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We review three broad categories of risk assessment methodology used for cartilaginous fish: productivity-susceptibility analysis (PSA), demograph-
ic methods, and quantitative stock assessments. PSA is generally a semi-quantitative approach useful as an exploratory or triage tool that can be
used to prioritize research, group species with similar vulnerability or risk, and provide qualitative management advice. Demographic methods are
typically used in the conservation arena and provide quantitative population metrics that are used to quantify extinction risk and identify vulner-
able life stages. Stock assessments provide quantitative estimates of population status and the associated risk of exceeding biological reference
points, such as maximum sustainable yield. We then describe six types of uncertainty (process, observation, model, estimation, implementation,
and institutional) that affect the risk assessment process, identify which of the three risk assessment methods can accommodate each type of un-
certainty, and provide examples mostly for sharks drawn from our experience in the United States. We also review the spectrum of stock assessment
methods used mainly for sharks in the United States, and present a case study where multiple methods were applied to the same species (dusky
shark, Carcharinus obscurus) to illustrate differing degrees of model complexity and type of uncertainty considered. Finally, we address the common
and problematic case of data-poor bycatch species. Our main recommendation for future work is to use Management Strategy Evaluation or similar
simulation approaches to explore the effect of different sources of uncertainty, identify the most critical data to satisfy predetermined management
objectives, and develop harvest control rules for cartilaginous fish. We also propose to assess the performance of data-poor and -rich methods
through stepwise model construction.

Keywords: chondrichthyans, demography, risk assessment, stock assessment, uncertainty.

Introduction populations, and the research to support it, is now drawing
The field of risk assessment of chondrichthyan (sharks, skates, rays,  increased attention and resources.

and chimaeras) populations has lagged behind that of other verte-
brate groups. Thisis due inlarge part to their comparatively low eco-
nomic value, and as a consequence, their lack of basic life-history
and fishery information. However, there is growing interest in this
group, particularly sharks, sparked by the recent realization that
many species have undergone substantial population declines
(Stevens et al., 2000; Baum et al., 2003; Burgess et al., 2005; Myers
et al., 2007; Dulvy et al., 2008; Dulvy and Forrest, 2010; Cortés
et al, 2012). As a result, risk assessment of chondrichthyan

The approaches used to assess the risk of various stressors,
notably fishing, on chondrichthyan populations have been heavily
influenced by both the quantity and quality of available data. This
process takes different forms depending on the discipline and the
questions being asked. In a conservation context, the objective is
typically the avoidance of large population declines or extinction,
whereas in fisheries the goal is to maintain a healthy population
while allowing for its sustainable, long-term exploitation. In both
cases, a common objective is estimating current status and projecting
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future trends of a population subjected to stressors or management
intervention (e.g. fishing, habitat degradation, and improved water
quality). Both current and future status will depend on the popula-
tion’s life-history characteristics; in addition, future status will
depend on the type of management action that is implemented.

We consider the process of estimating vulnerability, population
growth rates, or stock status and evaluating potential consequences
of management actions to fall broadly under the category of “risk
analysis” or “risk assessment”. A more narrow distinction could
be made between risk assessment and stock assessment; however,
in this review, we treat stock assessment as part of the continuum
of risk analysis methods, where the appropriate method depends
on the amount of data available (Figure 1). Burgman et al. (1993)
define risk assessment as the process of obtaining qualitative or
quantitative measures of risk levels, or the probability of an
adverse event. Rosenberg and Restrepo (1994) refer to an ad hoc
working group that defined risk as the “expected loss of benefits
from the resource” and risk analysis as “the analysis of benefit
streams under uncertainty”. A more comprehensive definition
includes both the probability of an event and some measure of the
severity of the event (Francis and Shotton, 1997). Furthermore,
the International Organization for Standardization defines risk as
the effect of uncertainty on objectives (ISO 31000, 2009). By review-
ing both the methods to assess risk, and the types of uncertainty each
method can account for, our review of risk assessment encompasses
all these definitions to some extent.

We review three broad categories of risk assessment method-
ology that have been used for cartilaginous fish, noting the data
required and the types of management products that are generated.
We also discuss types of uncertainty, how they can be modelled, and
which risk analysis methods can accommodate these uncertainties.
Because risk analysis can have different objectives for different con-
texts, we discuss the approaches that have been traditionally used in
the conservation arena and compare them with those followed in the
field of fisheries. We then review the different types of stock assess-
ments used mainly for sharks in the United States, showcasing a
study where a comprehensive suite of methods were applied to
Dusky shark (Carcharhinus obscurus). We conclude with considera-
tions for bycatch species, review a framework for simultaneously
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Figure 1. Continuum of risk assessment methods and the types of
management products they generate. Although the figure presents the
methods as a linear continuum, we recognize that there is overlap
between the risk analysis categories.
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exploring the effect of different sources of uncertainty, and make
recommendations for future work.

Risk assessment methods

Productivity and susceptibility analysis

Data-poor situations are generally the norm when assessing risk of
chondrichthyan populations. This group of fish is often taken as
bycatch in many fisheries around the world and their biology is
poorly understood. This situation gaverise to the use of productivity
and susceptibility analysis (PSA, also known as ecological risk
assessment or ERA), an approach initially designed to provide man-
agement advice when faced with cursory exploitation and biological
information for a suite of species caught as bycatch (e.g. Stobutzki
et al., 2001). This approach ranges from purely qualitative to quan-
titative, and is designed to provide management advice by assessing
the vulnerability to fishing of a species or population. Vulnerability
is expressed as a function of productivity, or capacity of the stock to
recover after it has been depleted, and of susceptibility, or propensity
to be captured by fishing practices and not survive the interaction.
In its most widely used application, PSA is a semi-quantitative ap-
proach wherein the productivity and susceptibility components
are defined by several attributes that are scored based on a predeter-
mined numerical scale. The attribute scores are then averaged for
each component and displayed graphically on an x—y (PSA) plot
(Figure 2). Although not generally done, the range or a measure
of variability of the attribute scores from different experts can also
be displayed to convey “inter-expert” uncertainty. From this, vul-
nerability can be computed, for example, as the Euclidean distance
from the origin to the coordinates of the productivity and suscepti-
bility scores on the PSA plot. Examination of these plots provides
a quick, practical tool to assess the potential or risk of a stock to
become overfished based on its biological characteristics and sus-
ceptibility to exploitation. These plots can be used by managers to
adjust management measures to suitable levels given the stock’s
level of vulnerability. PSA can also be used to prioritize research
efforts, for example, toward species that are very susceptible to
fishing and for which the biology is poorly understood.

A two-step PSA has recently been developed that builds on exist-
ing approaches. In the first step, stock vulnerability is evaluated
based on the usual life-history parameters to identify high-risk
stocks; the second step evaluates the management risk by consider-
ing factors such as the existence of a stock assessment, management
controls, and monitoring and compliance (Fleming et al., 2012; Sant
et al., 2012; Lack ef al., 2014). The outcome for this approach is to
identify specific management needs for high-risk stocks.

PSA approaches fall short of providing quantitative management
advice, such as appropriate levels of fishing mortality, effort, or catch
(but see Zhou et al., 2012 for an approach that combines PSA with
indices of relative abundance trends). PSAs should thus be viewed
as a first step or triage method in data-poor situations within the
spectrum of risk analysis techniques that can be applied as more
data become available (see Hobday er al., 2011, for example).
Nevertheless, it is being used in the United States to distinguish
between fishery and ecosystem component stocks, identify and
manage stock complexes based on similar vulnerabilities, and estab-
lish management (harvest) control rules that take into account sci-
entific and management uncertainty and provide a larger buffer for
species with increased vulnerability to overfishing (Patrick et al.,
2010). Several Regional Fishery Management Organizations have
adopted this approach in recent years with the aim of providing
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Figure 2. PSA plots. The left panel shows a theoretical example for two species (after Patrick et al, 2009), where species A has high productivity and
low susceptibility while species B has low productivity and high susceptibility. Species B would be considered to have higher risk (i.e. greater

vulnerability) than species A. Error bars denote the range or a measure of variability of the attribute scores from different experts. The right panel
shows a real application to 11 species of Atlantic pelagic elasmobranchs. Note that species greatly differ in their susceptibility score but all have
relatively low productivities. Productivity scores incorporated uncertainty in input life-history parameters used to estimate the intrinsic rate of

population increase (denoted by the error bars; after Cortés et al.,, 2010).

management advice for data-poor species for which traditional
stock assessments cannot be undertaken. The International Com-
mission for the Conservation of Atlantic Tunas (ICCAT), for
example, has recently adopted several management measures for
pelagic sharks based on an ERA for the effect of pelagic longline
fisheries (Cortés et al., 2010; Figure 2b).

PSAs that compared different groups of fish or vertebrate taxa
have consistently found that chondrichthyans were the most vulner-
able. For example, Atlantic sharks and North Pacific skates were clas-
sified as the most vulnerable in a comparison of Northeast Atlantic
groundfish, Atlantic sharks, California nearshore groundfish,
California Current coastal-pelagic species, Bering and Aleutian
Island skates, and Hawaiian tuna, swordfish, and pelagic sharks.
Further, in the Hawaii-based longline fishery, pelagic sharks were
more vulnerable than tunas, swordfish, and billfish (Patrick et al.,
2010). The same result was found in a comparison of Atlantic
sharks, tunas, swordfish, and billfish (Rosenberg et al., 2009). In
the Western and Central Pacific Ocean, a PSA of birds, turtles,
sharks, tunas, and billfish also found that sharks had the highest vul-
nerability (Manning et al., 2009). Stobutzki et al. (2002) analysed the
sustainability of elasmobranchs (sharks and rays) caught as bycatch
in a tropical shrimp trawl fishery in Northern Australia and found
that pristids (sawfish) and two species of rays have the highest
risk. Cortés et al. (2008) included large coastal, small coastal,
pelagic, and prohibited sharks in a PSA for the effect of fisheries
in the Northwestern Atlantic off the United States, and found that
coastal sharks were the most vulnerable, particularly larger species
that tend to have low productivity and high susceptibility to mul-
tiple fishing gears.

In an extension of these more traditional PSAs, Chin et al. (2010)
developed an integrated risk assessment to examine the vulnerability

to climate change of sharks and rays on Australia’s Great Barrier
Reef. The assessment used three common components to measure
vulnerability to climate change: exposure, sensitivity, and adaptive
capacity. Freshwater, estuarine, and reef-associated elasmobranchs
were found to be most vulnerable to climate change, with vulner-
ability being driven by species-specific interactions of multiple
environmental and ecological factors. Changes in temperature,
freshwater input, and ocean circulation tended to have the most
widespread effects.

Demographic analysis

Demographic analyses, such as life tables and matrix population
models, are another common approach to risk assessment of chon-
drichthyan species. These methods provide a quantitative estimate
of the population intrinsic, or maximum, rate of increase (fmay)
and other associated population metrics, such as generation time
and net reproductive rate. They can be used to assess the level of
fishing mortality (F_,sh) that a stock can sustain before the popula-
tion growth rate becomes negative and in theory leads to extinction.
In some cases, mark-recapture methods have been used to estimate
total fishing mortality (Z), from which F can be derived, and thus
examine sustainability of shark fisheries (Simpfendorfer, 1999;
McAuley et al., 2007; Bradshaw et al., 2013). A more complete
accounting of uncertainty in demographic models is done by intro-
ducing variability in life-history traits such as fecundity, age at first
reproduction, longevity, and natural mortality through Monte
Carlo simulation or other resampling methods to generate proba-
bilistic outcomes of the population metrics of interest or to
predict extinction risk (also known sensu lato as population viability
analyses, or PVAs; see, e.g. Fieberg and Ellner, 2001; Cortés, 2002a).
The uncertainty introduced in these risk assessments is generally
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more epistemic than reflective of our knowledge of natural variabil-
ity in life-history traits.

A notable shortcoming of demographic methods when applied
to chondrichthyan fish is that they do not provide information on
stock status. This is because the initial age-structured population
abundance is not typically known, although the asymptotic stable
age distribution (proportion at age) can be obtained from life
tables or as the dominant right eigenvector of a matrix population
model (Caswell, 2001). In the interest of exploring transient dynam-
ics, rather than the asymptotic distribution, investigators have simu-
lated an initial population size and age structure, allowed vital rates
to vary annually, then compared the results of implementing differ-
ent harvest levels (Cortés, 1999; Aires-da-Silva and Gallucci, 2007).
The output of demographic analyses of shark populations has also
been used to generate informative prior distributions of the popu-
lation growth rate or related parameters, such as steepness (Mace
and Doonan, 1988) or the maximum lifetime reproductive rate
(Myers et al., 1997), for use in Bayesian stock assessment models
(e.g. McAllister et al., 2001, 2008; Cortés, 2002b). It is important
to note that productivity derived from demographic methods
(expressed as rm,.) is typically based on density-independent
theory, while productivity in fisheries models (e.g. steepness) is pre-
dicated on density-dependent premises. In both contexts, the prod-
uctivity metric is intended to reflect the maximum realizable rate of
population growth (Gedambke et al., 2007; Cortés et al., 2012).

Elasticity analysis is a common technique applied to matrix
population models that can identify the life-history stages that
most influence population growth rate, thereby providing a focus
for management action (Benton and Grant, 1999). In the United
States, for example, elasticity analysis was the basis for implementing
minimum size limits for several shark species in an attempt to
protect the vital rate (juvenile survival) that was found to be most
important for population growth (Brewster-Geisz and Miller,
2000; Cortés, 2002a).

Stock assessment

In addition to PSA and demographic analyses, traditional stock as-
sessment models have been used to analyse risk of chondrichthyan
populations in the fisheries arena. The forms of these models
range broadly in their level of complexity (Shertzer et al., 2008;
Cortés et al., 2012), and ideally should be dictated by the data avail-
able. In general, more complex types of assessment models have
greater data requirements. Perhaps most critical are data on catch
and indices of abundance (developed from research surveys or
catch-per-unit-effort). These data allow for annual estimates of popu-
lation abundance and fishing mortality, which enables calculation of a
population’s current status.

Stock assessment models can be used to assess risk by providing
probabilities of the stock or fishery exceeding biological reference
points. In the United States, for example, these models commonly
provide probabilities of the stock being overfished (i.e. biomass
being below a threshold derived from Bjsy, the biomass level that
produces MSY) or of overfishing occurring (i.e. fishing mortality
being above Fysy, the fishing rate that yields MSY). Once stock
status with respect to these reference points has been established,
projections can be performed to explore the likely effects of alterna-
tive harvest strategies (e.g. catch quotas) on future stock status
(Francis and Shotton, 1997). These alternative projection scenarios
can be considered by resource managers when making decisions on
harvest levels, i.e. to help guide risk management.

E. Cortés et al.

A wide variety of stock assessment models exist from the very
simple to the relatively complex. For simple models, one consider-
ation is that the method supported by available data may not
adequately reflect important biological processes. At the other
extreme, model selection can be difficult when complex models
include different dataseries, assumed error distributions, or data-
weighting schemes. These issues all relate to uncertainty of one
type or another, which we expand on below.

Types of uncertainty

Multiple types of uncertainty affect the stock assessment and fisher-
ies management process. Francis and Shotton (1997) identified six
types of uncertainty: process, observation, model, estimation, im-
plementation, and institutions. We address each of these sources
of uncertainty in the context of their consideration within risk as-
sessment of chondrichthyan fish.

Process uncertainty

As noted by Francis and Shotton (1997), this type of uncertainty
refers to natural variability in biological processes. It is often referred
to as “process error” in state-space modelling to distinguish it from
observation error (Hilborn and Mangel, 1997). Process error in re-
cruitment is one of the most crucial and widely considered sources
of uncertainty in modern stock assessments (Hennemuth et al,,
1990; Quinn and Deriso, 1999). Because of their reproductive
mode, sharks and chondrichthyan fish in general have a very
limited number of offspring or eggs, and thus the spawner—
recruit relationship is much more predictable than in teleost fish.
This condition has led to reparameterizations of the spawner—re-
cruitment curve into more biologically intuitive metrics, such as
steepness, maximum lifetime reproductive rate, and pup survival
at low population density (Brooks et al., 2010). Process error can
also occur in growth rate, maturation, and natural mortality;
however, the range of fluctuation in these processes in chondrichth-
yan fish remains poorly understood. Process error is routinely incor-
porated into stock assessments and can also be introduced into
demographic approaches.

Observation uncertainty

Measurement error is pervasive and almost impossible to avoid
when collecting data. It occurs in scientifically designed surveys
and in every source of fishery data, including landings, discards,
ages of individual fish, and effort of fishers (Schnute, 1991).
Observation error can be accounted for by demographic or stock as-
sessment models to various degrees, from not at all to nearly fully
through statistical techniques (e.g. maximum likelihood or
Bayesian approaches). Even if the data contain no actual error, sam-
pling itself is uncertain by definition because we are not observing
the whole population.

Indices of abundance are particularly important when fitting
models of population dynamics to data. Observation error in
indices of abundance is now routinely taken into account in shark
stock assessments through statistical standardization techniques,
such as generalized linear models (GLMs) or analogous methods
(Maunder and Punt, 2004). Despite efforts to account for all poten-
tial explanatory variables through statistical standardization, one re-
curring issue in shark stock assessments in the United States is that
indices of abundance often show larger interannual variability than
seems compatible with the life history of the species. This suggests
that the GLMs do not always sufficiently account for all the noise
in the data, including observation error.
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Anadded problem when multiple indices are available is that dif-
ferent data sources can provide conflicting trends, leading to ten-
sions among these indices when fitting the model. In such cases,
the model might tend toward a compromising solution and not
fit any index particularly well. As described by Francis (2011), this
outcome is undesirable and probably not informative about the dir-
ection of population change. While the degree of reliability of the
different indices can be conveyed through a variety of weighting
schemes, these approaches still do not ensure that the indices
track population abundance. For example, inverse CV weighting
gives more weight and thus credibility to the most precise indices
(those with lower CVs), but this may be reflective of larger sample
size and not necessarily the ability to track relative abundance
(e.g. NMFS, 2012). Conn (2010) developed a hierarchical approach
that recognizes both process and observation errors in indices of
relative abundance. This approach combines multiple indices into
one, assuming that each index attempts to estimate the same under-
lying relative abundance. This approach has become one of several
consistently in use for many shark stock assessments in the United
States.

Observation error can also be reflected in estimates of life-history
parameters such as growth rates, reproductive variables, or natural
mortality, and can inform Monte Carlo or other resampling
methods. Typically, analysts treat variability in life-history para-
meters as independent, when it may be that such variation is corre-
lated. Brandon et al. (2007) review sampling schemes to obtain joint
prior distributions that reflect realistic biological constraints
between life-history parameters. This type of uncertainty can be
incorporated into stock assessments and demographic analyses.

Model uncertainty

All models are necessarily simplifications of reality. Model uncer-
tainty describes the degree to which the real system is adequately
represented by the model. The uncertainty stems from an incom-
plete knowledge and characterization of the system, and it is intro-
duced in two major forms: (i) model complexity and (ii) model
structure.

Choosing the level of complexity requires balancing a trade-off: a
simpler model will reduce the amount of data needed (thereby redu-
cing other sources of uncertainty, such as observation error),
whereas a more complex model can incorporate more processes
important to describing population dynamics, but which may be
poorly understood. We believe model choice should reflect a
balance between data availability and parsimony—in some cases,
compromising biological realism for a simpler model may be war-
ranted, so long as the consequences of simplification are addressed
when interpreting the results. As an example, shark stock assess-
ments in the United States were typically conducted with surplus
production models (Schaefer, 1954) in the 1990s when data avail-
able included only fragmentary catches, a few indices of abundance
of relatively short duration, and little biological information. As
time series of observed data increased in duration, and the knowl-
edge of biological characteristics improved, age-aggregated produc-
tion models were replaced by age-structured production models
(Punt et al., 1995) that more fully incorporate life history and
better reflect the fisheries by accounting for size selectivity of differ-
ent gear types.

Uncertainty in model structure stems from assuming a certain
value and/or distribution for parameters and functional forms for
variables (e.g. assuming natural mortality is constant vs. age- or
time-dependent, dome-shaped vs. flat-topped selectivity curve, or
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lognormal vs. gamma error structure for process and observation
error). The effect of some of these parameter and distribution
choices on results can be explored through sensitivity analysis.

One can take the results of sensitivity analysis further by explor-
ing the risk or consequence of applying alternative model structures
on projections of future stock status. For example, conducting a
stock assessment with three alternative model structures could
produce three different estimates of allowable catch (or other man-
agement quantity) for the next year. A consequence analysis would
take the advice from one model structure and evaluate the effect of
implementing that catch advice in all three model structures (e.g.
NEFSC, 2013). The results of a consequence analysis can be
described graphically (Figure 3), and provide managers with a
summary of the potential effects of basing management action on
results from a particular model if the true (but unknown) model
had a different structure. This technique differs from model aver-
aging (Draper, 1995; Burnham and Anderson, 2002; Brodziak and
Legault, 2005), where the results from different model structures
(e.g. the diagonal elements in Figure 3) are weighted to obtain a
single outcome.

In US stock assessment of sharks, the effect of using alternative
values of parameter inputs that determine productivity (e.g.
natural mortality, growth, and reproductive variables) is routinely

True Model Structure
T1 T2 T3

C1 C1 C1

>
=

c3 a c3

Assumed Model Structure
> >
w [ ]

Figure 3. Example of results from a consequence analysis where three
different model structures (A1, A2, and A3) are explored. Each model
structure is used to perform a stock assessment, and some
management quantity (e.g. catch) is estimated for each model (C1, C2,
and C3) to achieve a specified goal (e.g. allow spawning biomass to
increase). To evaluate the consequence of implementing catch advice
from one model if in fact one of the other model structures were more
appropriate, the catch from each assumed model structure is
implemented in the full suite of models considered. In the above
example, results are read across rows (and diagonal elements are
self-consistent). The matrix of results is summarized in terms of the
specified goal; e.g. if the goal was that spawning biomass would increase,
then outcomes where spawning biomass either did not increase or
decreased would increase the risk of implementing catch from that
model structure. For this hypothetical example, a manager would
conclude that the catch estimated for model structure 1 allows
spawning biomass to increase regardless of whether or not it reflects the
true (or most appropriate) structure. The catch estimated from model
2 only allows spawning biomass to increase if in fact model 2 is the true
structure—thus that catch estimate should be considered a risky
strategy. The catch estimate from model 3 allows spawning biomass to
increase if model 3 is correct, but if not then the spawning stock is
expected to remain at its current level (no increase or decrease). The
shading of each cell reflects the positive (white), neutral (light grey), or
negative (dark grey) outcome.
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explored through the use of high and low productivity scenarios, as
is the effect of assuming different distributions to describe virgin re-
cruitment (e.g. NMFS, 2012). While performing sensitivity analysis
has become routine in stock assessments, taking it further to
perform consequence analysis can help managers realize the impli-
cations of their choices on future stock status with a more complete
picture of model uncertainty. A full consequence analysis has not yet
been considered in US shark assessments. This type of uncertainty is
usually only considered in stock assessments, but not in PSA or
demographic analyses.

Estimation uncertainty

This uncertainty relates to the process of parameter estimation and
how well the parameters used for determining stock status represent
the state of the stock. In shark stock assessments, uncertainty in par-
ameter estimation is characterized in different ways according to the
model used. The sampling-importance resampling (SIR) algorithm
(e.g. McAllister et al.,, 2008) or Markov Chain Monte Carlo
(MCMC) (e.g. Cortés, 2002b) is used in Bayesian contexts,
whereas bootstrapping (e.g. Simpfendorfer et al., 2000; Hayes
et al., 2009) or delta methods (MacCall, 2013) are typically used
in frequentist approaches. Accounting for estimation uncertainty
results in distributions of model output rather than single point esti-
mates. This type of uncertainty is often considered in stock assess-
ments, much less frequently in demographic-type risk assessments,
and not at all in PSAs.

Estimation uncertainty can be incorporated in the formulation
of management control rules to help fishery managers establish
fishing limits and allowable catches. For example, the estimated dis-
tributions from a stock assessment are used to define a distribution
of catch that corresponds to Fysy: This catch distribution, and spe-
cifically its central tendency, is referred to as the overfishing limit
(OFL). A harvest control rule (HCR) can then be used to define
the acceptable biological catch (ABC), which is some fraction of
OFL that accounts for the degree of uncertainty in the OFL estima-
tion (Figure 4). In US shark stock assessments, the ABC control rule
sets a buffer of 30% between the OFL and ABC, i.e. the ABC is the
30th percentile of the OFL distribution, which corresponds to a
>70% probability that overfishing will not occur.

Implementation uncertainty
Implementation uncertainty refers to how successfully manage-
ment policies will be implemented (Patrick et al., 2013). This is

Overfishing Limit (OFL) Distribution
OFL

~

>
Catch Amount

-
<

Figure 4. Summary of a type of HCR that determines a catch amount
by considering estimation uncertainty (OFL — ABC) and
management and implementation uncertainty (ABC — ACL). An
additional buffer can also be accommodated (ACL — ACT) to avoid
exceeding the ACL in a given year.

E. Cortés et al.

particularly problematic in developing nations or in the open
oceans where enforcement is practically non-existent. This type of
uncertainty could be incorporated into an HCR similar to estima-
tion uncertainty. For instance, in the US example described above,
estimation uncertainty defined the buffer between ABC and OFL.
Implementation uncertainty could be used to create a second
buffer that defines a lower annual catch limit (ACL). Exceeding
the ACL can result in penalties, e.g. excess catch is “paid back” by
subtracting it from next year’s ACL. This can occur when in-season
catch monitoring is imprecise or lags due to delays in reporting. To
avoid a “payback” penalty, a third buffer can be defined between the
ACL and a lower annual catch target (ACT; see Figure 4).

In US shark management, the ACL is set equal to the ABC. When
the stock is overfished and rebuilding required, the ACL is defined
as the projected catch level that produces >70% probability of
stock biomass being above Bysy by the end of the rebuilding time
frame. The ACL is disaggregated into commercial, recreational,
and discard components, and the commercial shark fishery can be
closed when the quota reaches an ACT of 80% of the quota
(NMEFS, 2013b).

No formal HCRs have yet been developed in the United States to
set ACLs and ACTs for managing lower tier (more data limited)
shark stocks. In contrast, the southern and eastern scalefish and
shark fishery in Australia developed a three-tier (1, 3, and 4)
harvest strategy framework with an associated HCR for each tier
that is used to determine a recommended biological catch (RBC)
(AFMA, 2009). For tier-1 stocks (those with awell-established quan-
titative stock assessment), the RBC is calculated by applying Fiyrget
(the fishing mortality rate corresponding to a spawning biomass
Of Biarget) to the current biomass to calculate the total catch in the
next year. For tier-3 stocks (those without a quantitative stock as-
sessment but with estimates of F and other biological information),
the RBC is obtained from the current catch adjusted by the ratio of
the intended and current exploitation rates, where the intended ex-
ploitation rate is based on the F for the RBC from the HCR. Tier 4
stocks are those corresponding to the most data-limited situations
with no reliable information on current biomass or exploitation
rate. For those stocks, the RBC is set based on a catch target
derived from a historical period identified as a desirable target in
terms of cpue, catches, and status of the fishery, the maximum
level of catch that the HCR can set, target and limit cpues, and the
average cpue over a given number of recent years. To further
account for uncertainty in the lower tier stocks, a discount factor
of 5 and 15% is applied to the RBC for the tier-3 and tier-4 stocks,
respectively, to set a lower TAC (total allowable catch) with the
aim of supporting stock recovery and preventing stocks from
becoming overfished in the future.

Institutional uncertainty

Francis and Shotton (1997) further identified institutional uncer-
tainty, arising from a lack of clear objectives for fisheries manage-
ment and the interaction between different groups (scientists,
managers, economists, fishers, and politicians). To some extent,
the lack of clear objectives can arise from each group focusing on
a different measure or consequence of risk (statistical probabilities,
economic forecasts, future catch variability, and legal requirements
of rebuilding). Reconciling these diverse considerations requires de-
fining risk tolerance and the relative importance of each of these
objectives. These decisions define risk management. In fisheries,
the process of risk management is often qualitative and sometimes
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only loosely related to the risk assessment from which it stemmed
(Francis and Shotton, 1997).

Comparing risk analysis across disciplines
Extinction risk in marine fish has been measured through a variety
of methods. Dulvy et al. (2004) noted that there is variation in both
the definition of extinction risk and the degree of precision and de-
fensibility of the risk assessment methods used in conservation
biology, leading them to recommend a two-step approach for defin-
ing and assessing extinction risk. First, simple methods would be
used to triage a large number of populations, and second, only
those populations identified as vulnerable would be subject to
more rigorous analysis. This approach is analogous to using some
“rapid assessment techniques,” such as PSAs, to identify those
species or stocks more at risk then for those stocks, to apply stock
assessments of different complexity based on data availability.
There has been intense debate over whether to apply methods of
assessing extinction risk vs. methods of stock assessment tradition-
ally used in fisheries for highly catchable and productive marine fish
species (Matsuda et al., 1998; Punt, 2000; Hutchings, 2001). Dulvy
et al. (2005) addressed this issue in a study of 76 stocks of exploited
marine fish and invertebrate species, in which they applied two cri-
teria defined by the International Union for the Conservation of
Nature’s Red List of Threatened Species (IUCN, 2004) based on
decline rates and population viability, and a criterion defined by
the American Fisheries Society (Musick, 1999) based on decline
rates and productivity. They compared predictions of extinction
risk with those of stock status reported in stock assessments, and
found that results from the two approaches were consistent.
Davies and Baum (2012) also reported that IUCN conservation
metrics and fisheries metrics (whether the stock was above or
below reference points) agreed well in assessing the status of
marine fish despite basic differences in the methods used in both dis-
ciplines; they suggested that the only difference was in the divergent
philosophy of how to manage species of mutual concern. This dif-
ference between disciplines is exacerbated by the fact that fisheries
scientists do not generally consider overfished populations to be
at risk of biological extinction and highlights that risk tolerance is
not the same because of divergent goals.

The spectrum of stock assessment methods

Biomass dynamic (age-aggregated surplus production) models are
the simplest form of model used for assessing marine fish stocks, in-
cluding chondrichthyans, around the world. Bayesian surplus pro-
duction (BSP) models have been used for assessing large and small
coastal sharks in the United States since 1998 and 2002, respectively
(NMEFS, 1998; Cortés, 2002b). The BSP model (McAllister and
Kirkwood, 1998a, b; McAllister and Babcock, 2006) is a Schaefer
biomass dynamic model that considers observation error only and
uses the SIR algorithm to draw the estimated parameters from
their joint posterior distribution and project the population
forward under constant quota- or fishing mortality-based policy
options. Probabilistic statements about the condition of the stock
with respect to various indices of policy performance are then gen-
erated for different projection time intervals thus conveying the un-
certainty associated with alternative harvesting strategies. Meyer
and Millar (1999) developed a Bayesian state-space model incorpor-
ating both process and observation errors, which has been used in
several stock assessments of Atlantic sharks (Cortés et al., 2002,
2006). This model is implemented in WinBUGS and uses MCMC
for numerical integration (Spiegelhalter et al., 2000). No formal
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projections of future stock condition were developed with this ap-
proach. Jiao et al. (2009) illustrated the use of hierarchical BSP
models for situations when species-specific data are unavailable in
a hammerhead shark complex stock assessment. They found that
models incorporating a multilevel prior on the population maxi-
mum growth rate (7,,,) fitted the data better than non-hierarchical
models, which tended to produce credible intervals for estimates of
stock status that were unrealistically narrow as a result of ignoring
variability among species. These narrow intervals could lead to
adoption of high-risk management strategies. In a follow-up
study, Jiao et al. (2011) further explored the use of hierarchical
and non-hierarchical BSP models for assessing fish complexes in
situations where species-specific data were available, but were of dif-
ferent quality and quantity, concluding that the hierarchical models
outperformed the non-hierarchical formulations because the poor-
data species could “borrow strength” from the species with better
data.

Age-structured production models are a bridge between the
simpler production models and the more complex fully age-
structured models (ASMs). The underlying dynamics are age-
structured, but predicted values are aggregated across ages and com-
pared with observed data that lack age information. The state-space
age-structured production model (Porch, 2003a) is one example
that can incorporate both observation error in the data variables
(catches, cpue, and effort) and process error in state variables
(effort, recruitment, and catchability deviations) and has been
used to assess shark stocks in the United States since 2002 (e.g.
Cortés et al., 2002). Future projections of stock status initially
included process error in recruitment only (Porch, 2003b);
however, current projection methodology incorporates additional
sources of variability in initial abundance, fishing mortality, pup
survival at low density, and equilibrium recruitment. This approach
also allows one to calculate probabilities of the stock being overf-
ished and overfishing occurring for alternative levels of fixed
removals each projection year (NMFS, 2013a). For overfished
stocks in the United States, the population is first projected
forward at F = 0 to determine the year when the stock recovers
(B/Basy > 1) with a 70% probability. If that year is >10, then
the stock must be rebuilt by the estimated rebuilding time +1 gen-
eration (Restrepo et al., 1998). Fixed F and catch strategies can then
be used to find the level that allows for the stock to be rebuilt with a
70% probability by the target year.

Porch et al. (2006) developed a variant of the age-structured
production model for situations with no reliable catch history, a
condition that is common in shark assessments. The state-space
age-structured catch-free production model (ASCFPM) expresses
the population dynamics on a relative scale (relative to virgin
levels), to account for the lack of catch in the model. Model inputs
include the usual age-specific vital rates, indices of abundance,
and specification of a form for the stock—recruit curve, which for
sharks can be parameterized in terms of maximum lifetime repro-
ductive rate (&). The model estimates relative biomass trends,
fishing mortality rates, predicted values for indices, and MSY-based
reference points (abundance-related values are expressed relative to
the unexploited level) and has been used for assessing dusky
(Carcharhinus obscurus) sharks (Cortés et al., 2006; NMFS, 2010),
porbeagle (Lamna nasus) (ICCAT, 2010), and shortfin mako
(Isurus oxyrinchus) (ICCAT, 2013).

Statistical catch-at-age models are the most complex form of
model used for assessing shark stocks. Through “Integrated
Analysis” (Maunder and Punt, 2013), these models attempt to
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make use of multiple data sources simultaneously, generally includ-
ing information on catch and indices of abundance, as well as age
and/or length composition. These models can take many different
forms (e.g. sex structure in addition to age structure), and their flexi-
bility allows them to accommodate nearly any additional type of
data that might be deemed important (e.g. tagging data). Punt
and Walker (1998) used a statistical catch-at-age model, along
with Bayesian inference and the SIR algorithm, to generate posterior
distributions of virgin equilibrium biomass and a parameter deter-
mining the magnitude of density dependence in a stock assessment
of the school shark (Galeorhinus galeus) off southern Australia. They
also conducted a risk analysis consisting of probabilistic projections
under alternative F levels.

Length-based ASMs are also being increasingly used to take ad-
vantage of the fact that lengths are often recorded in many fisheries
and surveys for chondrichthyan fish. Age information is very scarce,
in part because of insufficient sampling of catches, but also because
cartilaginous fish are inherently difficult to age. Pribac et al. (2005)
used a variant of integrated analysis wherein catch, catch rate, length
and age compositions, and tagging data were used to assess the status
of the gummy shark off the Bass Strait and South Australia within a
maximum likelihood estimation framework. Frisk et al. (2010)
developed an ASM that was fit to catch rate and length composition
data to assess trends in winter skate (Leucoraja ocellata) abundance,
biomass, and exploitation, testing hypotheses to explain the popu-
lation dynamics of this species in the Georges Bank region.

Stock synthesis (SS), a widely used programme for integrated ana-
lysis, is a very flexible assessment framework that accommodates
input of many different types of data, including both sex-specific
length and age compositions (Methot and Wetzel, 2013). Gertseva
(2009) used SS to assess the status of the longnose skate (Raja
rhina) in the northeast Pacific Ocean, and more recently, Rice and
Harley (2012) used SS to assess the status of the oceanic whitetip
(Carcharhinus longimanus) shark in the western and central Pacific
Ocean. As more and better data become available, we expect that
shark assessments will rely less on data-poor methods and will tran-
sition toward integrated analysis, at least for some species.

E. Cortés et al.

Case study: the dusky shark

The dusky shark off the Northwest Atlantic Ocean provides a good
example to illustrate the suite of analytic tools that can be used to de-
termine the status of a stock under multiple sources of uncertainty.
The dusky shark is a large coastal-pelagic species designated in 1997
as a candidate for listing under the Endangered Species Act in the
United States, and classified as vulnerable in the western North
Atlantic Ocean under World Conservation Union IUCN criteria
in 2004. Capture of dusky sharks off the US East Coast has been pro-
hibited since 2000. Data from a variety of sources and a portfolio of
quantitative methods were used to assess the status of the dusky
shark population in the western North Atlantic Ocean (Cortés
et al., 2006; Table 1). Trends in average size and catch rates
(cpues) from five sources standardized through GLM statistical
techniques were all found to have declined, many of them signifi-
cantly. A demographic analysis was conducted in which uncertainty
in life-history traits (age, growth, reproduction, and natural mortal-
ity) was incorporated through Monte Carlo simulation of life tables,
which allowed consideration of a wide range of plausible parameter
values. That analysis found dusky sharks to have long generation
times (30 years), as well as very low population growth rates
(Fmax < 0.023 year_l) and steepness (h = 0.29). Some of these esti-
mated population parameters were later used to inform priors in
Bayesian stock assessments. Elasticity analysis identified juvenile
survival as the main contributor to population growth.

A broad spectrum of stock assessment methods was applied to
evaluate stock status. Three complementary approaches of increas-
ing complexity were used: BSP models, the catch-free age-structured
production model; and an ASM that incorporated catch. Three
Bayesian variants of Schaefer’s biomass dynamic model were
applied that allowed incorporation of different assumptions about
observation and process error and numerical integration techni-
ques: a BSP model with the SIR algorithm (McAllister and
Kirkwood, 1998a, b; McAllister and Babcock, 2006), another
version of the BSP model with the SIR algorithm but incorporating
process error in the projections (Cortés, 2002b), and a state-space
BSP model implemented in WinBUGS (Meyer and Millar, 1999).

Table 1. Methods used by Cortés et al. (2006) to estimate the status of the dusky shark (Carcharhinus obscurus) stock in the western North

Atlantic Ocean.

Method Type of uncertainty Results

Conclusion

Trends in size

Observation
Observation, model structure

Trends in cpue
Demographic

All decreasing (4 of 5, P = 0.05-0.001)

All decreasing (3 of 5, P = 0.001)
Low productivity (r < 3% per year); long

Heavily exploited, particularly
immature stages

Declines >50% of virgin likely

Can withstand only very low F

analysis generation time (30 years)

Elasticity analysis ~ Observation, model structure

Juvenile (immature) stage most influential to  Should protect immature sharks

productivity

Bayesian SPM Observation, model structure, estimation

Bcurrent/Buirgin = 0.03-0.27; stock overfished;

Heavily depleted stock in need

overfishing occurring of rebuilding

Bayesian SSSPM Observation, process, model structure, Bcurrent/ Buirgin = 0.16; stock overfished; Heavily depleted stock in need
estimation overfishing not occurring? of rebuilding

SPMs (combined)  Observation, process, model complexity, Bcurrent/Buirgin = 0.03-0.271; stock overfished;  Heavily depleted stock in need
model structure, estimation overfishing occurring of rebuilding

ASCFPM Observation, process, model structure, Beurrent/ Byirgin = 0.04-0.13; stock overfished;  Heavily depleted stock in need
estimation overfishing occurring of rebuilding

ASM Observation, model structure, estimation Bcurrent/Buirgin = 0.21-0.37; stock overfished;  Heavily depleted stock in need
overfishing occurring of rebuilding

The main results and conclusions from application of each method are listed for comparison along with the type of uncertainty that each method addressed.
SPM, surplus production model; SSSPM, state-space surplus production model (WinBUGS); ASCFPM, age-structured catch-free production model; ASM,

age-structured model.
2Only in terminal year.
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While the data for production models were certainly available, these
models are not able to incorporate important information about
age-specific quantities, protracted maturation schedules, or gener-
ation time.

Estimates of age-specific vital rates for dusky shark from limited
studies were used to derive inputs for ASMs to better capture the
biology of the species. The ASCFPM (Porch et al., 2006) and the
ASM of Apostolaki et al. (2006) were both used. The ASCFPM
was a convenient approach because it re-scales the model popula-
tion dynamics as proportional to unexploited conditions, thereby
eliminating dependence of model results on catch levels, which
are poorly known. The ASM is sex specific, a feature that is consid-
ered important for describing population dynamics of dusky and
other sharks.

Use of the three modelling approaches thus addressed several
sources of uncertainty: observation, process, model, and estimation
uncertainties. Model uncertainty was further addressed directly
through model complexity (the type of model used) and model
structure (via sensitivity analyses of several parameter input values
or distributions). Uncertainty in data inputs was investigated
through extensive sensitivity analyses. Estimation uncertainty was
addressed through the use of different algorithms for numerical in-
tegration (SIR vs. MCMC) or the importance function used in the
SIR algorithm (changing it from the priors to a multivariate
t-distribution).

Despite the diversity of assumptions, required model inputs, and
sources of uncertainty considered, the multitude of methods used
provided a consistent picture of heavy fishing impact and high vul-
nerability to exploitation of dusky sharks in the western North
Atlantic Ocean (Cortés et al., 2006). All three stock assessment
models generally estimated large depletions of at least 80% with
respect to virgin levels. Such convergence of results suggests that
the data, particularly the biological information and the indices
of abundance, were robust and led to conclusions that were largely
independent of the method used, despite the acknowledged sources
of uncertainty.

Further considerations and recommendations

The case study described for dusky sharks, where multiple methods
were applied to the same stock, is not possible for most chondrichth-
yans. These species tend to be bycatch, thus both the data and the
range of applicable methods is limited (Stevens et al., 2000). As a
consequence, fisheries impacts on bycatch species are particularly
difficult to quantify, and management objectives often lack specific
bycatch reduction targets (Moore et al., 2013). In these typically
data-poor situations, multiple limit reference points based only
on catch and life-history data have been proposed to identify sus-
tainable levels of bycatch for non-target populations of marine
megafauna. Moore et al. (2013) cite the potential biological
removal (PBR) reference point used in the Marine Mammal
Protection Actasan example of a precautionary approach to incorp-
orating uncertainty directly into the reference point estimator to
ensure relatively high population levels or a high probability of
rapid recovery. However, for several elasmobranch species that are
relatively abundant but of low economic value, depletion to lower
abundance levels or a higher risk tolerance to a given level of
bycatch may be a reasonable option (Zhou et al., 2011). Even if a
given bycatch or exploitation level in general exceeds the prescribed
reference point (e.g. PBR), it could still be sustainable but with a
lower degree of certainty (i.e. higher risk tolerance).
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Concerns related to the ability of data-poor methods to accurate-
ly reflect the complex dynamics and protracted population response
times are valid. Furthermore, the inherent uncertainty in data for
bycatch species can complicate management decisions about
buffer size, rebuilding targets, and how strictly to regulate the fish-
eries responsible for bycatch. A convenient framework for simultan-
eously exploring the effect of different sources of uncertainty is
management strategy evaluation (MSE; Butterworth and Punt,
1999). In this approach, the entire assessment and management
process is evaluated, from data collection to the application of
HCRs, using Monte Carlo simulation where parameter or data
values are sampled from relevant probability distributions (Little
et al., 2011). Typically, an MSE comprises an operating model that
describes the “true” population dynamics of the stock, including
process error; an observation/estimation model that generates
data and estimates reference points considering observation (sam-
pling) error and uncertainty in the operating model; and an assess-
ment/management model that implements HCRs in response to
the estimated stock status relative to reference points to define the
level of catch each year (e.g. Smith, 1994; Wayte and Klaer, 2010;
Moore et al., 2013). MSE thus allows exploration of the likely
effect of alternative management strategies and the ability of those
strategies to satisfy quantifiable management objectives (Smith,
1994).

Punt et al. (2005) used MSE to evaluate the relative benefits of
alternative harvest strategies to set annual TACs for school and
gummy shark (Mustelus antarcticus), finding that the uncertainties
that most affected performance measures (related to average
catches, catch variability, and resource conservation) were the tech-
nical interaction between fishing for school and gummy shark, the
productivity of the school shark, and the magnitude of tag loss or
shark death immediately after tagging. Little et al. (2011) used
MSE to evaluate a catch- and cpue-based HCR for the southern
and eastern scalefish and shark fishery of Australia for situations
with limited data, finding that fishery objectives could be achieved
reasonably well when target catch was a function of a predefined his-
torical reference period characterized by relatively stable cpue and
catches.

The effort needed to conduct an MSE is incomparably greater
than required for a PSA. However, it may be possible to conduct
an MSE for a representative species to develop an HCR that incor-
porates decisions about risk tolerance, then use that HCR for
species that scored similarly in a PSA. Such stopgap measures may
be a practical management approach until data are sufficient for
species-specific applications.

In general, we recommend a stepwise approach wherein the
model used to assess risk is determined by the data available.
Initially, this can be a simple model that requires few data. As
more and better data become available, more complex models can
be explored in tandem with identifying the types of data that are
most crucial for satisfying predefined management objectives
through MSE or similar simulation approaches.

When using simple models like PSA to rank species by risk of
overfishing, it would be advisable to explore the use of additional
measures of vulnerability and compare them to the more tradition-
ally used Euclidean distance. When using demographic models, it is
also important to make sure that the life history inputs (growth,
mortality, reproduction) correspond to those that would be
expected of a population growing at its maximum rate.Finally, we
also recommend testing model performance through stepwise con-
struction. The performance of data-poor methods can be assessed
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for their ability to recreate results obtained with more data-rich
approaches. A simple model can also be built up to a more
complex model by adding data that support the next level of com-
plexity. This sequential model building exercise could identify
which steps cause model results to diverge, pointing towards
aspects of the data or model structure that are important to refine
with targeted future research. In addition, simulation testing can
help identify applications where data-limited approaches will not
be appropriate.
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