selectivity of the fishing gear [19]. However, recent efforts have been
made to derive more reliable estimates of abundance for a number of shark species using non-
fishery related methods including photo-identification [20], and aerial survey abundance esti-
mation of whale sharks (Rhincodon typus [20]), basking sharks (Cetorhinus maximus [21]),
lemon sharks (Negaprion brevirostris [22]) and giant devil rays (Mobula mobular [23]).

As with all shark species, blue sharks spend time at depth (e.g. [24,25]), with patterns of ver-
tical movements varying with time of day [26], reproductive status [3], location in stratified
off-shelf or well-mixed coastal waters [2], or between individuals [2,25]. The variation in diel
depth preferences within the water column and the fact that blue sharks may only spend a por-
tion of their time at the surface makes them unavailable for detection by observers from aerial
survey platforms for an unknown proportion of the survey effort. If not accounted for in abun-
dance estimation, this availability bias may lead to severe underestimation of their numbers.
To our knowledge, only two previous studies on elasmobranchs have accounted for the bias
resulting from the observation process (perception bias), as well as for availability bias [21,23].
Here we derive the first unbiased abundance estimate for blue sharks in a large area of the
Northeast Atlantic by combining aerial survey data and distance sampling methodology
[27,28] with models of availability for detection from tagging data. This is the first attempt to
account for spatial and temporal variability in surfacing behaviour of sharks to derive an unbi-
ased large-scale abundance estimate for blue sharks that could be used in regional stock
assessment.

Materials and methods
Survey design and abundance data collection

The data for the abundance estimation were collected during aerial surveys from a Britten-
Norman BN-2 Islander fixed-wing aircraft equipped with bubble windows, with two observers
located on either side of the plane. The plane was flown at an over ground speed of 90 knots
(167 km/h) and an altitude of 183 m. Transect lines were designed to provide equal coverage
probability for the survey area, and consisted of equally spaced randomly placed zig-zag lines
(Fig 1). The transects were positioned differently for each year of survey, 2015 and 2016, to
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Fig 1. Aerial survey transects flown in the Irish Exclusive Economic Zone in 2015 (solid thin line) and 2016 (dashed lines). Note the added inshore tracks flown in

2016 only.

https://doi.org/10.1371/journal.pone.0203122.9001

allow for more representative coverage of the study area and to avoid assumptions around ani-
mal distribution. The tracks were surveyed twice per year, once in the summer (May-July)
and once in the winter (November-March), in both years (S1 Table).

During the aerial surveys, the plane’s geographic position was recorded every two seconds
using an onboard GPS linked to a data logging computer. Observers recorded information on
the Beaufort sea state, glare extent and severity, cloud cover, “subjective” sighting conditions
(classified by the observers on each side as “good”, “moderate” or “poor”), water turbidity and
surface reflectance at the beginning of each line and upon any change in the survey conditions.
The observers searched an area extending out to 500 m from the plane’s trackline, and, upon
detection of a shark, the perpendicular distance to the sighted animal was measured using cli-
nometers when the animal was abeam of the aircraft. Sighting time, observation cue, behaviour
of the animal, species identity and group size were also recorded.

Environmental data acquisition

A spatial grid of resolution 0.10 x 0.06 decimal degrees (latitude x longitude) was created to
cover the survey area, and physical and environmental variables were retrieved from different
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sources (see S2 Table) using the centre point of each grid cell and, for dynamic variables, for
each season separately. Variables included water depth (m), slope index, and distances to
shore and to the 200 m depth contour (latter as a proxy for distance to the continental shelf
edge). Sea surface temperature (SST, C°), mixed layer depth (m) and chlorophyll-a concentra-
tion (mg m™) were included as indices of marine hydrology and primary productivity. These
variables were included in the abundance models to investigate their effect on the derived
abundance of blue sharks following Canadas and Hammond [29] and to predict the abun-
dance over the survey area. As the tagging was done at a different time to the aerial surveys,
the monthly means (with standard deviation) of SST and chlorophyll-a concentration across
the entire area where the aerial surveys were conducted were plotted in order to investigate
whether different environmental conditions prevailed during the tagging and the aerial sur-
veys (see S1 Fig). The SST and chlorophyll-a data were retrieved as monthly composites from
NASA website (https://oceancolor.gsfc.nasa.gov/cgi/l3) and the summary statistics were
extracted in R.

Blue shark depth data collection

All tagging procedures were approved by the Animal Experimentation Ethics Committee of
University College Cork, and the blue sharks used in this study were tagged under licenses
AE191130/1007 and AE19130/P002 issued by the Irish Health Products Regulatory Authority,
compliant with the EU Directive 2010/63/EU for scientific research on animals.

The blue sharks were captured on rod and line by expert anglers using barbless non-offset
circle hooks which minimises hook damage to the shark and highly reduces the chance of deep
hooking. The hooks were “set” as soon as the sharks took the bait (mackerel) and were landed
as quickly as possible to minimise the chance of exhaustion from the struggle. Stress to the ani-
mal once on deck was minimised by placing a flow of sea water into the shark’s mouth to
ensure a continuous supply of oxygen to the gills for the duration of the procedure, which
lasted no longer than 15 minutes.

Two blue sharks used in this study, a sub-adult female (shark A) and a juvenile of unknown
sex (shark B), were fitted with popup satellite archival tags, or PSATs (MK10, Wildlife Com-
puters, Redmond, WA, USA), in September 2010 and September 2012, respectively, approxi-
mately 20 km south of Cork, Co. Cork, Ireland. The tags were attached by placing a 20 cm
long rubber sleeved monofilament tether (250 Ib. test) through a single perforation made with
a stainless steel drill (4 mm diameter) and were programmed to release after 120 days (shark
A) and 70 days (shark B). The tags are positively buoyant, and trailed behind the swimming
sharks during the deployment. PSATs are used to track large-scale movements and behaviour
of marine animals whose surfacing times are too short to allow real-time transmission of data
to the ARGOS-satellite system. Instead, data on depth, temperature and light intensity are col-
lected during the deployment and sent to the satellite on release. PSATs were configured to
record data in depth bins in 6-hour intervals (i.e., the data were recorded as the proportion of
time spent during the six hours in different depth bins, for example, at depths of 0-1 m, 1-5
m, or 5-10m, and so on). Light intensity data was available for shark B only; the most likely
swimming path was reconstructed for this shark by calculating geolocation trajectories (see S2
Fig).

Modelling time at the surface

Data collected over the first two days after the tag deployment were removed to exclude any
abnormal behaviour caused by the stress from tagging. We modelled the availability for detec-
tion as the proportion of time that tagged sharks spent in surface waters (0-1 m depth) during
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each six-hour time bin, and examined whether the time of day (morning or afternoon) or the
sharks’ location (on-shelf versus off-shelf) had an impact on time at the surface. Since PSATs
do not directly record geographic position and no light intensity data was available for shark
A, it was assumed that this shark was no longer swimming in continental shelf waters once its
diving behaviour changed and it started to make dives to depths greater than 150-200 m.
However, the reconstructed track for shark B showed that this shark stayed within the conti-
nental waters throughout the tagging period (S2 Fig). Time was entered in the model as a fac-
tor consisting of just two of the four six-hour bins (06:00-12:00 and 12:00-18:00) because the
aerial survey abundance data were collected during daylight hours. Since the response variable
(availability) was proportional and included some zero and one values (0 or 100% time spent
at the surface), we chose to model availability with a zero-one inflated beta distribution using
R-package ‘zoib’ [30]. This package uses Bayesian inference with Markov Chain Monte Carlo
(MCMC) sampling to simultaneously estimate the linear predictor (average time spent at the
surface), and the probability of event of 1 (100% time at the surface) and 0 (0% time at the sur-
face) [30]. We included shark ID as a random variable in the model, and accounted for tempo-
ral autocorrelation by dividing the data into daily blocks; therefore, the random variable in the
models was an interaction term shark ID*Day. After testing for multi-collinearity between the
covariates by calculating Generalized Variation Inflation Factors (GVIFs) [31] the candidate
models were run with 50,000 MCMC iterations and 5,000 burn-in, with three independent
chains per model. Convergence of the chains was confirmed by inspecting trace plots and
potential scale reduction factor values. We compared the candidate models (with different fac-
tor combinations) using Deviance Information Criterion (DIC) values [32], and predictions of
availability across grid cells covering the entire survey area were made using the best model.
Predictions accounted for whether cells occurred either on or off the continental shelf (defined
by average depth of under or over 150 m, respectively). Time of day was not included in pre-
dictive models as this could not be extrapolated beyond surveyed grid cells.

In addition, the R-package ‘GAMLSS’ [33] was used to model and visualize the proportion
of time spent in the surface layer (0-1 m) by individual sharks. Similar to the zoib-model, this
method handles proportional data (beta distribution) with zero and one values, but applies
maximum likelihood instead of using Bayesian inference. The proportion of time spent at the
surface was modelled as a function of time (observation), position (on-shelf or off-shelf) and
time-bin (00:00-06:00, 06:00-12:00, 12:00-18:00 or 18:00-24:00). This approach was used
mainly for its visualization possibilities that were unavailable in the zoib-package, and not for
the predictions of availability due to the GAMLSS models including the random factor shark
ID*Day failing to converge after several attempts.

Abundance estimation

Abundance of blue sharks in the survey area was estimated separately for the summers of 2015
and 2016 using generalized additive models (GAMs) [34] and applying distance sampling
methodology [28]. Firstly, bias in the observation process was quantified by estimating a detec-
tion function in R-package ‘Distance’ [35] based on the distances to the sighted animals, as
well as including the potential effect of different factor variables on the detection probability:
sea state, glare intensity, subjective conditions, turbidity and cloud cover. In order to fulfil the
minimum observations required for fitting a detection function (n = 60 [27]), the detection
function was derived using the detections of blue sharks and ‘unidentified sharks’ but not
including basking sharks due to their significantly larger size, and therefore better detectability,
compared to blue sharks. These observations of ‘unidentified sharks’ were likely to be blue
sharks but in order to avoid inflating the abundance estimates, they were only used to estimate
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the detection function and were then excluded from the abundance models. Detection func-
tions of different term compositions were compared with Akaike’s Information Criterion
(AIC) values after confirming goodness-of-fit from quantile-quantile plots and Cramér-von
Mises test statistic [36,37].

Once the best detection function was determined, density surface models (GAMs) were run
using R-package ‘dsm’ [38] to predict the abundance of blue sharks for each grid cell of the sur-
vey area. We tested the effect of a combination of sighting location (interaction of x and y
coordinates) and different covariates (depth, slope index, distance to shore, distance to the 200
m depth contour, chlorophyll-a, SST and mixed layer depth) on the observed count of blue
sharks using a Tweedie error distribution with a log-link due to overdispersion in the data.
Instead of correcting for availability after running the GAM, which often leads to larger overall
variation in the final abundance estimate when an additional source of variation is added on
top of the variation in the detection and count processes ([21,39]), availability for detection
was entered directly into the density surface GAM by dividing the number of animals in an
effort segment by their availability [38]. The estimated counts were thus scaled up if availability
was <1. We modelled the abundance of blue sharks with three different measures of availabil-
ity bias, 1) setting availability to 1, i.e. not applying any correction for availability; 2) setting
availability to 0.41, the average time spent at the surface by both sharks during the tag deploy-
ment; and 3) setting availability as a vector of predicted mean availabilities for each grid cell
depending on its location “on-shelf” or “off-shelf” based on the Bayesian zoib-model. The
models were run with ‘REML’ as the fitting engine and leaving the gamma parameter at its
default value (y = 1.4) in order to avoid overfitting. The best fitting model was determined
using shrinkage, where terms are selected out from the model as they are penalized to the zero
function [40]. The fit of the models was confirmed by inspecting residual Q-Q plots, heterosce-
dasticity was checked by plotting the spread of the residuals to the linear predictors, and auto-
correlation function plots were inspected for any autocorrelation in the data. Abundance for
the study area was predicted with all three models including different measures of availability.

Results
Survey effort

Altogether 16,797 km of survey effort was flown during the summer and winter surveys in
2015-2016 (S1 Table). In the second year, 2016-2017, the survey effort totalled 20,387 km due
to surveying an additional inshore area off the Irish coast (Fig 1). Twenty blue sharks were
sighted in the summer 2015, and 35 were observed in the summer of 2016. No blue sharks
were sighted during the winter surveys; therefore, their abundance was estimated only for the
summers 2015 and 2016.

Time at the surface

GVIFs of <1.5 indicated no collinearity between the co-variates in the availability models. The
model including a random term consisting of shark ID and day, along with the fixed co-vari-
ates ‘shelf and ‘time bin’, was selected as the best model based on the negative difference in the
DIC values (-10.76) when compared to a model including only the random term and the fixed
factor ‘shelf’. Plotting the observed response to the model-predicted mean values indicated a
reasonable fit of this model (S3 Fig). Both factors ‘shelf and ‘time bin’ had a significant effect
on the linear predictor (mean proportion of time spent by sharks at the surface); time at the
surface increased whilst on shelf and reduced during the hours of 12:00-18:00 (Table 1). The
probability of sharks spending 100% of the time at the surface increased during the afternoon
(Table 1). The predicted mean availability (proportion of time spent on surface) was 0.633
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Table 1. Posterior inferences of the coefficients (on the logit-scale) in the best Bayesian zero-one-inflated beta distribution model on blue sharks’ proportion of
time spent at the surface (0-1 m). The first model component estimates the mean (linear predictor) in the model, and the second and third component the probability of
zero and one, respectively. The factor levels ‘off shelf and ‘time bin’ 2 (06:00-12:00) are the baseline values in the model and are included in the intercept. Time bin 3 is the
time period 12:00-18:00.

Model component Effect Estimate SE 2.5% quantile 97.5% quantile
logit(mean) Intercept -1.110 0.005 -1.570 -0.686*
as.factor(Shelf)—on 1.889 0.006 1.386 2.407*
as.factor(Time bin) - 3 -0.236 0.003 -0.464 -0.013*
logit(Pr(y = 0)) Intercept -0.364 0.007 -0.939 0.208
as.factor(Shelf)—on -5.757 0.031 -8.799 -3.828*
as.factor(Time bin) - 3 0.643 0.009 -0.118 1.419
logit(Pr(y = 1)) Intercept -71.576 0.863 -160.022 -17.622*
as.factor(Shelf)—on 34.001 0.662 -0.438 102.495
as.factor(Time bin) - 3 32.529 0.648 0.714 103.489*
d 1.828 0.004 1.509 2.120*
o 1.273 0.006 0.817 1.815*

d—Regression coefficient in the linear predictor for the sum of the two shape parameters in the beta distribution
o—Posterior mean of the variance of the random effect

* indicates a significant difference when the quantile range does not overlap zero

https://doi.org/10.1371/journal.pone.0203122.t001

(SD = 0.094) for ‘on shelf, and 0.136 (SD = 0.075) for ‘off shelf’ with this Bayesian model.
These predicted values were used in the abundance models to correct for availability bias.
From the GAMLSS models run separately for each shark, the best model explaining the
time spent at the surface for shark A included a cubic smooth of time (running observation),
as well as factor variables ‘time bin’ and ‘shelf’ (AIC: -56.14). The next best model included the
same terms and also an interaction between ‘shelf and ‘time bin’ (AIC: -52.95). All the terms
in the best model for shark A were significant (Table 2) and the relationship of the response
with each term is presented in Fig 2. Shark A spent proportionally more time at the surface
during the 50-60 first observations (~15 days) after which it started to spend more time at
deeper depths (Fig 2A). Proportion of time spent at the surface was significantly higher whilst
on shelf (Table 2, Fig 2B), and during daytime, i.e. between the hours of 06:00 and 18:00
(Table 2, Fig 2C). Shark B never made dives to depth >200 m and it was assumed, based on
the recreated path (S2 Fig), that it never left the shelf waters. Therefore, the time at the surface
was modelled only using two co-variates, observation and time bin. The best GAMLSS-model
included both of these terms (AIC: -31.81) and their effect on the response are presented in
Table 3 and Fig 3. Similar to shark A, shark B spent proportionally the most time in the surface
waters during the first 50-60 observations after which it started spending more time in deeper

Table 2. Coefficients, their standard errors (SE), t-values and significance of the terms in the best GAMLSS-model explaining the mean proportion of time spent at
0-1m by shark A. The factor levels ‘off shelf and ‘time bin’ 1 (00:00-06:00) are the baseline values in the model and are included in the intercept. Time bin 2 = 06:00-
12:00, 3 = 12:00-18:00 and 4 = 18:00-24:00.

Model terms Estimate SE t-value Pr(>|t])

Intercept -0.7120 0.2344 -3.0380 0.0026
cs(observation) -0.0125 0.0014 -9.1770 <0.001
as.factor(Shelf)—on 0.4102 0.2179 1.8830 0.0609
as.factor(Time bin) - 2 0.8226 0.1789 4.5990 <0.001
as.factor(Time bin) - 3 0.9025 0.2011 4.4880 <0.001
as.factor(Time bin) - 4 0.3444 0.1658 2.0770 0.0388

https://doi.org/10.1371/journal.pone.0203122.t1002
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depths (Fig 3A). shark B also spent significantly less time at the surface during night time
(00:00-06:00) and most time at the surface during the morning hours (06:00-12:00) (Fig 3B).

Abundance estimation

The detection function, including an index of cloud cover, was determined as the best model
to explain the variation in the detection probability of sharks (Table 4, Fig 4). While the AIC
value for this model was the second lowest, this model was chosen based on its better fit to the
data (Cramer-von-Mises p = 0.544) compared to the model with the lowest AIC (Cramer-von-
Mises p = 0.098).

In 2015, the best model for the abundance of blue sharks included the two-dimensional spa-
tial smooth and the covariate ‘distance to 200 m contour’, with and without accounting for
availability bias. These two co-variates explained little over a quarter of the variation in blue
shark abundance with a deviance of 26.3% in all three models. In 2015, the predicted mean
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Table 3. Coefficients, their standard errors (SE), t-values and significance of the terms in the best GAMLSS-model explaining the mean proportion of time spent at
0-1m by shark B. The factor level ‘time bin’ 1 (00:00-06:00) is the baseline value and included in the intercept. Time bin 2 = 06:00-12:00, 3 = 12:00-18:00 and 4 = 18:00-

24:00.

Model terms
Intercept
cs(observation)
as.factor(Time bin) - 2
as.factor(Time bin) - 3

as.factor(Time bin) - 4

Estimate SE t-value Pr(>|t])
0.9659 0.1922 5.0260 | <0.001
-0.0049 0.0009 -5.3110 | <0.001
0.6792 0.1856 3.6600 | <0.001
0.2605 0.1988 1.3110 0.1911
0.2592 0.1997 1.2980 0.1955

https://doi.org/10.1371/journal.pone.0203122.t003

abundance of blue sharks in the whole study area was 2,218 (CV = 0.24, 95% CI: 1,394-3,532)
without correcting for availability bias, 5,412 (CV = 0.24, 95% CI: 3,400-8,616) with average
bias correction, and 15,320 (CV = 0.28, 95% CI: 9,011-26,046) with the model-predicted bias
correction (Fig 5A).

In 2016, the best uncorrected model and the model corrected with average availability
included the spatial component and the co-variates ‘slope index’, ‘distance to shore’ and ‘Chl-
a’, with these terms explaining 34.9% of the variation in blue shark abundance. The predicted
uncorrected abundance throughout the study area was 3,577 (CV = 0.21, 95% CI: 2,374~
5,389), and with the model corrected with average availability it was 8,724 (CV = 0.21, 95% CIL:
5,790-13,144). With model-predicted availability bias, the best abundance model included the
spatial smooth and the terms ‘slope index’ and ‘distance to shore’, with 43.5% deviance
explained. With this model, the predicted mean blue shark abundance for the whole study area
was 11,001 (CV = 0.27, 95% CI: 6,553-18,471) (Fig 5B).
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Fig 3. Partial residual plots (on the logit-link scale) of the significant co-variates in the best GAMLSS model for time
spent at the surface for shark B. Estimated relationship between the response and (A) time (observation), and (B) time bin
(1 =00:00-06:00, 2 = 06:00-12:00, 3 = 12:00-18:00, 4 = 18:00-24:00). The black line is the mean, the grey bars represent the
standard error, and the rug plot on the x-axis shows the actual data values.

https://doi.org/10.1371/journal.pone.0203122.9003
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Table 4. Models tested to estimate the detection function as part of distance sampling abundance estimation of
blue sharks in the Irish Exclusive Economic Zone.

Model type | Co-variates AIC| Cramer-von-Mises P
Hazard rate | sea state, subjective conditions, glare intensity, cloud cover 1365.261 0.098
Hazard rate | cloud cover 1369.405 0.544
Hazard rate sea state, cloud cover 1371.205 0.648
Hazard rate | subjective conditions, cloud cover 1371.608 0.511
Hazard rate | null 1372.248 0.389
Hazard rate | subjective conditions, glare intensity, cloud cover 1372.440 0.395
Hazard rate sea state, subjective conditions, cloud cover 1372.790 0.814
Hazard rate | glare intensity, cloud cover 1373.128 0.811
Hazard rate | sea state 1373.279 0.625
Hazard rate | sea state, glare intensity, cloud cover 1374.477 0.815
Hazard rate | subjective conditions 1374.851 0.357
Hazard rate | glare intensity 1377.135 0.587
Half-normal | null 1378.953 0.196
Hazard rate | turbidity Failed to fit Failed to fit

https://doi.org/10.1371/journal.pone.0203122.t1004

Discussion

There is worldwide concern about the status of elasmobranchs, primarily as a result of over-
fishing and bycatch [7,9,12] with subsequent ecosystem effects following the removal of top

predators [41,42]. Rapid declines of blue sharks of 50-80% over a few generations have been
reported in parts of the Atlantic [12], and it is estimated that over 10 million blue sharks are

killed annually [43]. In the area surveyed for this study alone, catches from recreational
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Fig 4. (A) Detection probability of sharks as a function of distance, and (B) the goodness-of-fit of the best detection
function, a Hazard-rate model including an index of cloud cover.

https://doi.org/10.1371/journal.pone.0203122.g004
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fisheries have undergone a marked decline since the early to mid-1990s [15], highlighting the
need for robust abundance estimates of this species. In this study, the absolute abundance of
blue sharks, accounting for bias in the observation process as well as variation in availability
bias resulting from the animals spending time at depth, was estimated for the first time. More-
over, this abundance estimate covers a large area extending over ca. 427,000 km? of the Irish
Exclusive Economic Zone. This area consists of varying marine habitats that form a significant
part of the Celtic-Biscay Shelf Large Marine Ecosystem in the Northeast Atlantic. Availability
for detection was modelled as the proportion of time that blue sharks spent within the top
meter of the water column, and it was found that time of day and sharks’ position on or off the
continental shelf had a significant effect with more time spent at the surface at daytime and
whilst over the shelf. Depending on the year, the abundance estimate corrected with modelled
availability bias was up to seven times higher compared to the estimate without the bias correc-
tion, and nearly three times higher compared to the abundance corrected with average
availability.

Both of the tagged blue sharks spent significantly less time at the top layer of the water col-
umn between midnight and 6am, with the largest proportion of time spent at the surface in the
morning and afternoon (6 am- 6 pm) by shark A and in the morning (6 am- 12 am) by shark
B (Figs 2C and 3B). Other studies have recorded similar behaviour with blue sharks being con-
fined to depths near the thermocline at night whilst making repeated vertical round-trips
between the surface and depths of hundreds of meters during daytime [26]. Doyle et al. [24]
found an increase in “knifing” behaviour, where blue sharks were swimming at the surface
with their dorsal fins breaking the water, at post-dawn, and hypothesized that blue sharks are
taking advantage of the changing light conditions to surprise prey silhouetted at the surface
[24]. Preference for surface waters during daylight hours has also been reported with blue
sharks [25] and basking sharks [44] tagged in the English Channel, and this has been linked to
reverse diel vertical migration of zooplankton in the inner-shelf areas of the Northeast Atlantic
that are characterized by tidal fronts and high productivity [45] attracting large schools of
pelagic fish [45]. Even though the diet of blue sharks caught off-shore consists mainly of
pelagic squid [43,46], they are known to feed on pelagic fish such as clupeids and mackerel
(Scomber scombrus) in the English Channel [47]. Another possible explanation for the prefer-
ence for surface waters during daylight hours could be related to physiology and thermal
recovery after deep diving [48,49]; however, Doyle et al. [24], who used the same PSAT data
used in this study, found very little evidence for thermal recovery as the mean temperature
experienced by a blue shark during night versus day differed only by <0.2°C [24].

There was a strong on/off-shelf signal in the data, with a model-predicted average of 63% of
time spent at the surface in shelf waters, reducing to 14% of time at the surface in off-shelf
waters. Queiroz et al. [2] found a similar shift in depth distribution between on- and off-shelf
waters in southwest England, although the on-shelf versus off-shelf depth use of blue sharks
varied between individuals and years [2]. The most likely path reconstructed for shark B, cou-
pled with the lack of dives to depths of >200 m, indicated that this juvenile shark remained in
shelf waters throughout the deployment period, consistent with Quieroz et al. [2] who also
found that juvenile sharks generally preferred to stay within productive shallow shelf waters
[2].

Distance to the continental shelf (200 m contour) was a significant factor explaining the
variance in the abundance of blue sharks in both years of the study, with larger numbers pre-
dicted in areas around the shelf margin and around the shallow areas on the Porcupine Bank,
especially in 2015 (Fig 5A). Continental shelf break is generally considered as a location where
tidal fronts form (e.g. [50,51]), and the margins of the Northeast Atlantic shelf are productive
areas with upwelling and mixing [52] acting as spawning grounds for numerous fish species
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Fig 5. Predicted abundance for blue sharks in the survey area (A) in summer 2015, and (B) in summer 2016, corrected with
modelled availability bias. Red circles denote blue shark sighting locations. The contours shown are 200m, 500m, and 1000m depth

https://doi.org/10.1371/journal.pone.0203122.9005

[53], which might in turn attract blue sharks and other top predators to these areas. In 2016,
chlorophyll-a concentration was found to be a significant predictor of blue shark abundance,
with the predicted blue shark high density area concentrated on small areas along the southern
continental shelf margin and especially around the Porcupine Seabight (Fig 5B). This region is
thought to support rich biodiversity with aggregations of other megafauna, such as large baleen
whales, reported in the area [54].

Despite the extensive survey effort in the winter (equal to summer), the lack of sightings of
blue sharks during the winter surveys suggests that the species does not occur, at least in large
numbers, in the survey area over the winter months. This is consistent with the reported cycli-
cal seasonal migrations to warmer lower-latitude waters during the winter across the Atlantic
(e.g. [3,4,55,56]), and the observed southerly migration of five blue sharks satellite-tagged in
Irish waters [24]. The modelled availability-corrected abundance estimates for both summers
(2015 and 2016) were similar in scale (15,300 and 11,000, respectively) with largely overlapping
confidence intervals, despite the fact that the abundance was predicted for a smaller area in
2015. The surveys in different years were timed to take place at the same time of the year, and
the similarity in the estimates may indicate no large-scale change in the population between
the two years; however, the power to detect a change between the two years is likely to be lack-
ing in this study thus preventing robust comparison between the yearly estimates. Neverthe-
less, relative abundance estimates based on CPUE in Irish waters show no increase or decrease
in catches since the early 2000s, after the apparent decline in CPUE in the mid-1990s [15]. The
effect of including a model-predicted versus average availability bias in the abundance estima-
tion varied between years, with a smaller difference (26%) between the two estimates in 2016,
compared to the 2015 bias-corrected estimates, which differed by 280%. This is likely an arte-
fact of a comparatively larger number of sightings occurring in shelf waters during the second
summer of surveys with the extended survey area.

The mean cholorophyll-a concentration across the study area was similar between the years
and months of the tagging and the summer aerial surveys, with variation around the mean
decreasing during winter months (see S1 Fig). This makes it unlikely that the differences in the
monthly chlorophyll-a have affected the diving patterns of blue sharks and their time spent at
the surface. The mean monthly temperature across the study area varied from ~10°C- 15.5°C
during the tagging months, whereas it remained between ~12°C and 15°C during the summer
aerial surveys, and these changes in temperature may have affected the diving behaviour of
blue sharks. Vianna and colleagues [1], for example, found grey reef sharks (Carcharhinus
amblyrhynchos) to prefer deeper depths in the spring following an increase in water tempera-
ture at these depths. However, the reconstructed track of one of the tagged blue sharks (shark
B; see S2 Fig) showed this shark moving southwards and likely into warmer waters so it is
probable that the temperature range over the tagging period experienced by the sharks was
even smaller than that presented in S1 Fig.

Aerial surveys have become widely used in cetacean abundance estimation, especially over
large or remote areas, and they have recently been applied to other marine taxa ranging from
sharks [20-22] and rays [23] to bony fish [57,58] and turtles [59]. Furthermore, dedicated
aerial surveys for marine mammals provide platforms of opportunity for recording and esti-
mating the abundance of vulnerable or data-poor marine species. This study demonstrates the
importance of including availability bias in the abundance estimation of species that spend
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time at depth. Moreover, we show that availability bias can vary both spatially and temporally,
albeit our predictions are based on a small sample size assumed to represent typical behaviour
of blue sharks in the area. Dive data from a larger number of animals, representing both sexes
and different maturities, and collected at the same time and across the range of the aerial sur-
veys to potentially minimize variation in the environmental conditions, would likely increase
the precision and power of the abundance estimate. Nevertheless, this study serves as an exam-
ple of a methodology that can be applied in future studies when correcting for availability bias
in abundance estimation for various diving taxa. In particular, if the survey area includes a
wide variety of environments ranging from shallow to deep waters, modelling availability pro-
vides a more robust alternative than applying average time at the surface estimates, producing
more realistic abundance estimates necessary for effective management and conservation of
species. Modelling availability bias has wider applications in abundance studies of other taxa
such as marine turtles, whose surfacing patterns may vary due to environmental factors such
as temperature, bathymetry [60] or changes in vertical distribution of prey [61].

Supporting information

S1 Fig. Sea Surface Temperature (SST) and Chlorophyll-a concentration (Chl-a) across the
area where the aerial surveys were conducted, over the tagging period and during the sum-
mer aerial surveys. Mean is denoted with black circles and the whiskers represent standard
deviation. The data for the plots were retrieved from https://oceancolor.gsfc.nasa.gov/cgi/l3.
(JPG)

S2 Fig. Most likely swimming path (red circles) of shark B reconstructed from pop-up sat-
ellite archival tag (PSAT) light intensity data. The first contour line from land depicts 150m
depth contour The map was created using the R-package ‘marmap’ [62].

(PNG)

S3 Fig. Observed (x-axis) and predicted (y-axis) blue sharks’ mean proportion of time at
the surface (0-1m) with the best zero-one inflated beta distribution model using Bayesian
inference. This model included a random intercept comprised of Shark ID and day and factor
variables ‘shelf and ‘time bin’. The solid line represents a perfect fit of the model to the data.
(PNG)

S1 Table. Start and end days and effort during aerial surveys of the Irish Exclusive Eco-
nomic Zone.
(DOCX)

$2 Table. Co-variates used in the density surface modelling of abundance of blue sharks.
(DOCX)

§3 Table. Blue shark availability data.
(XLSX)

S$4 Table. Data used in density surface models for blue shark abundance.
(XLSX)

Acknowledgments

Some of the offshore designs for the aerial surveys in this project were provided by Ireland’s
Department of Communication, Climate Action and Environment and the Department of
Culture, Heritage and the Gaeltacht, under Ireland’s ObSERVE Programme established in
2014. We are grateful for the support and assistance of both Departments in undertaking this

PLOS ONE | https://doi.org/10.1371/journal.pone.0203122 September 11,2018 14/18


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203122.s001
https://oceancolor.gsfc.nasa.gov/cgi/l3
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203122.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203122.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203122.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203122.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203122.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203122.s007
https://doi.org/10.1371/journal.pone.0203122

@° PLOS | ONE

Abundance of blue sharks (Prionace glauca) corrected with model-predicted availability

work. We would like to thank the Aerosotravia pilots Romain Fert, Paul Rameau, Laurent Pel-
licer and Aurelien Bidot, the plane’s engineer Noel Bar and the observers Nick Richardson,
Ashley Bennison, Ailbhe Kavanagh, Nicole Janinhoff, Steve Geelhoed and Hans Verdaat for
their contribution to the study and Enrico Pirotta for the statistical advice.

Author Contributions

Conceptualization: Milaja Nykdnen, Mark Jessopp, Emer Rogan.

Data curation: Thomas K. Doyle, Patricia Breen, William Hunt, Mick Mackey.
Formal analysis: Milaja Nykidnen, Ana Cafadas.

Funding acquisition: Mark Jessopp, Thomas K. Doyle, Oliver O Cadhla, David Reid, Emer
Rogan.

Investigation: Milaja Nykidnen, Mark Jessopp, Thomas K. Doyle, Luke A. Harman, Ana Caia-
das, Patricia Breen, William Hunt, Mick Mackey, Emer Rogan.

Methodology: Milaja Nykinen, Ana Caiadas, Patricia Breen.

Project administration: Mark Jessopp, Thomas K. Doyle, Oliver O Cadhla, David Reid, Emer
Rogan.

Resources: Thomas K. Doyle, Patricia Breen.

Supervision: Mark Jessopp, Emer Rogan.

Validation: Thomas K. Doyle, Ana Cafiadas, Patricia Breen, Mick Mackey.
Visualization: Milaja Nykidnen, William Hunt.

Writing - original draft: Milaja Nykanen.

Writing - review & editing: Milaja Nykinen, Mark Jessopp, Thomas K. Doyle, Luke A. Har-
man, Ana Cafadas, Patricia Breen, William Hunt, Mick Mackey, Oliver o} Cadhla, David
Reid, Emer Rogan.

References

1. Nakano H, Stevens JD. The Biology and Ecology of the Blue Shark, Prionace glauca. In: Camhi MD,
Pikitch EK, Babcock EA, editors. Sharks of the Open Ocean. Oxford, UK: Blackwell Publishing Ltd.;
2008. pp. 140—-151. hitps://doi.org/10.1002/9781444302516.ch12

2. Queiroz N, Humphries N, Noble L, Santos A, Sims D. Short-term movements and diving behaviour of
satellite-tracked blue sharks Prionace glauca in the northeastern Atlantic Ocean. Mar Ecol Prog Ser.
2010; 406: 265-279. https://doi.org/10.3354/meps08500

3. Vandeperre F, Aires-da-Silva A, Fontes J, Santos M, Serrdo Santos R, Afonso P. Movements of Blue
Sharks (Prionace glauca) across Their Life History. Tsikliras AC, editor. PLoS ONE. 2014; 9: e103538.
https://doi.org/10.1371/journal.pone.0103538 PMID: 25119716

4. Fitzmaurice P, Green P, Keirse G, Kenny M, Clarke M. Stock discrimination of the blue shark, based on
Irish tagging data. Collect Vol Sci Pap ICCAT. 2005; 58: 1171-1178.

5. Carvalho FC, Murie DJ, Hazin FHV, Hazin HG, Leite-Mourato B, Burgess GH. Spatial predictions of
blue shark (Prionace glauca) catch rate and catch probability of juveniles in the Southwest Atlantic.
ICES J Mar Sci. 2011; 68: 890-900. https://doi.org/10.1093/icesjms/fsr047

6. Rogan E, Mackey M. Megafauna bycatch in drift nets for albacore tuna ( Thunnus alalunga) in the NE
Atlantic. Fish Res. 2007; 86: 6—14. https://doi.org/10.1016/j.fishres.2007.02.013

7. Dulvy NK, Baum JK, Clarke S, Compagno LJV, Cortés E, Domingo A, et al. You can swim but you can’t
hide: the global status and conservation of oceanic pelagic sharks and rays: Status and conservation of
oceanic pelagic sharks and rays. Aquat Conserv Mar Freshw Ecosyst. 2008; 18: 459-482. https://doi.
org/10.1002/aqc.975

PLOS ONE | https://doi.org/10.1371/journal.pone.0203122 September 11,2018 15/18


https://doi.org/10.1002/9781444302516.ch12
https://doi.org/10.3354/meps08500
https://doi.org/10.1371/journal.pone.0103538
http://www.ncbi.nlm.nih.gov/pubmed/25119716
https://doi.org/10.1093/icesjms/fsr047
https://doi.org/10.1016/j.fishres.2007.02.013
https://doi.org/10.1002/aqc.975
https://doi.org/10.1002/aqc.975
https://doi.org/10.1371/journal.pone.0203122

@° PLOS | ONE

Abundance of blue sharks (Prionace glauca) corrected with model-predicted availability

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

Aires-da-Silva A, Ferreira RL, Pereira JG. Case Study: Blue Shark Catch-Rate Patterns from the Portu-
guese Swordfish Longline Fishery in the Azores. In: Camhi MD, Pikitch EK, Babcock EA, editors.
Sharks of the Open Ocean. Oxford, UK: Blackwell Publishing Ltd.; 2008. pp. 230-235. https://doi.org/
10.1002/9781444302516.ch18

Myers RA, Worm B. Extinction, survival or recovery of large predatory fishes. Philos Trans R Soc B Biol
Sci. 2005; 360: 13—20. https://doi.org/10.1098/rstb.2004.1573 PMID: 15713586

Gibson C, Valenti S, Fowler SL, Fordham SV. The Conservation of Northeast Atlantic Chondrichthyans:
Report of the IUCN Shark Specialist Group Northeast Atlantic Red List Workshop. IUCN Species Sur-
vival Commission Shark Specialist Group; 2008 p. 76.

Baum JK. Collapse and Conservation of Shark Populations in the Northwest Atlantic. Science. 2003;
299: 389-392. https://doi.org/10.1126/science. 1079777 PMID: 12532016

Dulvy NK, Fowler SL, Musick JA, Cavanagh RD, Kyne PM, Harrison LR, et al. Extinction risk and con-
servation of the world’s sharks and rays. eLife. 2014; 3. https://doi.org/10.7554/eLife.00590 PMID:
24448405

Carvalho FC, Murie DJ, Hazin FHV, Hazin HG, Leite-Mourato B, Travassos P, et al. Catch rates and
size composition of blue sharks (Prionace glauca) caught by the Brazilian pelagic longline fleet in the
southwestern Atlantic Ocean. Aquat Living Resour. 2010; 23: 373-385. https://doi.org/10.1051/alr/
2011005

Cortés E, Domingo A, Miller P, Forselledo R, Mas F, Arocha F, et al. Expanded ecological risk assess-
ment of pelagic sharks caught in Atlantic pelagic longline fisheries. Collect Vol Sci Pap ICCAT. 2015;
71:2637-2688.

Wogerbauer C, O’Reilly S, Doody C, Roche W. Recent data (2007—-2013) from the Irish blue shark rec-
reational fishery. Collect Vol Sci Pap ICCAT. 2016; 72: 1150-1166.

Barker MJ, Schluessel V. Managing global shark fisheries: suggestions for prioritizing management
strategies. Aquat Conserv Mar Freshw Ecosyst. 2005; 15: 325-347. https://doi.org/10.1002/aqc.660

Burns RJ, Kerr GN. Observer effect on fisher bycatch reports in the New Zealand ling (Genypterus bla-
codes) bottom longlining fishery. N Z J Mar Freshw Res. 2008; 42: 23—32. https://doi.org/10.1080/
00288330809509933

Campana SE, Marks L, Joyce W, Kohler NE. Effects of recreational and commerecial fishing on blue
sharks (Prionace glauca) in Atlantic Canada, with inferences on the North Atlantic population. Can J
Fish Aquat Sci. 2006; 63: 670—682. https://doi.org/10.1139/f05-251

Carvalho F, Ahrens R, Murie D, Bigelow K, Aires-Da-Silva A, Maunder MN, et al. Using pop-up satellite
archival tags to inform selectivity in fisheries stock assessment models: a case study for the blue shark
in the South Atlantic Ocean. ICES J Mar Sci J Cons. 2015; 72: 1715-1730. https://doi.org/10.1093/
icesjms/fsv026

Rowat D, Gore M, Meekan MG, Lawler IR, Bradshaw CJA. Aerial survey as a tool to estimate whale
shark abundance trends. J Exp Mar Biol Ecol. 2009; 368: 1-8. https://doi.org/10.1016/j.jembe.2008.09.
001

Westgate A, Koopman H, Siders Z, Wong S, Ronconi R. Population density and abundance of basking
sharks Cetorhinus maximus in the lower Bay of Fundy, Canada. Endanger Species Res. 2014; 23:
177-185. https://doi.org/10.3354/esr00567

Kessel ST, Gruber SH, Gledhill KS, Bond ME, Perkins RG. Aerial Survey as a Tool to Estimate Abun-
dance and Describe Distribution of a Carcharhinid Species, the Lemon Shark, Negaprion brevirostris. J
Mar Biol. 2013; 2013: 1-10. https://doi.org/10.1155/2013/597383

Notarbartolo di Sciara G, Lauriano G, Pierantonio N, Cafiadas A, Donovan G, Panigada S. The Devil
We Don’t Know: Investigating Habitat and Abundance of Endangered Giant Devil Rays in the North-
Western Mediterranean Sea. Tsikliras AC, editor. PLOS ONE. 2015; 10: e0141189. https://doi.org/10.
1371/journal.pone.0141189 PMID: 26580814

Doyle TK, Bennison A, Jessopp M, Haberlin D, Harman LA. A dawn peak in the occurrence of ‘knifing
behaviour’ in blue sharks. Anim Biotelemetry. 2015; 3. https://doi.org/10.1186/s40317-015-0084-1

Queiroz N, Humphries NE, Noble LR, Santos AM, Sims DW. Spatial Dynamics and Expanded Vertical
Niche of Blue Sharks in Oceanographic Fronts Reveal Habitat Targets for Conservation. Ropert-Cou-
dertY, editor. PLoS ONE. 2012; 7: €32374. https://doi.org/10.1371/journal.pone.0032374 PMID:
22393403

Carey FG, Scharold JV, Kalmijn AJ. Movements of blue sharks (Prionace glauca) in depth and course.
Mar Biol. 1990; 106: 329-342. https://doi.org/10.1007/BF01344309

Buckland ST, editor. Introduction to distance sampling: estimating abundance of biological populations.
Oxford; New York: Oxford University Press; 2001.

PLOS ONE | https://doi.org/10.1371/journal.pone.0203122 September 11,2018 16/18


https://doi.org/10.1002/9781444302516.ch18
https://doi.org/10.1002/9781444302516.ch18
https://doi.org/10.1098/rstb.2004.1573
http://www.ncbi.nlm.nih.gov/pubmed/15713586
https://doi.org/10.1126/science.1079777
http://www.ncbi.nlm.nih.gov/pubmed/12532016
https://doi.org/10.7554/eLife.00590
http://www.ncbi.nlm.nih.gov/pubmed/24448405
https://doi.org/10.1051/alr/2011005
https://doi.org/10.1051/alr/2011005
https://doi.org/10.1002/aqc.660
https://doi.org/10.1080/00288330809509933
https://doi.org/10.1080/00288330809509933
https://doi.org/10.1139/f05-251
https://doi.org/10.1093/icesjms/fsv026
https://doi.org/10.1093/icesjms/fsv026
https://doi.org/10.1016/j.jembe.2008.09.001
https://doi.org/10.1016/j.jembe.2008.09.001
https://doi.org/10.3354/esr00567
https://doi.org/10.1155/2013/597383
https://doi.org/10.1371/journal.pone.0141189
https://doi.org/10.1371/journal.pone.0141189
http://www.ncbi.nlm.nih.gov/pubmed/26580814
https://doi.org/10.1186/s40317-015-0084-1
https://doi.org/10.1371/journal.pone.0032374
http://www.ncbi.nlm.nih.gov/pubmed/22393403
https://doi.org/10.1007/BF01344309
https://doi.org/10.1371/journal.pone.0203122

@° PLOS | ONE

Abundance of blue sharks (Prionace glauca) corrected with model-predicted availability

28.

29.

30.

31.

32.
33.

34.

35.
36.

37.

38.
39.

40.
41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Thomas L, Buckland ST, Rexstad EA, Laake JL, Strindberg S, Hedley SL, et al. Distance software:
design and analysis of distance sampling surveys for estimating population size. J Appl Ecol. 2010; 47:
5-14. https://doi.org/10.1111/j.1365-2664.2009.01737.x PMID: 20383262

Cafiadas A, Hammond P. Abundance and habitat preferences of the short-beaked common dolphin
Delphinus delphis in the southwestern Mediterranean: implications for conservation. Endanger Species
Res. 2008; 4: 309-331. https://doi.org/10.3354/esr00073

Liu F, Kong Y. zoib: an R package for bayesian inference for beta regression and zero/one inflated beta
regression. RJ. 2015; 7: 34-51.

Fox J. An R and S-Plus companion to applied regression. Thousand Oaks, Calif: Sage Publications;
2002.

Gelman A, editor. Bayesian data analysis. 2nd ed. Boca Raton, Fla: Chapman & Hall/CRC; 2004.

Rigby RA, Stasinopoulos DM. Generalized additive models for location, scale and shape. J R Stat Soc
Ser C Appl Stat. 2005; 54: 507-554.

Hastie T, Tibshirani R. Generalized Additive Models. Stat Sci. 1986; 1: 297-310. https://doi.org/10.
1214/ss/1177013604

Miller DL. Package ‘Distance.’ 2017;

Cramér H. On the composition of elementary errors: First paper: Mathematical deductions. Scand
Actuar J. 1928; 1928: 13-74. https://doi.org/10.1080/03461238.1928.10416862

Mises R. Wahrscheinlichkeit Statistik und Wahrheit [Internet]. Vienna: Springer Vienna; 1972. https://
doi.org/10.1007/978-3-7091-8287-1

Miller DL, Rexstad E, Burt L, Bravington MV, Hedley S, Model A. Package ‘dsm.’ 2017;

Heide-Jargensen MP, Laidre KL. Surfacing time, availability bias and abundance of humpback whales
in West Greenland. 2015; 9.

Wood S. Package ‘mgcv.’ R Package Version. 2015; 1-7.

Heithaus MR, Frid A, Wirsing AJ, Worm B. Predicting ecological consequences of marine top predator
declines. Trends Ecol Evol. 2008; 23: 202—210. https://doi.org/10.1016/j.tree.2008.01.003 PMID:
18308421

Myers RA, Baum JK, Shepherd TD, Powers SP, Peterson CH. Cascading effects of the loss of apex
predatory sharks from a coastal ocean. Science. 2007; 315: 1846—1850. https://doi.org/10.1126/
science.1138657 PMID: 17395829

IUCN. Prionace glauca: Stevens, J.: The IUCN Red List of Threatened Species 2009: e.
T39381A10222811 [Internet]. International Union for Conservation of Nature; 2005. https://doi.org/10.
2305/IUCN.UK.2009-2.RLTS.T39381A10222811.en

Sims DW, Southall EJ, Tarling GA, Metcalfe JD. Habitat-specific normal and reverse diel vertical migra-
tion in the plankton-feeding basking shark. J Anim Ecol. 2005; 74: 755—761. https://doi.org/10.1111/j.
1365-2656.2005.00971.x

Sims DW, Quayle VA. Selective foraging behaviour of basking sharks on zooplankton in a small-scale
front. Nature. 1998; 393: 460—464. https://doi.org/10.1038/30959

Henderson A. Observations on the biology and ecology of the blue shark in the North-east Atlantic. J
Fish Biol. 2001; 58: 1347—1358. https://doi.org/10.1006/jfbi.2000.1547

Stevens JD. Stomach Contents of the Blue Shark (Prionace glauca L.) Off South-West England. J Mar
Biol Assoc U K. 1973; 53: 357. https://doi.org/10.1017/S0025315400022323

Nakamura I, Goto Y, Sato K. Ocean sunfish rewarm at the surface after deep excursions to forage for
siphonophores. Hays G, editor. J Anim Ecol. 2015; 84: 590—603. https://doi.org/10.1111/1365-2656.
12346 PMID: 25643743

Thums M, Meekan M, Stevens J, Wilson S, Polovina J. Evidence for behavioural thermoregulation by
the world’s largest fish. J R Soc Interface. 2012; 10: 20120477—20120477. https://doi.org/10.1098/rsif.
2012.0477 PMID: 23075547

Holt J, Umlauf L. Modelling the tidal mixing fronts and seasonal stratification of the Northwest European
Continental shelf. Cont Shelf Res. 2008; 28: 887-903. https://doi.org/10.1016/j.csr.2008.01.012

Holligan PM. Biological Implications of Fronts on the Northwest European Continental Shelf. Philos
Trans R Soc Math Phys Eng Sci. 1981; 302: 547-562. https://doi.org/10.1098/rsta.1981.0182

Sharples J, Moore CM, Hickman AE, Holligan PM, Tweddle JF, Palmer MR, et al. Internal tidal mixing
as a control on continental margin ecosystems. Geophys Res Lett. 2009; 36. https://doi.org/10.1029/
2009GL040683

PLOS ONE | https://doi.org/10.1371/journal.pone.0203122 September 11,2018 17/18


https://doi.org/10.1111/j.1365-2664.2009.01737.x
http://www.ncbi.nlm.nih.gov/pubmed/20383262
https://doi.org/10.3354/esr00073
https://doi.org/10.1214/ss/1177013604
https://doi.org/10.1214/ss/1177013604
https://doi.org/10.1080/03461238.1928.10416862
https://doi.org/10.1007/978-3-7091-8287-1
https://doi.org/10.1007/978-3-7091-8287-1
https://doi.org/10.1016/j.tree.2008.01.003
http://www.ncbi.nlm.nih.gov/pubmed/18308421
https://doi.org/10.1126/science.1138657
https://doi.org/10.1126/science.1138657
http://www.ncbi.nlm.nih.gov/pubmed/17395829
https://doi.org/10.2305/IUCN.UK.2009-2.RLTS.T39381A10222811.en
https://doi.org/10.2305/IUCN.UK.2009-2.RLTS.T39381A10222811.en
https://doi.org/10.1111/j.1365-2656.2005.00971.x
https://doi.org/10.1111/j.1365-2656.2005.00971.x
https://doi.org/10.1038/30959
https://doi.org/10.1006/jfbi.2000.1547
https://doi.org/10.1017/S0025315400022323
https://doi.org/10.1111/1365-2656.12346
https://doi.org/10.1111/1365-2656.12346
http://www.ncbi.nlm.nih.gov/pubmed/25643743
https://doi.org/10.1098/rsif.2012.0477
https://doi.org/10.1098/rsif.2012.0477
http://www.ncbi.nlm.nih.gov/pubmed/23075547
https://doi.org/10.1016/j.csr.2008.01.012
https://doi.org/10.1098/rsta.1981.0182
https://doi.org/10.1029/2009GL040683
https://doi.org/10.1029/2009GL040683
https://doi.org/10.1371/journal.pone.0203122

@° PLOS | ONE

Abundance of blue sharks (Prionace glauca) corrected with model-predicted availability

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Ibaibarriaga L, Irigoien X, Santos M, Motos L, Fives JM, Franco C, et al. Egg and larval distributions of
seven fish species in north-east Atlantic waters. Fish Oceanogr. 2007; 16: 284—293. https://doi.org/10.
1111/.1365-2419.2007.00430.x

Baines M, Reichelt M, Griffin D. An autumn aggregation of fin (Balaenoptera physalus) and blue whales
(B. musculus) in the Porcupine Seabight, southwest of Ireland. Deep Sea Res Part Il Top Stud Ocea-
nogr. 2017; 141: 168—177. https://doi.org/10.1016/j.dsr2.2017.03.007

Queiroz N, Lima F, Maia A, Ribeiro P, Correia J, Santos AM. Movement of blue shark, Prionace glauca,
in the north-east Atlantic based on mark-recapture data. Mar Biol Assoc U K J Mar Biol Assoc U K.
2005; 85: 1107.

Vandeperre F, Aires-da-Silva A, Santos M, Ferreira R, Bolten AB, Serrao Santos R, et al. Demography
and ecology of blue shark (Prionace glauca) in the central North Atlantic. Fish Res. 2014; 153: 89-102.
https://doi.org/10.1016/j.fishres.2014.01.006

Bauer R, Bonhommeau S, Brisset B, Fromentin J. Aerial surveys to monitor bluefin tuna abundance
and track efficiency of management measures. Mar Ecol Prog Ser. 2015; 534: 221-234. https://doi.org/
10.3354/meps11392

Breen P, Cafiadas A, Cadhla OO, Mackey M, Scheidat M, Geelhoed SCV, et al. New insights into
ocean sunfish (Mola mola) abundance and seasonal distribution in the northeast Atlantic. Sci Rep.
2017; 7. https://doi.org/10.1038/s41598-017-02103-6 PMID: 28515419

Seminoff J, Eguchi T, Carretta J, Allen C, Prosperi D, Rangel R, et al. Loggerhead sea turtle abundance
at a foraging hotspot in the eastern Pacific Ocean: implications for at-sea conservation. Endanger Spe-
cies Res. 2014; 24: 207-220. https://doi.org/10.3354/esr00601

Thomson JA, Cooper AB, Burkholder DA, Heithaus MR, Dill LM. Heterogeneous patterns of availability
for detection during visual surveys: spatiotemporal variation in sea turtle dive-surfacing behaviour on a
feeding ground: Diving-related detection heterogeneity. Methods Ecol Evol. 2012; 3: 378-387. https://

doi.org/10.1111/j.2041-210X.2011.00163.x

Doyle T, Houghton J, O’Stilleabhain P, Hobson V, Marnell F, Davenport J, et al. Leatherback turtles
satellite-tagged in European waters. Endanger Species Res. 2008; 4: 23-31. https://doi.org/10.3354/
esr00076

Pante E, Simon Bouhet B. Making and using bathymetric maps in R with marmap. 2015;1-12

PLOS ONE | https://doi.org/10.1371/journal.pone.0203122 September 11,2018 18/18


https://doi.org/10.1111/j.1365-2419.2007.00430.x
https://doi.org/10.1111/j.1365-2419.2007.00430.x
https://doi.org/10.1016/j.dsr2.2017.03.007
https://doi.org/10.1016/j.fishres.2014.01.006
https://doi.org/10.3354/meps11392
https://doi.org/10.3354/meps11392
https://doi.org/10.1038/s41598-017-02103-6
http://www.ncbi.nlm.nih.gov/pubmed/28515419
https://doi.org/10.3354/esr00601
https://doi.org/10.1111/j.2041-210X.2011.00163.x
https://doi.org/10.1111/j.2041-210X.2011.00163.x
https://doi.org/10.3354/esr00076
https://doi.org/10.3354/esr00076
https://doi.org/10.1371/journal.pone.0203122

