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Applying Bayesian spatiotemporal models to fisheries bycatch
in the Canadian Arctic
Aurelie Cosandey-Godin, Elias Teixeira Krainski, Boris Worm, and Joanna Mills Flemming

Abstract: Understanding and reducing the incidence of accidental bycatch, particularly for vulnerable species such as sharks, is
a major challenge for contemporary fisheries management. Here we establish integrated nested Laplace approximations (INLA)
and stochastic partial differential equations (SPDE) as two powerful tools for modelling patterns of bycatch through time and
space. These novel, computationally fast approaches are applied to fit zero-inflated hierarchical spatiotemporal models to
Greenland shark (Somniosus microcephalus) bycatch data from the Baffin Bay Greenland halibut (Reinhardtius hippoglossoides) gillnet
fishery. Results indicate that Greenland shark bycatch is clustered in space and time, varies significantly from year to year, and
there are both tractable factors (number of gillnet panels, total Greenland halibut catch) and physical features (bathymetry)
leading to the high incidence of Greenland shark bycatch. Bycatch risk could be reduced by limiting access to spatiotemporal
hotspots or by establishing a maximum number of panels per haul. Our method explicitly models the spatiotemporal correlation
structure inherent in bycatch data at a very reasonable computational cost, such that the forecasting of bycatch patterns and
simulating conservation strategies becomes more accessible.

Résumé : Comprendre et minimiser les répercussions relatives aux prises accessoires accidentelles, et plus particulièrement
celles touchant les espèces vulnérables, tel le requin, constituent de nos jours un défi de taille en gestion halieutique. Par la
présente recherche, nous soumettons que les approximations intégrées et agglomérées de Laplace (INLA) ainsi que les équations
différentielles partielles stochastiques (EDPS), représentent de puissants outils de modélisation de la répartition des prises
accessoires dans l’espace et le temps. Ces nouvelles approches informatiques, efficaces et innovantes sont ici utilisées afin de
reproduire des modèles spatiotemporels hiérarchiques à inflation zéro en les appliquant aux données relatives aux prises
accessoires du requin du Groenland (Somniosus microcephalus) dans la pêche au filet maillant du flétan noir (Reinhardtius
hippoglossoides) de la baie de Baffin. Les résultats obtenus démontrent que les prises accessoires du requin du Groenland sont
dispersées dans l’espace et le temps et varie de manière considérable selon les années. Certains facteurs quantifiables, tels le
nombre de panneaux de filet par trait et la quantité de prises totale de flétans noirs, ainsi que certaines caractéristiques
physiques, telle la bathymétrie, influent sur la fréquence des prises accessoires du requin du Groenland. Conséquemment, les
probabilités de prises accessoires pourraient être réduites en limitant l’accès de pêche dans les endroits spatiotemporels à haut
risque ou encore, en établissant une quantité maximum de panneaux de filet par trait. Ces méthodes modélisent d’une façon
nette et précise la structure des corrélations spatiotemporelles inhérentes aux données sur les prises accessoires, et ce, à un coût
informatique des plus raisonnables, rendant désormais possible et accessible le calcul des prévisions quant au nombre de prises
accessoires ainsi que la planification de stratégies efficaces en conservation des espèces.

Introduction
High levels of bycatch are a predominant problem in many

fisheries around the world and contribute greatly to broader con-
cern about overfishing (Kelleher 2005; Davies et al. 2009). Bycatch
commonly refers to the part of the catch that is not a legal target
of the fishery; it may be retained and landed but is often discarded
(dead or alive) (FAO 2011). It tends to be particularly problematic
for long-lived marine megafauna such as sharks, marine turtles,
seabirds, and marine mammals (Lewison et al. 2004; Hall et al.
2000). Under the ecosystem approach to fisheries management, a
core objective is to reduce and eliminate bycatch (Pikitch et al.
2004; Garcia et al. 2003). One of the first steps in addressing by-
catch issues is to identify and prioritize key conservation and
management areas (Kirby and Ward 2014). These priority areas are
often referred to as “hotspots” and are locations where bycatch
patterns indicate abnormally high risk (e.g., Huang and Yeh 2011;
Cambiè et al. 2012; Roe et al. 2014). Detailed information on by-

catch patterns and their drivers can help establish effective spa-
tial management, such as time–area closures and spatially explicit
gear restrictions and catch quotas. These tools are increasingly
used in marine resource management to better integrate multiple
and often divergent economical and environmental objectives
(Dunn et al. 2011; Douvere 2008). However, such regulations re-
quire some understanding of the spatiotemporal dynamics of the
system.

Bycatch data are most often collected by at-sea observer pro-
grams and composed of the presence and absence (either count or
mass) of nontarget species georeferenced by fishing location. They
typically also contain information concerning the target species,
vessel and gear specification, fishing effort, and environmental
information like depth and sea surface temperature. Like many
fishery datasets, bycatch data are characterized by complicated
statistical features, such as excess of zeros, nonlinearity and
nonconstant variance structure, and spatiotemporal correlation
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(Ciannelli et al. 2008). These characteristics violate the assump-
tions underlying basic statistical techniques such that more so-
phisticated models are required. Statistical tools that explicitly
model the sources of zero observations (Martin et al. 2005) are
commonly used in fisheries science and custom practice in by-
catch studies (e.g., Minami et al. 2007; Barlow and Berkson 2012;
Murray and Orphanides 2013).

To deal with nonlinearity and nonconstant variance, bycatch
data are often modelled with well-established techniques used
in catch-per-unit-effort (CPUE) standardization and stock assess-
ments. These methods include generalized linear models (GLMs)
(e.g., Megalofonou et al. 2009; Jannot and Holland 2013), general-
ized additive models (GAMs) (e.g., Minami et al. 2007; Murray and
Orphanides 2013), and, to a lesser extent, generalized linear mixed
models (GLMMs) (e.g., Trebilco et al. 2010) and generalized addi-
tive mixed models (GAMMs) (Bjorge et al. 2013). For a detailed
discussion of these models in fisheries research, see Venables and
Dichmont (2004).

Other techniques rely on matching animal telemetry and fleet
distribution data to infer spatial overlap and derive bycatch
predictions (e.g., Harden and Willard 2012; Roe et al. 2014;
McClellan et al. 2009). These techniques offer advantages over
fishery-dependent data but are limited to species with available
tracking information. Bayesian hierarchical models have also
been proposed for estimating bycatch probabilities (Gardner et al.
2008; Sims et al. 2008; Moore and Read 2008), but have not been
widely adopted, likely because of high computational costs and
complex estimation routines. However, these methods do repre-
sent very powerful approaches for dealing with complex ecologi-
cal datasets with multiple sources of uncertainty (Cressie et al.
2009) and are readily used in other areas of fisheries science (e.g.,
Rivot et al. 2008; Yu and Leung 2010; Harley and Myers 2001).

Hierarchical models can simplify complex interactions by al-
lowing parameters to vary at more than one level via the intro-
duction of random effects. The expected value of the response is
then expressed conditional on these random effects. Mixed mod-
els, such as GLMMs and GAMMs, are examples, the first being a
fairly straightforward extension of linear regression (Venables
and Dichmont 2004). Trebilco et al. (2010) modelled seabird by-
catch in the eastern Australian tuna and billfish pelagic longline
fishery using GLMMs with a random effect for each fishing vessel.
Ortiz and Arocha (2004) standardized CPUE indices of billfish by-
catch in the Venezuelan tuna longline fishery with all year inter-
actions treated as random effects. Hierarchical approaches are
very well-suited to nested data, such as bycatch data, where, for
example, fishing sets are sampled from a trip, sampled from a
vessel, which is part of a larger fleet. In this setting, errors associ-
ated with both the data and uncertainties about the ecological
process are included, which results in more robust statistical in-
ference (Cressie et al. 2009; Wikle 2003). The advantages of using
hierarchical Bayesian models emerge more so as complexity in-
creases, when, for example, spatiotemporal variability needs to be
modelled explicitly (Cressie et al. 2009). The Bayesian framework
also offers the advantage of providing full inference, such that
model parameters and uncertainty can be quantified, which has
great utility in applied conservation (Wade 2000; Wintle et al.
2003).

The ad hoc approach often taken in bycatch studies is to model
space using a nonrandom factor variable, like a 5° × 5° grid cell
(e.g., Brodziak and Walsh 2013) or geographical fishing boundar-
ies (e.g., Bjorge et al. 2013; Barlow and Berkson 2012). Others
commonly include one or two geographic coordinates (latitude
and (or) longitude) in their models (e.g., Yeh et al. 2013; Jiménez
et al. 2009; Orphanides 2010). Representing latitude and longitude
as continuous variables offers the advantage that the data are not
isolated in separate units, but these variables are still only incor-
porated into models as fixed effects and, as such, do not include
spatial dependency. When fishing locations are georeferenced in

space and the main research questions revolve around spatial predic-
tions, the most appropriate statistical approaches are geostatistics-
based models, which intrinsically incorporate the first law of
geography: “Everything is related to everything else, but near
things are more related than distant things” (Tobler 1970). Hierar-
chical Bayesian models extend the concept of multilevel structure
to include a spatial random effect (Gaussian random field, GRF).
This random field is a stochastic process indexed in space that
essentially represents all spatially explicit processes that may
have an effect on the bycatch pattern. This is the real advantage of
these models; they are built to approximate and include uncer-
tainties with the entire bycatch phenomena as opposed to only
uncertainty associated with discretely observed data. In so doing,
bycatch hotspots cannot only be rigorously identified, they can
also be better forecasted for management planning (Clark et al.
2001).

Hierarchical Bayesian models have traditionally relied on
Markov chain Monte Carlo (MCMC) simulation techniques, which
are computationally expensive and technically challenging, con-
sequently limiting their use. However, a new statistical approach
is now readily available, namely integrated nested Laplace approxi-
mations (INLA) via the R-INLA package (http://www.r-inla.org). INLA
methodology and its powerful application to modelling complex
datasets has recently been introduced to a wider nontechnical
audience (Illian et al. 2013). As opposed to MCMC simulations,
INLA uses an approximation for inference and hence avoids the
intense computational demands, convergence, and mixing prob-
lems sometimes encountered by MCMC algorithms (Rue and
Martino 2007). Moreover, included in R-INLA, the stochastic par-
tial differential equations (SPDE) approach (Lindgren et al. 2011) is
another statistical development that models GRFs much faster
(similar to kriging) as well as constructs flexible fields that are
better adept to handle datasets with complex spatial structure
(Lindgren 2013). This is often the case with fisheries data, since
fishermen tend to target particular fishing grounds, resulting in
clustered spatial patterns and large regions without any values.
Together, these new statistical methods and their implementa-
tion in R allows scientists to fit considerably faster and more
reliably complex spatiotemporal models (Rue et al. 2009).

The aim of this paper is to analyze bycatch data using hierar-
chical Bayesian spatiotemporal models fitted using these two
novel techniques. We present an analysis of Greenland shark
(Somniosus microcephalus) bycatch in the Canadian gillnet fishery in
Baffin Bay. We demonstrate how our approach can yield answers
to the ubiquitous questions behind bycatch studies, that is, to
(i) identify times and areas of higher bycatch risk (which may give
insight into the species biology, i.e., suitable habitat); (ii) identify
environmental and fisheries drivers affecting bycatch rates; and
(iii) identify plausible mitigation measures. In this paper, we first
fully describe the Greenland shark bycatch data, briefly discuss
relevant aspects of INLA and SPDE, and specify all models that
were investigated. We then address model selection, inference,
and goodness of fit. Details on the final model are provided in
Appendix A, and all R codes and datasets are available on the
R-INLA website. In closing, we discuss future opportunities for the
INLA framework in relation to bycatch studies.

Materials and methods

Greenland shark bycatch dataset
Baffin Bay and Davis Strait are two large basins between Nunavut’s

Baffin Island and Greenland that connect the Arctic and Atlantic
oceans. These regions sustain the only large-scale commercial
fisheries in Canada’s Arctic. A Greenland halibut (Reinhardtius
hippoglossoides) fishery in Baffin Bay began in 1996 as a small ex-
ploratory fishery but has been expanding greatly since 2001 (DFO
2014). Greenland sharks are commonly caught as bycatch and
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discarded (MacNeil et al. 2012). Currently, estimates of their bio-
mass, productivity, and fishing mortality are unknown, which
limits the ability to predict fishing impact on the Greenland shark
population. As a result, there is concern that the species could
become overexploited because of presumed low productivity;
hence, a precautionary approach to their management is advo-
cated (Davis et al. 2013). Investigating bycatch data, one of the only
available sources of information for the species, can provide in-
sights into the shark’s biology and help establish appropriate
management efforts.

At-sea observers are assigned to monitor the Greenland halibut
fishery (DFO 2014). Observers record location of the net (at the
start of the haul), target species (R. hippoglossoides) and mass cap-
tured, number of gillnet panels, mesh size, soak duration, depth
at which the net was set, and bycatch mass and count per haul.
Count information has only recently (since 2008) been recorded
for pelagic species, including Greenland sharks.

The observer dataset used for this case study represents 79.2% of
the total fishing effort (number of hauls) of the Baffin Bay gillnet
fleet over the 4-year period (2008–2011). Data were collected by a
Newfoundland and Labrador-based observer company and ob-
tained from Fisheries and Oceans Canada (DFO).

Gillnet vessels tend to be relatively small in size (65 feet; 1 foot =
0.304 m) and are allowed to carry a maximum of 500 nets per trip
(DFO 2014). Fishermen usually set several gillnets a day with on

average about 40–50 panels in each gillnet (DFO 2005). Since 2007,
a large portion of the Greenland shelf 11 750 km in the southeast
was closed to fishing for the protection of narwhal (Monodon
monoceros) and deepsea corals (DFO 2007). Gillnet effort is concen-
trated in areas to the north and south of the closure (Fig. 1). The
fishery has expanded over the years, for example, the northeast of
Baffin Bay (71°N) is a new fishing ground where the Greenland
shelf projects into Canadian waters and provides suitable depths
for halibut fishing.

There were 1647 hauls from 26 trips, spanning 2008 to 2011,
with all observations occurring between the months of July and
November. Three hauls were discarded because there was no in-
formation on the mass of Greenland halibut captured; none of
these hauls had shark bycatch. Another three hauls were inside
the closure or outside the 200 nautical mile (1 n.mi. = 1.852 km)
Canadian Exclusive Economic Zone (EEZ) and hence were also
disregarded. In addition, 25 hauls had recorded mass of Greenland
sharks but no associated counts. The majority of these (21 records)
were less than 300 kg. For each of these entries, we assumed a
count of one, which makes sense given the average mass of a
shark in the others hauls (127 kg). Hereinafter, a total of 1641 hauls
were included in the analysis (Table 1). We refer to each haul as a
fishing geolocation, 147 (9%) of which recorded bycatch of Green-
land shark; counts varied from 1 to 40 sharks per haul.

Fig. 1. (a) Spatial distribution of the observed Greenland halibut gillnet fishing hauls, location of the fishing closure (solid line), and Canadian
Exclusive Economic Zone (dashed line); (b) mesh used to calculate the Gaussian (Markov) random field in the SPDE approach; and (c) image of
a free-swimming Greenland shark.
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In addition to the observed data, ocean depth was extracted
from the National Oceanic and Atmospheric Administration
(NOAA) global relief model ETOPO1 (Amante and Eakins 2014).
Spatial data were projected from latitude–longitude locations on
the surface of a sphere into locations on a plane using NAD83
(CSRS) – UTM zone 19N, a coordinate reference system suitable for
use in Canada between 66°W and 72°W. The relationship between
shark bycatch and four variables of potential interest (duration
(soak time in hours and decimal minute), number of gillnet pan-
els, total catch of Greenland halibut (in metric tonnes, t), and the
bathymetry (metres, m)) were included in the models. Exploratory
analysis revealed no clear relationships between Greenland shark
bycatch and these covariates, with the exception of some evidence
of a nonlinear relationship with bathymetry (Fig. 2).

Hierarchical spatiotemporal model structure
Similar to a GLM framework, the response, in our case the

observed Greenland shark bycatch (count) at a particular fishing

geolocation and time, is assumed to have a distribution that
belongs to the exponential family, and the parameters of the
family (�) are linked to a structured additive predictor � through
a link function g(·) such that g��� � �, where the linear predictor �

is defined, in our case, as follows:

(1) � � �0 � �1Duration � �2Panels � �3TC.tspp

� �
k�1

K

fk(Bathymetry)wk � f(·)

where �0 is the intercept, and �1, �2, and �3 are the (linear) regres-
sion coefficients for our covariates: duration or soak time in hours
and decimal minutes (Duration), number of gillnet panels (Panels),
and catch (t) of Greenland halibut (TC.tspp), respectively. The func-
tion fk is the sum of smooth functions defining the random effect of
bathymetry (m), where regression coefficients vary with bathymetry
values (K values), and wk is a vector of known bathymetry values
defined for each of the fishing geolocations. This is equivalent to a
smooth function used in GAMs. f(·) is a semiparametric function
defining the spatiotemporal random effect included in the model
(Table 2). All of these components form the (nonobservable) latent
field defined as � = {�0, �, f}, where � and f are the covariates and
smooth functions, respectively, included in the linear predictor with
their appropriate priors (�).

The latent field is characterized by a joint normal (Gaussian)
multivariate distribution with mean 0 and precision matrix Q���

Table 1. Summary of the dataset showing the total
number of hauls with bycatch (>0), number of ob-
served hauls, mass (kg), and counts of Greenland shark
bycatch per year.

Year
Hauls with
bycatch Hauls Mass (kg) Counts

2008 46 411 5 027 66
2009 34 378 8 765 83
2010 20 374 4 435 21
2011 47 478 92 425 400

Fig. 2. Relationship between Greenland shark bycatch counts and covariates of interest. Results of fitting both a Poisson regression (solid
line) and a generalized additive model (broken line) are shown.
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(i.e., � � N�0, Q�1����). Each observation yi depends on a linear
combination of a subset of the elements of � defined as follows:

(2) yi|�, � � p�yi	�j

Aij
j, �	
The term Aij is the generic element of an observation matrix A

defined by the SPDE approach. Each yi is independent and identi-
cally distributed given the latent field �. Simplistically, the SPDE
method allows one to fully evaluate the continuous GRF as a dis-
cretely indexed random process (i.e., a Gaussian Markov Random
Field; Lindgren and Rue 2013), and it does so by subdividing the
domain D (the area of the ocean where the fishing fleet is active)
into triangular tiles, creating an index mesh (Lindgren and Rue
2013). Further built-in R-INLA commands are then used to con-
struct the observation matrix A that extracts the values of the
spatiotemporal random field at the measurement locations and
time points used for the parameter estimation. The likelihood is
linked to the latent field through �* (�* = A�) as

(3) p(y|�, �) � 

i�1

n

p(yi|�
�, �)

Since the Greenland shark bycatch data are counts character-
ized by many zeros, we evaluated Poisson and negative binomial
distributions, as well as their zero-inflated versions. R-INLA offers
different forms of zero-inflation, namely Types 0, 1, and 2. In a
nutshell, Type 0 is a hurdle model that treats the response vari-
able as being in a “perfect state” where the probability of bycatch
can only be positive (i.e., does not include zero), whereas Types 1
and 2 are mixture models (2 being an extension of 1, that allows
for additional zero probability), which describe the probability of
being in an “imperfect state” where positive events (e.g., bycatch)
may occur but are not certain and, as such, include both zero and
nonzero values. For more details refer to Martin et al. (2005) and
the R-INLA website. Table 2 lists all spatiotemporal correlation
structures evaluated in our models. Please see Cameletti et al.
(2012) and the R-INLA website for further documentation on these
latent random field models.

Inference, goodness of fit, and prediction
All analyses were performed using R (R Development Core

Team 2013), specifically the R-INLA package (Rue et al. 2009). The
INLA procedure, in accordance with the Bayesian approach, cal-
culates the marginal posterior distribution of all random effects
and parameters involved in the model. There are different options
offered in R-INLA with which to approximate the posterior mar-
ginal distributions; we used the most accurate one, the Laplace
(Martins et al. 2013). We also used the default and recommended

settings for priors (Held et al. 2010). These priors are vague priors
or approximations of “non-informative” priors, which have little
influence on the posterior distributions; hence, results are mostly
derived from the data (similar to a frequentist approach). Prior
sensitivity tests were conducted on the final best model. Further
information on priors is provided in Appendix A.

To use the SPDE approach, the first step is to create a mesh on
which the GRF is to be built; this mesh defines the spatial domain
of interest (�; Fig. 1b). This is straightforward in R-INLA, but still
requires some tuning. The mesh function creates by default a
constrained refined Delaunay triangulation (CRDT) for the set of
spatial locations provided (i.e., uses the observed fishing locations
as the triangle nodes). If desired, the mesh could be derived from
another set of points, for example, a regular grid. However, using
the discrete fishing locations offers precision and efficiency. With
CRDT, smaller size triangles can be defined in areas that have
been sampled (fished) and larger ones in areas with no informa-
tion (no fishing). This saves computational costs and increases the
accuracy of the spatial field where there is fishing. Best mesh
designs have more regular-shaped triangles and include some
outer extension to avoid the “boundary effect” (increased vari-
ance at borders; Lindgren and Rue 2013). Different mesh designs
were evaluated to investigate their effects during model selection.

Best candidate models were selected based on deviance infor-
mation criterion (DIC; Spiegelhalter et al. 2002). Further model
selection was performed on the three best models using cross-
validation; 10 samples, each with 1100 observations, were ran-
domly drawn from the dataset (total of 1641 observations) and
fitted with each model; the remaining 541 observations were used
for validation. DIC values and the mean squared error (MSE) using
the log of the positive observed values and the linear predictor
were calculated for each cross-validation. Note that MSE was only
computed for the positive counts (bycatch of shark), since it is
bycatch events that we are interested in predicting accurately.

A final model was chosen for model inference and prediction of
bycatch hotspots for 2008–2011. Estimated bycatch can be pre-
dicted over the whole spatial domain (�) determined by the mesh
(Fig. 1b). However, in our case study, there are large areas of Baffin
Bay that are not fished. To avoid predicting bycatch in areas where
fishing is unlikely, we first created a lattice of 1 km × 1 km grid
cells over � and selected only the cells within a 5 km radius
around our observed fishing locations. Note that these numbers
(1 and 5 km) are arbitrary; we could choose a larger or smaller grid
cell or radius, since we can predict bycatch everywhere in �.
However, predictions on finer grids and larger areas of � will be
more computationally intensive.

Bathymetry for each 1 km × 1 km grid cell was extracted from
the NOAA TOPO1 raster. Since Greenland halibut catch also fluc-
tuated in space and time, we interpolated catch for each grid cell
using a weighted mean, where the weights are proportional to
exp(–distance/a), where a is equal to 0.5 km, that is inversely
proportional to the distance. Spatial predictions of the expected

Table 2. Spatiotemporal correlation structures considered.

Identifier Spatiotemporal structure

m0 None
m1 Constant: f(s, t) = f(s) is a Matérn correlation structure with � = 1, where scale and variance need to be estimated
m2 Different each year: f(s, t) is a Matérn correlation structure like model m1 but with a different realization every year
m3a Correlated in consecutive years: f(s, t) is a combination of model m1 with additional correlation structure between

neighbouring years
m3b Exchangeable correlation between years: f(s, t) is similar to model m3a but correlation structure between years

is repeated (i.e., the correlation between years 1 and 2 is the same as that between years 1 and 4)
m4 Different for each month: similar to model m2 but the time index is month rather than year
m5a Correlated in consecutive months of the same year: same structure to model m3a for month
m5b Exchangeable correlation between months of the same year (e.g., 2009–2007 has the same correlation with

2009–2008 as with 2009–2009)

190 Can. J. Fish. Aquat. Sci. Vol. 72, 2015

Published by NRC Research Press

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
D

A
L

H
O

U
SI

E
 U

N
IV

E
R

 o
n 

07
/3

1/
17

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y.
 



bycatch for each year were then obtained by running the final
model with the mean values of the other covariates (Duration =
15.94 and Panels = 43.33) and the grid values of the bathymetry and
halibut catch. Results were then plotted on the 1 km × 1 km grid.

R scripts and datasets are available on the R-INLA website
(http://www.r-inla.org).

Results

Model selection
DIC results of all models tested are presented in Table 3. Models

ran from less than 10 s to 45 min on an Apple Darwin 10.8.0 (64-bit)
platform with 2.4 GHz Intel Core 2 Duo Processor. Models fitted
with a more elaborate spatiotemporal random field performed
better than those with no random field (m0) or one that is con-
stant over time (m1), irrespective of the likelihood. Models with
spatial correlation among years (m3a and m3b) did not perform as
well as the others, which treated years as independent.

Correlation among months was very high (around 90%), such
that m5 models were very similar. For further model selection,
m2, m4, and m5a were investigated. DIC and MSE results from
these models’ validation simulations are shown in Fig. 3. All mod-
els with the exception of their Type 0 zero-inflated Poisson and
negative binomial versions have similar DIC values (Fig. 3). How-
ever, MSE results show that the zero-inflated Type 2 Poisson and
negative binomial likelihood performs better with all three mod-
els (i.e., MSE values are smaller). However, when these models
were tested with different mesh designs with more triangulations
and different boundaries, the Poisson likelihood’s DIC values
were very sensitive (large fluctuations with zero values), whereas
the negative binomial likelihoods were stable irrespective of
the mesh used. For this reason, the zero-inflated Type 2 negative
binomial likelihood and the most parsimonious mesh (simplest
boundary and lesser number of triangulations) were selected.

All three models provide similar prediction performance, as
seen from the MSE boxplots in Fig. 3. Model m4 is not a practical
model for predictions purpose, since each month is an inde-
pendent realization of the random field. Under m2, we have a
common spatial pattern for months within each year and no cor-
relation between years. Under m5a, we have a high correlation
between consecutive months, within each year. Note that this
may have arisen because of observed hauls in consecutive months
but very close in time. For this reason and because it is a simpler
model, we selected m2 as our final model. This model includes a
different realization of a spatial correlation structure every year.
The model ran for less than 6 min on our platform. Inference,
posterior means, and simulations of fitting model m2 with a zero-
inflated negative binomial (Type 2) model are presented below.
Additional details on the structure of this final model can be
found in Appendix A.

Inference and prediction
Results for all parameters are shown in Table 4 and Fig. 4. Du-

ration of the hauls (soak time) had no significant effect. The num-
ber of gillnet panels was positively correlated with the amount of

bycatch. For every 10 panels, the expected bycatch increased by
approximately 30%. Total halibut catch was negatively correlated,
such that higher expected bycatch was associated with hauls
where less Greenland halibut was captured. Shallower waters
(<1000 m) were associated with higher bycatch, whereas deeper
waters (>1000 m) were associated with less bycatch; however, the
credible intervals were large (Fig. 4). The spatial correlation range

Table 3. DIC values for all models tested.

m0 m1 m2 m3a m3b m4 m5a m5b

Poisson 2630.46 1400.51 1171.36 1176.61 1177.74 1144.19 1139.26 1143.51
zpoisson0 1678.52 1394.45 1375.65 1380.46 1376.68 1376.66 1370.33 1368.60
zpoisson1 1665.22 1321.45 1178.56 1180.23 1180.35 1151.52 1153.06 1137.73
zpoisson2 1859.05 1352.43 1186.43 1189.52 1187.79 1160.64 1165.65 NA
nbinom 1442.40 1297.25 1182.62 1183.76 1181.94 1149.13 1157.12 1163.13
znbinom0 1484.98 1415.29 1389.23 1391.14 1390.26 1385.27 1388.60 1400.54
znbinom1 1442.79 1298.10 1185.19 1186.59 1184.92 1154.65 1160.51 1168.08
znbinom2 1448.39 1292.72 1172.73 1174.23 1173.77 1153.38 1159.47 1168.11

Note: Poisson and negative binomial with 0, 1, 2 are referring to the zero-inflated types. Note that model m5b with zero-inflated
Poisson 2 had a very large DIC suggesting that the model was inappropriate (NA).

Fig. 3. Model evaluation and selection. Shown are deviance
information criterion (DIC) and mean squared error (MSE) boxplots
under different likelihood families and spatiotemporal structures,
considering different samples of the data. Grey shades refer to m2
(dark grey), m4 (medium grey), and m5 (light grey) models. Note
that m5 refers to the m5a model.

Table 4. Posterior estimates (mean and 95% credibility
interval) of model parameters with negative binomial
zero-inflated Type 2 likelihood and m2 spatiotemporal
structure.

Parameters Mean Q 0.025 Q 0.975

Duration (hours and
decimal minutes)

0.0053 −0.0170 0.0275

Number of gillnet panel 0.0271 0.0100 0.0446
Total halibut catch (t) −0.1023 −0.1814 −0.0250
n 2.0316 0.9754 3.2489
 0.7557 0.3753 1.1876
Nominal range (km) 174.7362 75.2938 291.5277
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(nominal range) was 175 km with 95% credible interval (75, 292).
The posterior mean of the overdispersion parameter (n) was 2.03
and the 95% credible interval was (0.98, 3.25). Since this overdis-
persion parameter was significantly greater than zero, we can
conclude that there was evidence that bycatch was clustered. The
posterior mean of  was 0.76 with 95% credible interval (0.4, 1.19).
This indicated that the extra probability of zero was also signifi-
cantly dependent on the linear predictor (i.e., greater values of the
linear predictor resulted in less zeros).

Predicted versus observed bycatch of Greenland shark are
shown in Fig. 5. The model was able to predict with more accuracy
small to medium bycatch events (1–10 sharks per haul) but under-

estimated rare catch of large numbers of sharks (>20 sharks). This
is expected since the zero-inflated negative binomial distribution
is a generalization of the Poisson distribution, which assumes a
variance equal to the mean, such that larger means are associated
with larger errors. The mean and standard deviation of the yearly
spatial random field are shown in Fig. 6. The final model included
a different realization of the GRF every year, and accordingly, the

Fig. 4. Mean and the 2.5% and 97.5% quantiles for the posterior
distribution of the bathymetry smoothed regression effect.

Fig. 5. Observed versus predicted Greenland shark bycatch (counts)
of the final model, including a negative binomial zero-inflated
Type 2 likelihood and m2 spatiotemporal structure.

Fig. 6. Summary of the spatial random effect (Gaussian random
field) every year included in the final model with negative binomial
zero-inflated Type 2 likelihood and m2 spatiotemporal structure. For
the coloured version of this figure, refer to the Web site at http://
www.nrcresearchpress.com/doi/full/10.1139/cjfas-2014-0159.
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spatial effects differ from year to year. The southeastern part of
Baffin Bay has always been negatively correlated with Greenland
shark bycatch, while the waters near the coast (fished in 2009,
2011) and the northeastern fishing ground (fished in 2010, 2011)
were positively correlated with Greenland shark bycatch. Stan-
dard deviation patterns for the spatial random field are driven by
the amount of information; there is reduced uncertainty where
fishing occurred. Prediction of bycatch risk (expected mean
counts) of Greenland shark is shown in Fig. 7. Each year is differ-
ent, but high levels of bycatch remain the same throughout the
year (i.e., no month effect). Shallower waters observed in 2011
and the northernmost area in 2011 were associated with nearly
100 times higher bycatch risk, calculated as the exponential dif-
ferences between the mean linear predictor values of these re-
gions: exp[3.1 – (–1.5)].

Discussion
The objective of this study was to detail a computationally effi-

cient and statistically powerful approach to analyze spatially ex-
plicit bycatch data and provide an example of its application using
the case study of Greenland shark bycatch in Canadian gillnet
fisheries in Baffin Bay. The first part of this discussion is con-
cerned with the biological results and management applications,
while the second part focuses on the model and modelling ap-
proach and future applications to bycatch studies.

Our results provide novel insight into the pattern of Greenland
shark bycatch in gillnet fisheries. There is evidence that fishing
locations less than 175 km apart are spatially correlated, hence

sharing similar underlying processes (e.g., oceanographical, bio-
logical, fisheries). In our case, most of the fishing clusters are
spatially dependent, with the exception of the southernmost and
northernmost fishing clusters. This suggests that spatially explicit
bycatch management could potentially be considered for these
two regions. Greenland shark bycatch patterns are distinct from
year to year, but hotspots remain the same for the fishing season.
Given that the fishing season is currently short, limited by the
ice-free season during the summer months, it is sensible that
bycatch hotspots remain constant throughout the year. Maps
show clear evidence of bycatch hotspots (100 times higher risk),
particularly in shallower areas in coastal fjords near Broughton
Island as well as to the northeast of Baffin Bay. Some of these
coastal areas (Scott Inlet and Sam Ford Trough) may be nursery
grounds for the species (N. Hussey, unpublished data), which may
explain the higher incidence of bycatch in these areas. The north-
east hotspot, on the other end, appeared to be associated with
larger (>200 kg) individuals (A.C. Godin, unpublished data),
which were present across a broad geographic area in the region
(Campana et al. 2013). The northeast hotspot was only present in
2011, although was fished as well in 2009. This area may be of
some biological importance to the species, but future bycatch
monitoring and tracking studies are required here. Greenland
shark bycatch is clustered; where bycatch occurs, it is more likely
to catch more than one shark in the same haul, which supports
recent tracking data suggesting that Greenland sharks have
schooling behavior (N. Hussey, unpublished data). Note that we
assume the count of a single animal in hauls with observed

Fig. 7. Simulated posterior means of the relative risk of Greenland shark bycatch (counts) in the Baffin Bay Greenland halibut gillnet fishery
for the years 2008–2011. For the coloured version of this figure, refer to the Web site at http://www.nrcresearchpress.com/doi/full/10.1139/
cjfas-2014-0159.
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bycatch mass but missing count information, such that this
“clustering” parameter is most likely larger than estimated.

Given the increasing commercial fishing interest in the region
(Christiansen et al. 2014) and the recent expansion of gillnet fish-
eries, and high postrelease mortality associated with gillnets
(usually >70%; e.g., Manire et al. 2001; Thorpe and Frierson 2009),
precautionary management that aims at minimizing bycatch of
Greenland shark is timely. Our modelling approach allows fore-
casting of bycatch patterns on a year-by-year basis at a high spatial
resolution. In our case study, hauls set in shallower waters, with
more gillnet panels, and less halibut yield resulted in more shark
bycatch. Hence, sensible bycatch management options could be to
limit fishing in hotspots (e.g., using time–area closure or spatially
explicit discard quotas), set a maximum number of gillnet panels
per haul, or limit fishing to deep waters (>1000 m). The relation-
ship with low halibut yield associated with higher shark bycatch
is less intuitive. Greenland halibut may display some avoidance
behaviors when confronted with higher abundance of predators,
but more likely, habitat conditions along the Baffin coast (e.g.,
temperature, salinity) are not as favourable for Greenland halibut
as they are for Greenland sharks. The above is by no means an
exhaustive list of mitigation options, but highlights those that
can be directly inferred from our model results. We caution the
readers that the analysis is based on a limited dataset with only
4 replicated years. The data were statistically challenging with
overdispersion, zero-inflation, and discontinuous temporal and
spatial domains (i.e., patchy fishing pattern), and not all fishing
grounds were fished every year. Our case study was not attempt-
ing to describe the full cost–benefit of bycatch mitigations, but
rather to present an effective modelling scheme for inference and
predictions, which could eventually be used to quantitatively as-
sess the effect of spatially explicit management scenarios.

Our analysis captures the variations in fishing effort as well as
the correlation with bathymetry and fishery variables, in addition
to the spatiotemporal random effect. This spatiotemporal random
field was necessary to rigorously capture the heterogeneity of
Greenland shark bycatch. In general, bycatch studies always find
that spatial and temporal factors are very influential factors for
bycatch distribution, while other factors are of lesser importance
(e.g., Megalofonou et al. 2009; Winter et al. 2011). Hotspots are
sensitive to the structure of the data; Viana et al. (2012) showed
that omitting the hierarchical and spatial and temporal structure
in the modelling pattern of discards in the Irish Sea greatly affects
the ability to characterize hotspots. This strongly indicates that
there is a need to better incorporate space (and time) within the
modelling scheme when analyzing bycatch data. However, there
has been a slow progress in this area, most likely due to the
unique difficulties arising from the spatial structure of fisheries
data and the large computational burden of fitting complex spa-
tiotemporal models.

The proposed Bayesian hierarchical spatiotemporal models are
extremely powerful and flexible, specifically when the focus of
the study is to quantify the spatial magnitude and uncertainty of
this process. This is because the latent field is explicitly specified
in the hierarchical model, such that information can be directly
extracted from the model. To our knowledge, no applied bycatch
studies to date have included such random processes to better
capture the spatial and temporal correlation in the data (but see
Sims et al. 2008; Viana et al. 2012). This is somewhat surprising
considering the fact that the use of GRFs is very popular in the
field of epidemiology (Best et al. 2005), where the research interest
is analogous to bycatch studies: describing the variation of a bio-
logical process over space and time.

However, it is our hope that INLA, SPDE, and their R interface
will allow fisheries bycatch scientists to explore these sophisti-
cated models, which can now be more easily fitted. INLA avoids
the vast computational demands of MCMC methods, and SPDE
directly models georeferenced data rather than gridding the data

first, which necessarily results in a substantial loss of informa-
tion. Moreover, probability maps can easily be obtained from the
posterior distribution, and results are more intuitive and inter-
pretable (i.e., the probability is explicit) for nonstatisticians than
p values (Wade 2000). Unfortunately, many fisheries receive very
little observer coverage, mostly because of the expense associated
with such programs. Hence, observer-based bycatch datasets are
often of poor quality, and maps of raw bycatch rates can be mis-
leading (Sims et al. 2008). In such cases, it is especially important
to include the hierarchical structure and spatiotemporal hetero-
geneity to better estimate total bycatch and hotspot locations for
the fleet of interest. The framework we developed here allows for
this and can be extended to complex situation where multispecies
bycatch occurrences are of interest (Sims et al. 2008). Moreover,
since the computational cost is low and time constraints not an
issue, scientists can now simulate a large number of cost–benefit
scenarios with which to investigate best management options.

R-INLA is continuously evolving, greatly extending the scope of
models available to applied scientists. These methods have now
been applied in health sciences (Bessell et al. 2010; Li et al. 2012;
Musenge et al. 2012; Wilking et al. 2012), climate research
(Cameletti et al. 2012), ecology (Johnson et al. 2011; Haas et al. 2011;
Holand et al. 2013; Illian et al. 2013), and recently in marine ecol-
ogy research (Muñoz et al. 2012). The package interface resembles
the glm function in R, such that scientists already familiar with
these common tools should find it straightforward to use R-INLA.
An advantage of the Bayesian approach is that prior knowledge
can be incorporated into the model to get more precise posterior
distributions. Instead of using noninformative priors (default
priors in R-INLA), user-friendly commands for prior specificity are
currently undergoing development (H. Rue, personal communica-
tion). Moreover, there is great interest in bycatch studies in com-
bining datasets from different sources (e.g., oceanographic data)
to better predict high incidental catch. Each subset of data may be
described by a different family of distributions. Fitting models
with different likelihoods is nearly impossible with most popular
R packages, but is implemented in R-INLA. See Martins et al. (2013)
for a complete overview of INLA’s new features.

The models that we have proposed here are not yet widely used
in fisheries and aquatic sciences. To this end, we have demon-
strated the merits of using Bayesian hierarchical spatiotemporal
models, for bycatch studies in particular, but have gone further
to present an effective way of fully implementing these models
(R-INLA). Bycatch studies tend to have a strong ecological focus,
seeking insight into the causal drivers of bycatch frequency and
spatial distribution. However, increasing demand for mapped
products for fisheries spatial planning is requiring scientists to
look into new statistical techniques that can explicitly include the
inherent uncertainties associated with the observations, sam-
pling, models, and parameters, such that accurate predictions of
bycatch can be obtained and included in decision-making. Under
a Bayesian hierarchical model, all uncertainties (e.g., resulting
from sampling bias and uncertainty due to the variability across
space (and time)) are incorporated, and as such it is straightfor-
ward to obtain posterior predictive probability distributions for
nonsampled areas as demonstrated in our case study. By making
available both the data and the code necessary to implement the
models for our particular application, we hope to facilitate the
uptake of these powerful approaches by marine scientists.

Acknowledgements
We acknowledge DFO, especially Margaret Treble, who pro-

vided in-depth details on the Greenland halibut fishery, and Todd
Inkpen and Carol Ann Peters, who supplied the observer data. We
are greatly indebted to Havard Rue for hosting A.C.G. and for
generous advice and suggestions throughout this project. This
research was supported by the Natural Sciences and Engineering
Research Council of Canada (NSERC) through an Industrial Post-

194 Can. J. Fish. Aquat. Sci. Vol. 72, 2015

Published by NRC Research Press

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
D

A
L

H
O

U
SI

E
 U

N
IV

E
R

 o
n 

07
/3

1/
17

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y.
 



graduate Scholarship to A.C.G., a Discovery Grant to J.M.F., and a
Canada Strategic Network Grant (NETGP 375118-08) to J.M.F. via
the Ocean Tracking Network. In addition, A.C.G. received funding
from WWF–Canada, and E.T.K. received funds from the Research
Council of Norway.

References
Amante, C., and Eakins, B.W. 2014. ETOPO1 1 arc-minute global relief model:

procedures, data sources and analysis [online]. NOAA Tech. Memo. NESDIS
NGDC-24. National Geophysical Data Center, NOAA. doi:10.7289/V5C8276M.
Available from http://www.ngdc.noaa.gov/mgg/global/global.html [accessed
29 October 2014].

Barlow, P.F., and Berkson, J. 2012. Evaluating methods for estimating rare events
with zero-heavy data: a simulation model estimating sea turtle bycatch in the
pelagic longline fishery. Fish. Bull. 110(3): 344–360.

Bessell, P.R., Matthews, L., Smith-Palmer, A., Rotariu, O., Strachan, N.J.,
Forbes, K.J., Cowden, J.M., Reid, S.W., and Innocent, G.T. 2010. Geographic
determinants of reported human Campylobacter infections in Scotland. BMC
Public Health, 10: 423. doi:10.1186/1471-2458-10-423. PMID:20633277.

Best, N., Richardson, S., and Thomson, A. 2005. A comparison of Bayesian spatial
models for disease mapping. Stat. Methods Med. Res. 14(1): 35–59. doi:10.1191/
0962280205sm388oa. PMID:15690999.

Bjorge, A., Skern-Mauritzen, M., and Rossman, M.C. 2013. Estimated bycatch of
harbour porpoise (Phocoena phocoena) in two coastal gillnet fisheries in
Norway, 2006–2008. Mitigation and implications for conservation. Biol. Con-
serv. 161: 164–173. doi:10.1016/j.biocon.2013.03.009.

Brodziak, J., and Walsh, W.A. 2013. Model selection and multimodel inference
for standardizing catch rates of bycatch species: a case study of oceanic
whitetip shark in the Hawaii-based longline fishery. Can. J. Fish. Aquat. Sci.
70(12): 1723–1740. doi:10.1139/cjfas-2013-0111.

Cambiè, G., Sánchez-Carnero, N., Mingozzi, T., Muiño, R., and Freire, J. 2012.
Identifying and mapping local bycatch hotspots of loggerhead sea turtles
using a GIS-based method: implications for conservation. Mar. Biol. 160(3):
653–665. doi:10.1007/s00227-012-2120-5.

Cameletti, M., Finn Lindgren, F., Simpson, D., and Rue, H. 2012. Spatio-temporal
modeling of particulate matter concentration through the SPDE approach.
Adv. Stat. Anal. 97(2): 109–131. doi:10.1007/s10182-012-0196-3.

Campana, S.E., Fisk, A.T., and Klimley, A.P. 2013. Movements of Arctic and north-
west Atlantic Greenland shark (Somniosus microcephalus) monitored with
archival satellite pop-up tags suggest long-range migrations. Deep Sea Res
Part II Top. Stud. Oceanogr. [In press.] doi:10.1016/j.dsr2.2013.11.001.

Christiansen, J.S., Mecklenburg, C.W., and Karamushko, O.V. 2014. Arctic ma-
rine fishes and their fisheries in light of global change. Global Change Biol.
20(2): 352–359. doi:10.1111/gcb.12395. PMID:24105993.

Ciannelli, L., Fauchald, P., Chan, K., Agostini, V., and Dingsor, G. 2008. Spatial
fisheries ecology: recent progress and future prospects. J. Mar. Syst. 71(3–4):
223–236. doi:10.1016/j.jmarsys.2007.02.031.

Clark, J.S., Carpenter, S.R., Barber, M., Collins, S., Dobson, A., Foley, J.A.,
Lodge, D.M., Pascual, M., Pielke, R., Pizer, W., Pringle, C., Reid, W.V.,
Rose, K.A., Sala, O., Schlesinger, W.H., Wall, D.H., and Wear, D. 2001. Ecolog-
ical forecasts: an emerging imperative. Science, 293(5530): 657–660. doi:10.
1126/science.293.5530.657. PMID:11474103.

Cressie, N., Calder, C.A., Clark, J.S., Ver Hoef, J.M., and Wikle, C.K. 2009. Account-
ing for uncertainty in ecological analysis: the strengths and limitations of
hierarchical statistical modeling. Ecol. Appl. 19(3): 553–570. doi:10.1890/07-
0744.1. PMID:19425416.

Davies, R.W.D., Cripps, S.J., Nickson, A., and Porter, G. 2009. Defining and esti-
mating global marine fisheries bycatch. Mar. Pol. 33(4): 661–672. doi:10.1016/
j.marpol.2009.01.003.

Davis, B., VanderZwaag, D.L., Cosandey-Godin, A., Hussey, N.E., Kessel, S.T., and
Worm, B. 2013. The conservation of the Greenland shark (Somniosus
microcephalus): setting scientific, law, and policy coordinates for avoiding a
species at risk. J. Int. Wildl. Law Pol. 16(4): 300–330. doi:10.1080/13880292.
2013.805073.

DFO. 2005. Fishery management plan Greenland halibut. NAFO Subarea 0 2006–
2008. Fisheries and Oceans Canada, Winnipeg, Man.

DFO. 2007. Development of a closed area in NAFO 0A to protect narwhal over-
wintering grounds, including deep-sea corals. Fisheries and Oceans Canada,
Central and Arctic Region.

DFO. 2014. Integrated fishery management plan Greenland halibut (Reinhardtius
hippoglossoides) Northwest Atlantic Fisheries Organization Subarea 0 Effective
2014.

Diggle, P.J., and Ribeiro, P.J., Jr. 2007. Model-based geostatistics. Springer, New
York.

Douvere, F. 2008. The importance of marine spatial planning in advancing
ecosystem-based sea use management. Mar. Pol. 32(5): 762–771. doi:10.1016/j.
marpol.2008.03.021.

Dunn, D.C., Boustany, A.M., and Halpin, P.N. 2011. Spatio-temporal management
of fisheries to reduce by-catch and increase fishing selectivity. Fish Fish. 12(1):
110–119. doi:10.1111/j.1467-2979.2010.00388.x.

FAO. 2011. International guidelines on bycatch management and reduction of
discards [online]. Food and Agriculture Organization of the United Na-

tions, Rome. Available from http://www.fao.org/docrep/015/ba0022t/
ba0022t00.pdf.

Garcia, S.M., Zerbi, A., Aliaume, C., Do Chi, T., and Lasserre, G. 2003. The ecosys-
tem approach to fisheries. Issues, terminology, principles, institutional foun-
dations, implementation and outlook. FAO Fisheries Technical Paper, FAO,
Rome, Italy.

Gardner, B., Sullivan, P.J., Epperly, S., and Morreale, S.J. 2008. Hierarchical mod-
eling of bycatch rates of sea turtles in the western North Atlantic. Endan-
gered Species Res. 5(December): 279–289. doi:10.3354/esr00105.

Haas, S.E., Hooten, M.B., Rizzo, D.M., and Meentemeyer, R.K. 2011. Forest species
diversity reduces disease risk in a generalist plant pathogen invasion. Ecol.
Lett. 14(11): 1108–1116. doi:10.1111/j.1461-0248.2011.01679.x. PMID:21884563.

Hall, M.A., Alverson, D.L., and Metuzals, K.I. 2000. By-Catch: Problems and Solu-
tions. Mar. Pollut. Bull. 41(1–6): 204–219. doi:10.1016/S0025-326X(00)00111-9.

Harden, L.A., and Willard, A.S. 2012. Using spatial and behavioral data to evalu-
ate the seasonal bycatch risk of diamondback terrapins Malaclemys terrapin in
crab pots. Mar. Ecol. Progr. Ser. 467: 207–217. doi:10.3354/meps09958.

Harley, S.J., and Myers, R.A. 2001. Hierarchical Bayesian models of length-
specific catchability of research trawl surveys. Can. J. Fish. Aquat. Sci. 58(8):
1569–1584. doi:10.1139/f01-097.

Held, L., Schrodle, B., and Rue, H. 2010. Posterior and cross-validatory predictive
checks: a comparison of MCMC and INLA. In Statistical modelling and regres-
sion structures. pp. 111–131.

Holand, A.M., Steinsland, I., Martino, S., and Jensen, H. 2013. Animal models and
integrated nested Laplace approximations. G3: Genes Genomes Genet. 3(8):
1241–1251. doi:10.1534/g3.113.006700. PMID:23708299.

Huang, H.-W., and Yeh, Y.-M. 2011. Impact of Taiwanese distant water longline
fisheries on the Pacific seabirds: finding hotspots on the high seas. Anim.
Conserv. 14(5): 562–574. doi:10.1111/j.1469-1795.2011.00462.x.

Illian, J.B., Martino, S., Sørbye, S.H., Gallego-Fernández, J.B., Zunzunegui, M.,
Paz Esquivias, M., and Travis, J.M.J. 2013. Fitting complex ecological point
process models with integrated nested Laplace approximation. Methods
Ecol. Evol. 4(4): 305–315. doi:10.1111/2041-210x.12017.

Jannot, J.E., and Holland, D.S. 2013. Identifying ecological and fishing drivers of
bycatch in a U.S. groundfish fishery. Ecol. Appl. 23(7): 1645–1658. doi:10.1890/
12-2225.1.

Jiménez, S., Domingo, A., and Brazeiro, A. 2009. Seabird bycatch in the South-
west Atlantic: interaction with the Uruguayan pelagic longline fishery. Polar
Biol. 32: 187–196. doi:10.1007/s00300-008-0519-8.

Johnson, D.S., London, J.M., and Kuhn, C.E. 2011. Bayesian inference for animal
space use and other movement metrics. J. Agric. Biol. Environ. Stat. 16(3):
357–370. doi:10.1007/s13253-011-0056-8.

Kelleher, K. 2005. Discards in the worlds marine fisheries. An update [online].
Available from http://www.fao.org/docrep/008/y5936e/y5936e00.htm.

Kirby, D.S., and Ward, P. 2014. Standards for the effective management of fish-
eries bycatch. Mar. Pol. 44: 419–426. doi:10.1016/j.marpol.2013.10.008.

Lewison, R.L., Crowder, L.B., Read, A.J., and Freeman, S.A. 2004. Understanding
impacts of fisheries bycatch on marine megafauna. Trends Ecol. Evol. 19(11):
598–604. doi:10.1016/j.tree.2004.09.004.

Li, Y., Brown, P., Rue, H., al-Maini, M., and Fortin, P. 2012. Spatial modelling of
lupus incidence over 40 years with changes in census areas. J. R. Stat. Soc.
Ser. C Appl. Stat. 61(1): 99–115. doi:10.1111/j.1467-9876.2011.01004.x.

Lindgren, F. 2013. Continuous domain spatial models in R-INLA. ISBA Bull.
19(4): 1–8.

Lindgren, F., and Rue, H. 2013. Bayesian spatial and spatio-temporal modelling
with R-INLA. Journal of Statistical Software. [In press.]

Lindgren, F., Rue, H., and Lindström, J. 2011. An explicit link between Gaussian
fields and Gaussian Markov random fields: the stochastic partial differential
equation approach. J. R. Stat. Soc. Ser. B Stat. Methodol. 73(4): 423–498. doi:
10.1111/j.1467-9868.2011.00777.x.

MacNeil, M.A., McMeans, B.C., Hussey, N.E., Vecsei, P., Svavarsson, J.,
Kovacs, K.M., Lydersen, C., Treble, M.A., Skomal, G.B., Ramsey, M., and
Fisk, A.T. 2012. Biology of the Greenland shark Somniosus microcephalus. J. Fish
Biol. 80(5): 991–1018. doi:10.1111/j.1095-8649.2012.03257.x. PMID:22497371.

Manire, C., Hueter, R., Hull, E., and Spieler, R. 2001. Serological changes associ-
ated with gill-net capture and restraint in three species of sharks. Trans. Am.
Fish. Soc. 130(6): 1038–1048. doi:10.1577/1548-8659(2001)130<1038:SCAWGN>
2.0.CO;2.

Martin, T.G., Wintle, B.A., Rhodes, J.R., Kuhnert, P.M., Field, S.A., Low-Choy, S.J.,
Tyre, A.J., and Possingham, H.P. 2005. Zero tolerance ecology: improving
ecological inference by modelling the source of zero observations. Ecol. Lett.
8(11): 1235–1246. doi:10.1111/j.1461-0248.2005.00826.x. PMID:21352447.

Martins, T.G., Simpson, D., Lindgren, F., and Rue, H. 2013. Bayesian computing
with INLA: new features. Comput. Stat. Data Anal. 67: 68–83. doi:10.1016/j.
csda.2013.04.014.

McClellan, C.M., Read, A.J., Price, B.A., Cluse, W.M., and Godfrey, M.H. 2009.
Using telemetry to mitigate the bycatch of long-lived marine vertebrates.
Ecol. Appl. 19(6): 1660–1671. doi:10.1890/08-1091.1. PMID:19769110.

Megalofonou, P., Damalas, D., Deflorio, M., and De Metrio, G. 2009. Modeling
environmental, spatial, temporal, and operational effects on blue shark by-
catches in the Mediterranean long-line fishery. J. Appl. Ichthyol. 25: 47–55.
doi:10.1111/j.1439-0426.2009.01221.x.

Minami, M., Lennert-Cody, C.E., Gao, W., and Román-Verdesoto, M. 2007. Mod-

Cosandey-Godin et al. 195

Published by NRC Research Press

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.n
rc

re
se

ar
ch

pr
es

s.
co

m
 b

y 
D

A
L

H
O

U
SI

E
 U

N
IV

E
R

 o
n 

07
/3

1/
17

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y.
 

http://dx.doi.org/10.7289/V5C8276M
http://www.ngdc.noaa.gov/mgg/global/global.html
http://dx.doi.org/10.1186/1471-2458-10-423
http://www.ncbi.nlm.nih.gov/pubmed/20633277
http://dx.doi.org/10.1191/0962280205sm388oa
http://dx.doi.org/10.1191/0962280205sm388oa
http://www.ncbi.nlm.nih.gov/pubmed/15690999
http://dx.doi.org/10.1016/j.biocon.2013.03.009
http://dx.doi.org/10.1139/cjfas-2013-0111
http://dx.doi.org/10.1007/s00227-012-2120-5
http://dx.doi.org/10.1007/s10182-012-0196-3
http://dx.doi.org/10.1016/j.dsr2.2013.11.001
http://dx.doi.org/10.1111/gcb.12395
http://www.ncbi.nlm.nih.gov/pubmed/24105993
http://dx.doi.org/10.1016/j.jmarsys.2007.02.031
http://dx.doi.org/10.1126/science.293.5530.657
http://dx.doi.org/10.1126/science.293.5530.657
http://www.ncbi.nlm.nih.gov/pubmed/11474103
http://dx.doi.org/10.1890/07-0744.1
http://dx.doi.org/10.1890/07-0744.1
http://www.ncbi.nlm.nih.gov/pubmed/19425416
http://dx.doi.org/10.1016/j.marpol.2009.01.003
http://dx.doi.org/10.1016/j.marpol.2009.01.003
http://dx.doi.org/10.1080/13880292.2013.805073
http://dx.doi.org/10.1080/13880292.2013.805073
http://dx.doi.org/10.1016/j.marpol.2008.03.021
http://dx.doi.org/10.1016/j.marpol.2008.03.021
http://dx.doi.org/10.1111/j.1467-2979.2010.00388.x
http://www.fao.org/docrep/015/ba0022t/ba0022t00.pdf
http://www.fao.org/docrep/015/ba0022t/ba0022t00.pdf
http://dx.doi.org/10.3354/esr00105
http://dx.doi.org/10.1111/j.1461-0248.2011.01679.x
http://www.ncbi.nlm.nih.gov/pubmed/21884563
http://dx.doi.org/10.1016/S0025-326X(00)00111-9
http://dx.doi.org/10.3354/meps09958
http://dx.doi.org/10.1139/f01-097
http://dx.doi.org/10.1534/g3.113.006700
http://www.ncbi.nlm.nih.gov/pubmed/23708299
http://dx.doi.org/10.1111/j.1469-1795.2011.00462.x
http://dx.doi.org/10.1111/2041-210x.12017
http://dx.doi.org/10.1890/12-2225.1
http://dx.doi.org/10.1890/12-2225.1
http://dx.doi.org/10.1007/s00300-008-0519-8
http://dx.doi.org/10.1007/s13253-011-0056-8
http://www.fao.org/docrep/008/y5936e/y5936e00.htm
http://dx.doi.org/10.1016/j.marpol.2013.10.008
http://dx.doi.org/10.1016/j.tree.2004.09.004
http://dx.doi.org/10.1111/j.1467-9876.2011.01004.x
http://dx.doi.org/10.1111/j.1467-9868.2011.00777.x
http://dx.doi.org/10.1111/j.1095-8649.2012.03257.x
http://www.ncbi.nlm.nih.gov/pubmed/22497371
http://dx.doi.org/10.1577/1548-8659(2001)130%3C1038%3ASCAWGN%3E2.0.CO;2
http://dx.doi.org/10.1577/1548-8659(2001)130%3C1038%3ASCAWGN%3E2.0.CO;2
http://dx.doi.org/10.1111/j.1461-0248.2005.00826.x
http://www.ncbi.nlm.nih.gov/pubmed/21352447
http://dx.doi.org/10.1016/j.csda.2013.04.014
http://dx.doi.org/10.1016/j.csda.2013.04.014
http://dx.doi.org/10.1890/08-1091.1
http://www.ncbi.nlm.nih.gov/pubmed/19769110
http://dx.doi.org/10.1111/j.1439-0426.2009.01221.x


eling shark bycatch: The zero-inflated negative binomial regression model
with smoothing. Fish. Res. 84: 210–221. doi:10.1016/j.fishres.2006.10.019.

Moore, J.E., and Read, A.J. 2008. A Bayesian uncertainty analysis of cetacean
demography and bycatch mortality using age-at-death data. Ecol. Appl. 18(8):
1914–1931. doi:10.1890/07-0862.1. PMID:19263888.

Muñoz, F., Pennino, M.G., Conesa, D., López-Quílez, A., and Bellido, J.M. 2012.
Estimation and prediction of the spatial occurrence of fish species using
Bayesian latent Gaussian models. Stoch. Environ. Res. Risk Assess. 27(5):
1171–1180. doi:10.1007/s00477-012-0652-3.

Murray, K.T., and Orphanides, C.D. 2013. Estimating the risk of loggerhead turtle
Caretta caretta bycatch in the US mid-Atlantic using fishery-independent
and -dependent data. Mar. Ecol. Progr. Ser. 477: 259–270. doi:10.3354/
meps10173.

Musenge, E., Chirwa, T.F., Kahn, K., and Vounatsou, P. 2012. Bayesian analysis of
zero inflated spatiotemporal HIV/TB child mortality data through the INLA
and SPDE approaches: Applied to data observed between 1992 and 2010 in
rural North East South Africa. Int. J. Appl. Earth Obs. Geoinform. 22: 86–98.
doi:10.1016/j.jag.2012.04.001.

Orphanides, C.D. 2010. Protected species bycatch estimating approaches: esti-
mating harbor porpoise bycatch in U.S. northwestern Atlantic gillnet fisher-
ies. J. Northw. Atl. Fish. Sci. 42: 55–76. doi:10.2960/J.v42.m647.

Ortiz, M., and Arocha, F. 2004. Alternative error distribution models for standard-
ization of catch rates of non-target species from a pelagic longline fishery: bill-
fish species in the Venezuelan tuna longline fishery. Fish. Res. 70(2–3): 275–297.
doi:10.1016/j.fishres.2004.08.028.

Pikitch, E.K., Santora, C., Babcock, E.A., Bakun, A., Bonfil, R., Conover, D.O.,
Dayton, P., Doukakis, P., Fluharty, D., Heneman, B., Houde, E.D., and Link, J.
2004. Ecosystem-based fishery management. Science, 305: 346–347. doi:10.
1126/science.1098222. PMID:15256658.

R Development Core Team. 2013. R: a language and environment for statistical
computing [online]. R Foundation for Statistical Computing, Vienna, Austria.
Available from http://www.r-project.org/.

Rivot, E., Prévost, E., Cuzol, A., Baglinière, J.-L., and Parent, E. 2008. Hierarchical
Bayesian modelling with habitat and time covariates for estimating riverine
fish population size by successive removal method. Can. J. Fish. Aquat. Sci.
133: 117–133. doi:10.1139/F07-153.

Roe, J.H., Morreale, S.J., Paladino, F.V., Shillinger, G.L., Benson, S.R., Eckert, S.A.,
Bailey, H., Tomillo, P.S., Bograd, S.J., Eguchi, T., Dutton, P.H., Seminoff, J.A.,
Block, B.A., and Spotila, J.R. 2014. Predicting bycatch hotspots for endangered
leatherback turtles on longlines in the Pacific Ocean. Proc. R. Soc. B Biol. Sci.
281: doi:10.1098/rspb.2013.2559. PMID:24403331.

Rue, H., and Held, L. 2005. Gaussian Markov random fields: theory and applica-
tions [online]. Chapman and Hall CRC, Boca Raton, Fla. Available from http://
www.math.ntnu.no/�hrue/GMRF-book/.

Rue, H., and Martino, S. 2007. Approximate Bayesian inference for hierarchical
Gaussian Markov random field models. J. Stat. Plann. Infer. 137(10): 3177–
3192. doi:10.1016/j.jspi.2006.07.016.

Rue, H., Martino, S., and Chopin, N. 2009. Approximate Bayesian inference for
latent Gaussian models by using integrated nested Laplace approximations.
J. R. Stat. Soc. Ser. B Stat. Methodol. 71(2): 319–392. doi:10.1111/j.1467-9868.
2008.00700.x.

Sims, M., Cox, T., and Lewison, R. 2008. Modeling spatial patterns in fisheries
bycatch: improving bycatch maps to aid fisheries management. Ecol. Appl.
18(3): 649–661. doi:10.1890/07-0685.1. PMID:18488624.

Spiegelhalter, D.J., Best, N.G., Carlin, B.P., and van der Linde, A. 2002. Bayesian
measures of model complexity and fit. J. R. Stat. Soc. Ser. B Stat. Methodol.
64(4): 583–639. doi:10.1111/1467-9868.00353.

Thorpe, T., and Frierson, D. 2009. Bycatch mitigation assessment for sharks
caught in coastal anchored gillnets. Fish. Res. 98(1–3): 102–112. doi:10.1016/j.
fishres.2009.04.003.

Tobler, W.R. 1970. A computer movie simulating urban growth in the Detroit
region. Econ. Geogr. 2(46): 234–240. doi:10.2307/143141.

Trebilco, R., Gales, R., Lawrence, E., Alderman, R., Robertson, G., and Baker, G.B.
2010. Characterizing seabird bycatch in the eastern Australian tuna and bill-
fish pelagic longline fishery in relation to temporal, spatial and biological
influences. Aquat. Conserv. Mar. Freshw. Ecosyst. 20(5): 531–542. doi:10.1002/
aqc.1115.

Venables, W., and Dichmont, C. 2004. GLMs, GAMs and GLMMs: an overview of
theory for applications in fisheries research. Fish. Res. 70(2–3): 319–337. doi:
10.1016/j.fishres.2004.08.011.

Viana, M., Jackson, A.L., Graham, N., and Parnell, A.C. 2012. Disentangling
spatio-temporal processes in a hierarchical system: a case study in fisheries
discards. Ecography, 36(5): 569–578. doi:10.1111/j.1600-0587.2012.07853.x.

Wade, P.R. 2000. Bayesian methods in conservation biology. Conserv. Biol. 14(5):
1308–1316. doi:10.1046/j.1523-1739.2000.99415.x.

Wikle, C.K. 2003. Hierarchical models in environmental science. Int. Stat. Rev.
71(2): 181–199. doi:10.1111/j.1751-5823.2003.tb00192.x.

Wilking, H., Höhle, M., Velasco, E., Suckau, M., and Eckmanns, T. 2012. Ecolog-
ical analysis of social risk factors for Rotavirus infections in Berlin, Germany,
2007–2009. Int. J. Health Geogr. 11: 37. doi:10.1186/1476-072X-11-37. PMID:
22929067.

Winter, A., Jiao, Y., and Browder, J.A. 2011. Modeling low rates of seabird bycatch

in the US Atlantic long line fishery. Waterbirds, 34(3): 289–303. doi:10.1675/
063.034.0304.

Wintle, B.A., McCarthy, M.A., Volinsky, C.T., and Kavanagh, R.P. 2003. The use of
Bayesian model averaging to better represent uncertainty in ecological mod-
els. Conserv. Biol. 17(6): 1579–1590. doi:10.1111/j.1523-1739.2003.00614.x.

Yeh, Y.-M., Huang, H.-W., Dietrich, K.S., and Melvin, E. 2013. Estimates of seabird
incidental catch by pelagic longline fisheries in the South Atlantic Ocean.
Anim. Conserv. 16(2): 141–152. doi:10.1111/j.1469-1795.2012.00588.x.

Yu, R., and Leung, P. 2010. A Bayesian hierarchical model for modeling white
shrimp (Litopenaeus vannamei) growth in a commercial shrimp farm. Aquacul-
ture, 306(1–4): 205–210. doi:10.1016/j.aquaculture.2010.04.028.

Appendix A

Model
In the generalized linear model (GLM) framework, we define a

link function that maps the mean of the response to the linear
predictor. For example, under the assumption that the response
variable has a negative binomial (NB) distribution and that the
bycatch at location s at time t is equal to k with dispersion param-
eter n, then we can write P[Y(s, t) = k] as

NB[k, n, 
(s, t)] �
�(k � n)

�(n)�(k � 1)

(s, t)[1 � 
(s, t)]

The mean of the above distribution, ��s, t� � n
1�
�s, t�


�s, t�
, is linked to

the linear predictor �(s, t) by �(s, t) = exp[�(s, t)], where

�(s, t) � X(s, t)� � f(s, t)

Note that in the above expression, X(s, t) is the design matrix
with p fixed covariates, � = (�0, …, �p) is the regression coefficients
vector, and f(s, t) introduces the spatiotemporal structure via ran-
dom effects by considering a Gaussian random field (that is spa-
tially and temporally correlated) as per Cameletti et al. (2012). To
proceed, we consider f(s, t) to be a realization of a continuously
indexed spatial process (random field) changing in time denoted by

{ f(s, t) : (s, t) � D � �2 × �}

These realizations are used to make inference about the process
and to predict it at desired locations. Usually, we deal with a Gaussian
field (GF) that is completely specified by its mean and spatiotemporal
covariance function cov�f�s, t�, f�s ′, t ′�� � �2cov��s, t�, �s ′, t ′��, defined
for each (s, t) and (s ′, t ′) in �2 × �. Unfortunately, implementation
of a GF suffers from the so-called “big n problem” because it re-
quires the factorization of the covariance matrix to compute the
likelihood (see Diggle and Ribeiro 2007); this arises particularly
with large datasets in space and time. One solution is to represent
a GF as a discretely indexed random process (i.e., a Gaussian
Markov random field, GMRF; see Rue and Held 2005). This pro-
posal is based on the work of Lindgren et al. (2011), where an
explicit link between GFs and GMRFs is proven through the use of
stochastic partial differential equations (SPDE). This is the ap-
proach taken here.

By assuming a zero-inflated negative binomial distribution rather
than a standard negative binomial distribution, we are allowing
for additional probability of Y(s, t) = 0. For example, under the
Type 2 formulation, we have

P[Y(s, t) � k] � p(s, t)Ik�0 � [1 � p(s, t)] × NB�k, n, 
(s, t)]

where p(s, t) is the extra probability added to the negative bino-
mial for k = 0 (a similar relationship exists between the Poisson
and zero-inflated Poisson distribution). The extra probability of
zero, p(s, t), depends on the linear predictor �(s, t) (i.e., the extra
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probability depends on the covariates and on the spatiotemporal
random effect). That is

p(s, t) � 1 � (exp[�(s, t)]/{1 � exp [�(s, t)]})

This means that the probability of zero bycatch at location s at
time t is inversely proportional to the linear predictor �(s, t),
which makes sense because under the negative binomial distribu-
tion, for example, we have �(s, t) = exp[�(s, t)] (i.e., �(s, t) is pro-
portional to the expected number of sharks that were recorded as
bycatch). We also have �(s, t) = exp[�(s, t)]/{1 + exp[�(s, t)]} propor-
tional to �(s, t), and writing this in one equation, we arrive at

P[Y(s, t) � k] � [1 � �(s, t)]k�0 � [�(s, t)] × NB[k, n, 
(s, t)]

The parameter  can be thought of as a hyperparameter that con-
trols both the impact of the linear predictor on the extra probability
at zero as well as that for the positive counts. When  = 0 we have
�(s, t) = 1 and simply P[Y(s, t) = k] = NB[k, n, 
(s, t)], namely, no extra
probability at zero. Because �(s, t) � (0, 1) and  > 0 if  increases,
�(s, t) also increases and the extra probability of zero decreases.

Priors
We used the default priors and hyperparameters currently im-

plemented in R-INLA. For further information, refer to the R-INLA
documentation available on the website (http://www.r-inla.org).
Note that this is an active area of research for the R-INLA team.

For the overdispersion parameter n (size), represented as log(n),
the prior is a loggamma(1, 1). For the  parameter on the Type 2
zero-inflated model, we assume N(0.693, 1) for log().

Every components of the latent field � = {�0, �, f} have priors.
For the smooth function of bathymetry, we assumed a random
walk of order one, which is defined in terms of a Gaussian distri-
bution N(0, �1R1), where R1 is the (fixed and known) structure
matrix, and �1 is the precision parameter. To model the spatial
correlation, we assume a spatial Matérn correlation using the
SPDE approach, with parameters 
1 = log(�) and 
2 = log(�) and
priors defined in Lindgren and Rue (2013).

The SPDE framework allows the easy linkage of different GRFs
in time and in this way develop a dynamic model where the spa-
tial field evolves according to time-varying processes, for exam-
ple, an autoregressive process. For these dynamic models (i.e.,
m3a, m3b, m5a, and m5b), we also had an additional correlation

parameter � for time, log�1��
1���, with a Gaussian prior.

Table A1. Summary of the default
priors used in the model tested.

log(n) loggamma(1, 1)
log() N(0.693, 1)
�0 N(0, ∞)
�j, j = 1, 2, 3 N(0, 1/0.001)
�1 Gamma(1, 0.00005)

1 N(0, 10)

2 N(0, 1)

log�1��
1��� N(0, 0.15)
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