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Abstract The explicit incorporation of movement in

the modelling of population dynamics can allow

improved management of highly mobile species.

Large-scale movements are increasingly being

reported for sharks and rays. Hence, in this review

we summarise the current understanding of long-scale

movement patterns of sharks and rays and then present

the different methods used in fisheries science for

modelling population movement with an emphasis on

sharks and rays. The use of movement data for

informing population modelling and deriving man-

agement advice remains rare for sharks and rays. In the

few cases where population movement was modelled

explicitly, movement information has been solely

derived from conventional tagging. Though shark and

ray movement has been increasingly studied through a

range of approaches these different sources of infor-

mation have not been used in population models.

Integrating these multiple sources of movement

information could advance our understanding of shark

and ray dynamics. This, in turn, would allow the use of

more adequate models for assessing stocks and

advising management and conservation effort.

Keywords Elasmobranchs � Integrated assessment �
Tagging � Conservation

Introduction

Incorporating movement in the modelling of popula-

tion dynamics may not be required when a population

of a species is closed and fishing is distributed

uniformly over the population range (Beverton and

Holt 1957). However, migrations and large-scale

movements are increasingly being reported for many

marine taxa. These widely evolved traits are driven by

ecological and biogeographic factors such as season-

ality, spatiotemporal distribution of resources, habi-

tats, predation and competition (Alerstam et al. 2003).

Understanding these movements can allow a better

representation of their population dynamics (Hilborn

1990; Xiao 1996). Furthermore, the explicit consider-

ation of space in fisheries science and governance may

address management failures caused by the inappro-

priate set of boundaries and the disregard of spatial

dynamics (Lorenzen et al. 2010).
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In the past, fisheries management commonly

assumed that population dynamics are solely regulated

by internal processes, i.e. negligible immigration and

emigration. However, recent findings on population

movement and connectivity underscore the openness

of marine populations (Frisk et al. 2010). Incorporat-

ing movement among sub-populations in stock assess-

ments can affect the estimation of stock size, fishing

mortality and recruitment and it can provide more

precise estimates over cases that do not consider

movement (Goethel et al. 2011). For example, uncer-

tainty in the estimation of the population size of school

shark, Galeorhinus galeus, in southern Australia

decreased from 15–45 to 12–18 % when a spatially-

explicit model was used rather than a spatially-

aggregated one (Walker et al. 2008). Also a decline

in stock abundance combined with the contraction of

the stock and the fisheries’ range will mask stock

decline and will increase fishing mortality unless

explicitly accounted for in a spatial assessment

(Walters and Martell 2004). Furthermore, assuming

no fish movement when this is not negligible can lead

to a loss of potential yield (Tuck and Possingham

1994), to the overestimation of mortality (McGarvey

and Feenstra 2002) and, more generally, to erroneous

assessments and management decisions (Guan et al.

2013). Conversely, assuming movement when there is

not can result in the depletion of the most accessible

stocks (Hilborn and Walters 1992). Hence, it is

important to determine the appropriate scale for

assessing populations.

Defining a model’s spatial scale depends on many

factors specific to the population (e.g. data availabil-

ity, population structuring, geographical variation in

life history) and the purpose of the analysis (e.g.

management or research questions) (Maunder 2008).

Understanding population and fishery structuring and

the mixing rates among possible sub-populations is

needed to determine whether spatial structure and

movement should be considered in the model. If

mixing rates are very high or negligible, assuming a

single stock would be a parsimonious assumption

(Kritzer and Sale 2004; Taylor 2008). In those cases,

estimates of population size and fishing mortality

derived from spatial and non-spatial assessment

models can be similar (e.g. Goethel et al. 2015).

However, if there is spatial structuring in the popula-

tion (e.g. through size/age segregation or multiple

breeding grounds) or in the fishery dynamics (e.g.

differences in catchabilities/selectivities), incorporat-

ing spatial structure is recommended (Maunder 2008).

Further, modelling movement between any two sub-

populations is required for populations where move-

ment range is greater than the distance between sub-

populations and movement frequency is not a rare

event (Maunder 2008; Goethel et al. 2011).

Most of the studied shark and ray species move

frequently and over considerable ranges. Many

species undertake long-scale movements, including

coastal, transoceanic and trans-equatorial migrations.

However, movement information has rarely been used

for estimating movement rates among regions and

incorporating this information in the modelling of

population dynamics and the management of shark

and ray populations. The aims of this review were to

synthesize our current understanding of the large-scale

movements of sharks and rays, and to summarise the

different approaches commonly used in fisheries

science for modelling population movement and

incorporating spatial dynamics into stock assessments.

We then reviewed the existing studies that modelled

the movement of shark and ray populations to inform

management. Finally, considering recent advances in

electronic tagging (Heupel et al. 2006; Hammerschlag

et al. 2011a), photo identification (Bansemer and

Bennett 2008), genetics and hard structures micro-

chemistry (Kurota et al. 2009), we propose that

integrating the information derived from these novel

technologies with that derived from conventional

tagging data—the only source of movement data used

for modelling movement of shark and ray populations

to date—and specifically designing experiments for

estimating movement rates could allow a better

estimation of key population parameters and hence a

better management of shark and ray populations.

Large-scale movements of sharks and rays

Large-scale movements have been reported for many

shark and ray species. Most shark species show some

degree of migratory behaviour (Bres 1993) ranging

from short, seasonal and coastal to transoceanic and

trans-equatorial movements (Sims 2010; Speed et al.

2010). According to the Convention on Migratory

Species, approximately 140 species of sharks, skates

and rays are considered migratory, i.e. that ‘‘a

significant part of the population cyclically crosses
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national jurisdictional boundaries’’ (Fowler and

Valenti 2007).

Large pelagic sharks commonly show long dis-

placements. For example, white sharks, Carcharodon

carcharias, grow to at least 6 m in length, occur

worldwide in temperate and subtropical regions (Last

and Stevens 2009) and make open ocean excursions

(Boustany et al. 2002) with a record transoceanic

return displacement between South Africa and Wes-

tern Australia of more than 20,000 km in less than

9 months (Bonfil et al. 2005). Whale sharks, Rhin-

codon typus, grow to at least 12 m in length, have a

circumglobal tropical and subtropical distribution

(Last and Stevens 2009) and have been recorded

moving over 13,000 km across the North Pacific

Ocean in 37 months (Eckert and Stewart 2001).

Basking sharks, Cetorhinus maximus, grow to at least

10 m in length, have a circumglobal antitropical

distribution (Last and Stevens 2009) and can cover

distances of almost 10,000 km across the North

Atlantic Ocean in less than 3 months (Gore et al.

2008).

Smaller pelagic shark species also show large-scale

movements. For example, blue, Prionace glauca, and

shortfin mako, Isurus oxyrinchus, sharks attain max-

imum lengths of *4 m and move widely across the

oceans, reaching maximum displacements of almost

7000 and 5000 km, respectively, in the Atlantic Ocean

(Kohler et al. 2002). Porbeagle sharks, Lamna nasus,

grow to 3.3 m in length and can cover more than

10,000 km in 175 days (Pade et al. 2009) whereas

salmon sharks, Lamna ditropis, grow to 3 m in length

and can undertake seasonal migrations of more than

18,000 km from subarctic to subtropical regions

(Weng et al. 2005). School sharks, though smaller in

size (\2 mmaximum length), can also move over long

distances. An Australian-tagged individual was recap-

tured 3500 km away off New Zealand, released again

and then recaptured 2600 km away off Australia (i.e.

covering at least 6100 km) whereas one New Zealand-

tagged individual had a displacement of at least

4940 km (Walker 2010). For other pelagic species,

such as thresher, Alopias vulpinus ([5 m maximum

length), longfin mako, I. pacus ([4 m maximum

length), silky, Carcharhinus falciformis ([3 m max-

imum length), and oceanic whitetip, C. longimanus

([3 m maximum length) sharks, tag-recapture data

also indicate high mobility and displacements of more

than 1000 km (see Stevens 2010 for a review).

Though pelagic species have generally recorded the

longest displacements, littoral and bottom-dwelling

species (sensu Compagno 1990) can also show consid-

erable movement. For example, spiny dogfish, Squalus

acanthias, showed a trans-Pacific movement of over

6500 km (Kauffman 1955). In eastern Australia, Port

Jackson sharks, Heterodontus portusjacksoni, a slug-

gish species associated to reef habitats, are capable of

considerable migratory movements between oviposi-

tion and foraging grounds, covering distances of up to

750 km (McLaughlin and O’Gower 1971). Female and

male grey nurse sharks, Carcharias taurus, have been

recorded moving over 2500 and 1300 km, respectively,

along the coast of eastern Australia (Bansemer and

Bennett 2011). Several other shark species from a range

of different habits, ecomorphotypes and maximum

sizes have recorded displacements of several hundred to

several thousand km [e.g. dusky, C. obscurus (Hussey

et al. 2009), sandbar, C. plumbeus (Kohler et al. 1998),

blacktip, C. limbatus (Hueter and Manire 1994), spot

tail, C. sorrah and Australian blacktip, C. tistoni

(Stevens et al. 2000), bull, C. leucas (Thorson 1971),

tiger, Galeocerdo cuvier (Heithaus et al. 2007), and

broadnose sevengill, Notorynchus cepedianus (Barnett

et al. 2011) sharks and great, Sphyrna mokarran

(Hammerschlag et al. 2011b), and scalloped, S. lewini

(Bessudo et al. 2011) hammerheads].

Figure 1 shows the maximum displacement

(straight-line movement) for 46 shark species based

on the conventional tagging information reviewed by

Kohler and Turner (2001), more recent tag-recapture

studies (Kohler et al. 2002; Bruce et al. 2006; Last and

Stevens 2009; Walker 2010) and the shark ecomor-

photypes proposed by Compagno (1990). As

expected, a simple generalised linear model showed

no differences in maximum displacement across

maximum sizes and ecomorphotypes. This suggests

that sharks in general are capable of large displace-

ments. It must be recognised, however, that these

results may be influenced by the common biases

reported for conventional tagging data such as the

unequal distribution of recapturing effort (in most

cases commercial fishing effort), tag reporting, tag

shedding and tag-induced mortality (Maunder 2007).

Rays and skates are also considerably mobile with

pelagic species recording the longest displacements.

Manta and devil rays are large ([5 and 3 m maximum

disc width, respectively) highly-mobile zooplanktiv-

orous with circumglobal distributions, capable of
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large-scale movements among areas of high produc-

tivity and food availability (Couturier et al. 2012). For

example, the giant manta ray, Manta birostris, is

mostly observed in coastal areas and continental

shelves near upwelling zones for courtship and

breeding but they are thought to make long-distance

seasonal migrations, foraging over large spatial scales

(*100 km) and recording displacements of more than

1100 km (Graham et al. 2012). In the southern Gulf of

California, the spine-tailed devilray,Mobula japonica,

showed relatively fast movements, travelling up to

50 km per day (Freund et al. 2000), moving from the

southern part of the Gulf to the Pacific coast of Baja

California in 83 days on average (Croll et al. 2012).

Manta rays,M. alfredi, can move over several hundred

km up and down the east coast of Australia (Couturier

et al. 2011).

Smaller-sized species of skates and rays are also

capable of considerable displacements. Cownose rays,

Rhinoptera bonasus (\1 m maximum disc width),

tagged in Chesapeake Bay, USA, were recaptured as

far south as Venezuela and Brazil (Schwartz 1965 fide

in Collins et al. 2007). Furthermore, demersal skate

species can also undertake long distance movements.

Thorny skates, Raja radiata (*1 m maximum

length), can cover 185–450 km in 0.2–11 years

(Templeman 1984) whereas populations of winter

skates, Leucoraja ocellata (*1 m maximum length),

separated by hundreds of kilometres appear to be

connect through adult migration (Frisk et al. 2010).

The above mentioned examples of high mobility,

long displacements and large migrations have been

observed through the application of conventional and,

more recently, electronic tagging which has become

an increasingly common method for studying the

movement of sharks and rays (see Klimley 2013 for a

review on our current understanding of the movement

of sharks and rays derived from tagging methods). The

information gained on spatial and temporal movement

patterns has been mostly used for addressing biolog-

ical and ecological questions (e.g. site fidelity and

residency, home range, vertical and horizontal migra-

tion, diving behaviour). However, most of the studies

have been observation-based only and the use of

movement information to inform fishery management

remains uncommon. The long-scale movements of

mobile sharks and rays result in complex spatial

structures. Hence, better assessment and management

of these species may require the use of population

dynamics models that take in consideration the spatial

structure and movement characteristics of the popu-

lation (Walker 2010).

Modelling population movement for managing

fisheries

Despite knowledge of the spatial heterogeneity and

considerable movement of many marine species, until

relatively recently, fisheries science provided man-

agement advice for unitary stocks on the assumption

of closed populations (Lorenzen et al. 2010), with

spatial patterns being incorporated into stock assess-

ments only sparingly (Goethel et al. 2011). Over the

last couple of decades, as movement information

(mostly from conventional tagging studies) became

available and computer power markedly improved, the

development of first simple tagging models, and then

fully integrated spatial stock assessments became

possible. Goethel et al. (2011) provides a comprehen-

sive review of the history, development and use of

spatially-explicit population dynamics models that

incorporate spatial structure into fishery stock assess-

ments. We therefore present a summary of this work

for non-stock assessment scientists and focus more

Fig. 1 Maximum reported displacement (straight-line move-

ment between release and recapture) for 46 shark species based

on conventional tagging. Shark ecomorphotype follows Com-

pagno (1990)
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specifically on the application of movement and

spatial models for sharks and rays.

Beverton and Holt (1957) developed the first spatial

model by applying the random dispersal principle

[proposed by Skellam (1951) for terrestrial popula-

tions] to the European plaice, Pleuronectes platessa.

For this demersal species, population movement

involves local and random dispersion of individual

fish so the distribution and transport mechanisms of

the population were determined by applying the

kinetic theory of gases (Goethel et al. 2011). This

type of movement can be compared to fish searching

for and feeding on prey with fish setting off in a

random direction, finding a patch of food, spending

time feeding and then setting off again in a random

direction (Beverton and Holt 1957).

Commonly-used approaches

The dispersion model requires many accurate observa-

tions of the position and time of fish captures. This

model focuses on the density of fish at a given point

rather than on the general distribution of fish within the

exploitation area. Hence, other models have been

developed which are more in line with fishery data and

management requirements, including varying fishing

mortalities andmovement rates at different pointswithin

a population (Goethel et al. 2011). Beverton and Holt

(1957) used an approximation to describe the change in

fish numbers due to movement across region boundaries

so the dispersal coefficient of the dispersion model was

replaced by the finite difference equivalent: the transport

coefficient (Goethel et al. 2011). These coefficients

depend on the size and shape of a defined region; hence,

populations are generally divided into regions of similar

size and shape, consistent with the accuracy of fishery

statistics (Goethel et al. 2011). The finite different form

of the transport coefficient model is referred to as the

‘box-transfer’ model where fish are assigned a proba-

bility of movement among regions. Hilborn (1990)

generalised the box-transfer model by using maximum

likelihood and providing a flexible framework for

predicting tag recaptures by region and estimating

movement parameters (Goethel et al. 2011). Due to its

versatility and simplicity, Hilborn’s method and its

variants have been widely used for estimating move-

ment rates from tag recaptures and for incorporating

movement information to stock assessments (e.g. Punt

et al. 2000; Aires-da-Silva et al. 2009; Walker 2010).

Other approaches

The original framework of Beverton and Holt (1957)

led to the development of the box-transfer model,

derived from the transport coefficient model, and the

advection–diffusion model, derived from the dispersal

model; the application of one or the other is largely

given by the type of data available (Goethel et al.

2011). Box-transfer models perform well over large

spatial cells (generally at least one degree cells) but

cannot be used for predicting movement within a cell,

whereas advection–diffusion models (ADM), which

are continuous in space and time, allow these calcu-

lations (Sibert et al. 1999). Though the ADM is

considered less restrictive and provides a framework

for estimating movement parameters on a finer scale,

this model is very data demanding and computation-

ally intensive so it has been only used for modelling

the movement of mostly tuna stocks for which rich

tag-recapture data sets are available (Goethel et al.

2011). The ADM is a type of state-space model

(SSM); this are time-series models that allow unob-

servable, true states to be inferred from observed data

by accounting for imprecise observations and stochas-

ticity (Jonsen et al. 2003). In SSM, the future state of

the system is predicted from its previous state via a

process model (Patterson et al. 2008). This method has

been largely used to analyse individual pathways

derived from geolocation data, although simple mark-

recapture data can also be used (e.g. Michielsens et al.

2006). This is typically done within a Bayesian

framework, allowing the incorporation of prior infor-

mation and the extension of the model to a meta-

analysis and therefore, the possibility of making

population-level inferences (Jonsen et al. 2003).

Although other models have been developed to

incorporate movement into population dynamics

models (see Quinn and Deriso 1999 for a review),

the box-transfer model is the dominant type of model

used, largely because it matches the scale at which

movement and fisheries statistics data are generally

collected and yields good model fits in general

(Hilborn 1990; Punt et al. 2000; Goethel et al. 2011).

Tagging and integrated models

The box-transfer framework was initially used in

tagging models for estimating movement rates, mor-

talities and tag-related parameters such as tag
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shedding and reporting rate (e.g. Xiao 1996). The first

applications of box-transfer models in stock assess-

ments involved a two-step process: first movement

parameters were estimated within tagging models and

these parameters were then used as inputs to spatial

population dynamics models. This approach has

several disadvantages, including the difficulty of

transferring uncertainty from one analysis to the next

(Maunder 1998, 2003). In recent years, ‘tag-integrated

assessment models’ have been developed where all

available data, including tag-recaptures, are combined

into a single objective function which is optimised for

the estimation of all model parameters (Maunder and

Punt 2013). The tagged population is modelled

following similar dynamics as the untagged popula-

tion and, in general, variants of Hilborn’s methods are

used to predict tag-recaptures (Goethel et al. 2011).

Predicting the movement of sharks and rays

Schlaff et al. (2014) reviewed the influence of abiotic

factors on the movement and habitat use of sharks and

rays. These authors showed that changes in tempera-

ture, salinity, dissolved oxygen, pH, photoperiod,

barometric pressure, and severe weather events can

influence the location and movement of sharks and

rays. The studies summarised by Schlaff et al. (2014)

were done at small spatial scales (10 s to 100 of km).

At larger scales, random-walk models and their

variants, such as Lévy flights, have been used for

modelling the movement behaviour of individual

sharks derived from sightings, satellite and archival

tagging data. This is typically done for determining

habitat preferences and prey search patterns (Humph-

ries et al. 2010; Sims 2010). However, few studies

have used movement information for making move-

ment predictions at the population level. Sequeira et al.

(2012) used generalised linear and mixed-effects

models to predict the presence/absence of whale

sharks in the Indian Ocean based on time series of

sightings collected by the tuna-seine fishery, chloro-

phyll a concentration, sea surface temperature and

other environmental variables. These authors found

that habitat suitability is mainly correlated with spatial

variation in sea surface temperature, providing

insights into the distribution patterns and migratory

behaviour of whale sharks in this region. This

approach allows calculating the probability of

occurrence in a given area but movement rates

between areas are typically estimated using more

complex models. Morgan (2008) used a spatially-

explicit size-based (juvenile, subadult, and adult size

categories) simulation model to explore the effects of

the time/area closures currently in place off North

Carolina, USA. The aimwas to test the effectiveness of

a relatively small area (4490 nm2) for protecting dusky

sharks, a highly migratory species. The model allowed

the exploration of the effects of closing/opening areas

to fishing on the number of dusky sharks. Though not

actually estimating population movement and only

using assumed movement rates based on likely values,

this study highlighted the importance of quantifying

movement rates as it provides a plausible explanation

to the lack of recovery of dusky sharks despite a

reduction in fishing mortality and the establishment of

area closures. Frisk et al. (2010) estimated adult

migration for winter skates in the George Banks, USA/

Canada, within an age-structured population dynamics

model. The model is not spatially-structured but a

migration parameter was used to mimic adult migra-

tion. This parameter was incorporated as an additional

component of mortality and modelled as a random-

walk. Though the models were not fitted to movement

data the incorporation of the migration parameter

improved model performance, allowing a better fit to

the abundance and size frequency data, and better

explaining the dynamics of winter skates. Kleiber et al.

(2009) usedMULTIFAN-CL (Fournier et al. 1998)—a

computer program for building spatially-explicit

length-based, age-structured models—to model the

dynamics of blue sharks using catch, effort and size

frequency data from multiple fisheries in four regions

of the North Pacific. MULTIFAN-CL estimates mor-

tality, growth andmovement parameters to reconstruct

the history of population abundance by age and region.

Movement among regions is modelled through direc-

tional movement coefficients. Themodel was not fitted

to movement data so movement coefficients were

estimated from the observed catch, effort and size

frequency data of the different modelled regions by

maximising an objective function. The models cap-

tured the spatial population dynamics generally well

but the incorporation of movement information could

well reduce the uncertainty in model predictions

(Kleiber et al. 2009).

The above-mentioned studies have captured the

movement of shark and ray populations; however, the
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estimation of movement rates (i.e. the proportion of

the population moving from one region, such as a

management zone, to another within a discrete time

step) have mostly relied on conventional tag release-

recapture data. Several studies have analysed tag

release-recapture information and contributed to the

development of hypotheses on movement and migra-

tions. However, only five studies (Punt et al. 2000;

Pribac et al. 2005; Walker et al. 2008; Aires-da-Silva

et al. 2009; Walker 2010) have used this information

to estimate movement rates with only three studies

(Punt et al. 2000; Pribac et al. 2005; Walker et al.

2008) integrating this information with time series of

catch and abundance in fishery stock assessments.

Tagging models

In tagging models, only the population of tagged

sharks is modelled. These models have been used to

estimate fishing mortality and movement rates of blue

sharks in the North Atlantic Ocean (Aires-da-Silva

et al. 2009) and of gummy sharks, Mustelus antarcti-

cus, in south-eastern Australia (Walker 2010). Esti-

mating movement rates among areas can directly

inform assessment and management. For example,

although the movement parameters estimated by

Walker (2010) have not been used explicitly for stock

assessment of gummy sharks, the comparatively low

rates of movement among large zones have been used

to justify conducting separate assessments in these

large zones.

Tagging models take explicit account of the fishing

effort in each region and the selectivity of the fishing

gear as tagged sharks are most likely to be recaptured

by commercial fishers. Hence, the estimation of

movement and mortality rates require several addi-

tional types of data, such as spatial and temporal

fishing effort, and parameter values for gear selectiv-

ity, tag reporting and tag loss. Aires-da-Silva et al.

(2009) and Walker (2010) used conventional tagging

and a variant of the generalised box-transfer model of

Hilborn (1990) by explicitly adding natural mortality,

and tag loss and return rate as proposed by Xiao

(1996). The modelling framework generally consists

of (1) a population dynamics model of tagged sharks

that describes the survival and movement of each tag

group (i.e. a group of sharks tagged in the same

geographical stratum during a particular time period,

generally a year), (2) an observation model that

predicts the expected numbers of tag recoveries which

are compared to the observed number of tags reported,

and (3) an objective function that is maximised for

estimating the population dynamics and observation

model’s parameters. For gummy sharks, vector anal-

yses indicated different movement patterns by sex and

size, hence, movement rates were estimated for males

and females separately and for three length-classes

(juveniles, mature males and mature females). Also

for gummy sharks, gillnet gear selectivity was incor-

porated in the calculation of fishing mortality. This

requires accounting for the growth of tagged sharks

while at liberty. Walker et al. (2008) and Walker

(2010) achieved this by applying a deterministic von

Bertalanffy model. Aires-da-Silva et al. (2009) mod-

elled a very large area (the North Atlantic) and

estimated the fishing mortality from 23 fisheries,

including data-rich and data-poor fisheries. Hence,

constant fishing effort was assumed for some fisheries

where effort was not available and 100 % selectivity

was assumed for all fisheries for the size ranges

caught. Tag loss, tag reporting and tagging mortality

were also treated differently. In the case of blue sharks,

information on tag loss and tag reporting was not

available so different values were assumed and

compared through sensitivity analyses whereas tag-

ging mortality was considered negligible due to the

high resilience of blue sharks to tagging-induced stress

(Aires-da-Silva et al. 2009). For gummy sharks,

instead, a ‘tag reduction rate’ and a ‘tag survival ratio’

were estimated, as these parameters account for

several confounded factors such as natural mortality,

tag loss, tag reporting and tagging mortality (Walker

2010). Finally, although determining mortality rates

from tag release-recapture data is problematic (there is

a high correlation among mortality parameters),

correlation among estimates of movement parameters

and between movement parameters and non-move-

ment parameters is low (Walker et al. 2008, Walker

2010). Hence, conventional tag release-recapture data

provide a sound basis for determiningmovement rates.

Integrated models

Integrated stock assessments are statistical methods

that combine several sources of information into a

single analysis (Maunder and Punt 2013). Integrated
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models have been developed to take explicit consid-

eration of spatial structure in the assessment of school

(Punt et al. 2000; Walker et al. 2008) and gummy

(Pribac et al. 2005) sharks in south-eastern Australia.

The modelling approaches used reflect the scale at

which data are collected. Hence, the number of regions

considered in the models were a compromise between

biological realism, pragmatism (i.e. fishery manage-

ment jurisdictions), regional differences in targeting

practices, and quantity/quality of the available data

(Punt et al. 2000; Pribac et al. 2005).

Punt et al. (2000) extended Hilborn’s (1990)

approach by building an age- and sex-structured

model that accounted for spatial structure with the

modelled regions differing in terms of movement

patterns (inferred from conventional tagging) and

shark age-distributions. For this, they explicitly mod-

elled movement among regions through movement

matrices. The probability of moving between regions

was assumed to depend on month and age given the

relatively complex movement patterns of school

sharks. The free parameters were estimated by fitting

the model to spatially disaggregated catch, catch rate

and tagging information. Walker et al. (2008) applied

the model of Punt et al. (2000) for assessing school

sharks but they reduced the number of regions to much

larger management zones and estimated annual move-

ment rates among zones for length categories (juve-

niles, subadults, mature males, mature females) rather

than ages. Pribac et al. (2005) assessed gummy sharks

by extending Punt et al.’s (2000) approach through the

incorporation of length- and age-frequency informa-

tion in the likelihood function in addition to the catch,

catch rate and tagging information. For school sharks,

the incorporation of tagging information directly into

the assessment has turned previously highly uncertain

assessments into ones in which we can have greater

confidence (Walker et al. 2008).

Management implications and future directions

Technological developments such as vessel monitor-

ing systems and electronic logbooks interfaced with

global positioning systems can allow the collection of

effort and catch information with high spatial resolu-

tion (Goethel et al. 2011). Electronic tagging can now

complement conventional tagging for constructing a

more detailed picture of a species movement patterns.

The increase in the availability of information with

high spatial resolution makes possible the develop-

ment of spatially explicit models and the provision of

spatially explicit management advice. For example, a

spatial simulation model showed that the dusky shark

population in the Northwestern Atlantic would remain

heavily reduced despite the establishment of spatial/

temporal closures and the banning of dusky shark

landings due to the captures of this species as bycatch

in several fisheries (Morgan 2008). Also, spatial

models for predicting the distribution of whale sharks

and timing of appearance at specific sites allow the

evaluation of drivers of population trends (e.g. fishing

pressure, ecotourism) and the management of shipping

routes (whale sharks are frequently seen with wounds

derived from collision with boats) (Sequeira et al.

2012). In turn, failing to account for movement in

highly mobile species can yield erroneous manage-

ment advice. For example, spatially-aggregated tuna

models do not provide information on the spatial

allocation of fishing pressure, which is required to

prevent over- or under-exploitation and achieve man-

agement objectives (Carruthers et al. 2011). Similarly,

for highly mobile sharks, a spatially-structured model

was required to capture blue shark stock dynamics and

differences in regional exploitation rates (Aires-da-

Silva et al. 2009) whereas a spatially-explicit model

allowed a more precise estimation of school shark key

population parameters (Walker et al. 2008). For

mobile skates, failing to explicitly consider the

large-scale movements of adult winter skates could

be mistaken by a rapid increase in local abundance,

resulting in an overestimation of sustainable fishing

mortality (Frisk et al. 2010). Hence, the management

and conservation of marine mobile species such as

many shark and ray species would benefit from the

development of spatially-disaggregated models that

explicitly incorporate movement.

Currently, most integrated spatial models of mobile

species use conventional tagging data, which only

provide release and recapture information. There are

very few assessments (exclusively for tuna and tuna-

like species) where conventional and electronic tag-

ging data are combined for assessing stocks and

informing fishery management (Sippel et al. 2015).

For sharks and rays, no assessment has used electronic

tagging data despite the recent increase in electronic

tagging research for monitoring their movements

(Speed et al. 2010). Although conventional tags
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remain a cost-effective method for tagging large

number of individuals and hence determining move-

ment rates within acceptable bounds of uncertainty,

the greater information content of electronic tags can

provide useful information about movement dynamics

(Everson et al. 2012). For example, Lea et al. (2015)

showed that satellite-tagged tiger sharks have

repeated, long-distance migrations. The most likely

track of each tagged individual was determined using a

Bayesian SSM. These individual tracks could there-

fore be combined in a hierarchical model to make

inferences about population movement (Jonsen et al.

2003). Although electronic tag technologies and

analysis, and stock assessment models have developed

largely independently, frameworks for incorporating

these data in stock assessments are now emerging (see

Sippel et al. 2015 for a review of current approaches

for integrating electronic tagging data into stock

assessments).

Experimental design is a key aspect for incorpo-

rating tagging information into stock assessment.

Tagging experiments must be designed appropriately

to meet their goals; however, much of the existing

tagging data were obtained from poorly-designed

experiments or from experiments that were not

designed to provide input to stock assessments or for

management advice (Maunder 2007). Conventional

tagging data have generally been collected oppor-

tunistically, fish not tagged in proportion to population

densities or tag recoveries have not been obtained

from all areas and fleets (Maunder 2007). Collection of

information from tagged fish relies largely on fishers;

hence, researchers have less control on this aspect of

the design. Tag deployment, however, can be control

and properly designed [see Arregui et al. (2006) for an

example of a design aimed at estimating movement

rates]. For electronic tagging research, experimental

design has been driven by ecological and behavioural

questions rather than stock assessment requirements,

complicating the integration of these data into the

assessments as a sufficient number of recaptures is

required for each spatio-temporal stratum from each

sex and age cohort to estimate how biological

parameters interact with fishery dynamics (Sippel

et al. 2015). In practice, disproportionally more fish

are tagged in seasonally abundant coastal or near-

shore areas and not widely through the species

distribution (Block et al. 2011). Furthermore, as

movement patterns generally change with ontogeny,

non-random tagging programs miss movements

related to age and sex structure, which are key for

estimating stock productivity (Sippel et al. 2015).

Hence, stock assessments would benefit from conven-

tional and electronic tagging experiments designed to

collect observations across the range of spatio-tem-

poral strata and demographic traits (e.g. age, sex)

(Maunder 2007; Sippel et al. 2015).

Conclusions

Sharks and rays have complex movement patterns.

Though large pelagic species generally show the

longest displacements, most species in general are

capable of large displacements. For highly mobile

species, the explicit incorporation of movement in the

modelling of population dynamics is required for

improved management. This has rarely been done for

sharks and rays. In the few cases where spatially-

explicit population models were used to inform

management, movement information was derived

from conventional tagging only. Generally, the recent

development of electronic tagging and in the power

and complexity of assessment models now allows the

integration of these and other data types into spatially

explicit frameworks. For sharks and rays, the integra-

tion of the increasingly available movement informa-

tion (derived from both conventional and electronic

tagging) into assessment models would advance our

understanding of the dynamics of this group.
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