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Fisheries stock assessment has traditionally been focused on providing the
basis for tactical fisheries management advice. However, there is an increasing demand from decision makers for feedback control management strategies evaluated using Management Strategy Evaluation, MSE. MSE can be used
to identify which uncertainties are likely to lead to poor performance of current management strategies and to which uncertainties such strategies are
robust, and hence to the extent to which current management strategies need
to be modified (if at all) to perform satisfactorily in the face of key uncertainties. Given this demand, there is a need for a refocus of the priorities of stock
assessment science. In particular, more attention needs to be placed on exploring alternative model structures, including those that take spatial and
multispecies considerations into account, while there is also a need to develop tools to assign weights or probabilities to alternative model structures
using Bayesian and meta-analytic techniques. Finally, care needs to be taken
not to overuse model selection methods when selecting model structures to
use as the basis for the evaluation of management strategies.
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1. Introduction
The objectives for conducting fisheries stock
assessments during the 20th and early 21st
centuries have been primarily tactical, such
as providing management advice to decision

makers regarding current stock size, in absolute terms, and relative to target, limit or
threshold reference levels, as well as yields
(current and long-term) according to harvest
control rules (such as F0.1). Other outputs
from stock assessments have included information on trends in fishing mortality, and
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fishing mortality relative to reference points,
such as FMSY.
Fisheries stock assessment involves a
wide variety of techniques ranging from
catch curve analysis to estimate exploitation
rates under the assumption that the population and fishery are in equilibrium, to the
application of spatially-, age- and size-structured population dynamics models (such as
CASAL (Bull et al. 2005); GADGET (Begley
2003; Stefansson 2003); MULTIFAN-CL
(Hampton and Fournier 2001); and Stock
Synthesis 2 (Methot 2005, 2007)) which estimate trends in a variety of measures of
stock size and stock status (and their uncertainty). ‘State-of-the-art’ stock assessment
continues to evolve to towards more complicated models that can use a broader range
of data types in an increasingly statistically
rigorous manner.
There is an increasing focus in stock
assessment on quantifying and representing
uncertainty, and including uncertainty in
management advice, and the broad scope of
assessment methods reflects this to some
extent. Methods for representing uncertainty
range include providing confidence intervals,
calculating the probability of achieving various management goals, and showing the sensitivity of key model outputs to changing
some of the assumptions of the assessment
model, its data inputs and the emphasis
placed on fitting different data inputs. One
particularly common method for representing uncertainty in stock assessments and
hence the consequences of future management actions is the decision table (see, for
example, Table 1) which highlights the implications of choosing one set of assumptions
(or state of nature) as the basis for management advice when another set of assumptions
is true.
Although the information in a decision
table has the potential to provide decision
makers with the ability to evaluate the consequences of basing management decisions
on one or other sets of assumptions, man-

Table 1.
A decision table for black rockfish
(Sebastes melanops) off California and Oregon
(Sampson 2007). The entries indicate the
spawning biomass from 2009 under a variety
of catch series. The three states of nature reflect assumptions regarding values for sex-specific natural mortality and the sizes of the historical catches. The high, medium and low catch
series are based on applying the F50% harvest
strategy (Ralston 2002) to the high, medium,
and low states of natures respectively.
Year

Catch

State of nature
Low

Low catches
2009
2010
2011
2012
2013
2014

Medium

High

909
831
782
765
772
789

2195
2099
1981
1860
1756
1683

3284
3168
3015
2855
2714
2614

5710
5518
5258
4982
4737
4555

Medium catches
2009
1454
2010
1303
2011
1203
2012
1156
2013
1146
2014
1153

2195
2007
1804
1612
1450
1329

3284
3077
2844
2616
2422
2277

5710
5428
5092
4753
4458
4237

High catches
2009
2660
2010
2333
2011
2112
2012
1994
2013
1945
2014
1930

2195
1802
1416
1072
796
583

3284
2876
2467
2096
1791
1557

5710
5231
4726
4252
3854
3551

agement decisions are nevertheless usually
based on the “central” (or most likely) set of
assumptions. This is often because assessment authors are unable (or unwilling) to
assign probabilities to states of nature.
Moreover, although management is based on
a feedback control system, i.e. decisions are
made, data are collected, and assessments are
updated, there is no consideration of the implications of feedback in decision tables.
Rather, decision tables are commonly
based on the assumption that pre-specified
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Fig. 1.

Flowchart of the approach used to evaluate management strategies.

sequences of catches will be followed irrespective of the data that will be collected
from the fishery in the future.
In cases in which management decisions
are based on well-specified harvest control
rules, it is possible to broaden the notion of
stock assessment so that fuller account can
be taken of uncertainty and the implications
of feedback control. The Management Strategy Evaluation (MSE) approach is the use
of simulation to evaluate the performance of
combinations of stock assessment methods
and harvest control rules (management strategies) in the face of uncertainty given (preagreed) objectives (Smith 1994; Smith et al.
1999; Kell et al. 2006). However, a focus on
MSE rather than tactical management advice
will require a change to the focus of stock
assessment science. This paper first outlines
MSE and then discusses how conventional
stock assessment approaches will need to be
modified so that they can be used to form
the basis for MSE. The concepts outlined in
this paper are illustrated using experiences
from the International Whaling Commission,
and the Pacific and North Pacific Fishery
Management Councils as well as a simple
illustrative situation (Appendix).

2. Management Strategy Evaluation
The MSE approach involves developing
models that capture the entire management
system, including the underlying fish population dynamics, the data collection scheme,
the method of stock assessment used when
providing management advice, and any harvest control rules. The MSE approach differs from earlier methods for evaluating
management performance by explicitly including the impact of noise in the assessment
data and by examining the use of incorrect
assumptions when conducting stock assessments. MSE is considered to be state-of-theart for evaluating and contrasting management strategies, and is fully consistent with
the FAO precautionary approach to fisheries management (Punt 2006; Marasco et al.
2007). The steps followed when applying the
MSE approach are (see also Fig. 1):
1) Identification of the management objectives and representation of these using a
set of quantitative performance measures.
2) Development and parameterization of a
set of alternative structural models
(called operating models) of the system
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under consideration; each of these operating models represents an alternative,
yet nevertheless plausible, representation of reality.
3) Identification of the alternative management strategies which have the potential to satisfy the management objectives.
4) Simulation of the future use of each
management strategy to manage the system (as represented by each operating
model scenario) under feedback control.
Each simulation trial usually involves
about 100 replicates for a particular operating model specification. The following three steps occur for each year of the
projection period.
• Generation of the types of data available for assessment purposes.
• Application of the method of stock
assessment and the harvest control
rule to determine a management measure for the next year (usually a Total
Allowable Catch or Total Allowable
Effort).
• Determination of the implications of
this management measure by setting
the catch for the next year from the
‘true’ population represented in the
operating model based on it.
5) Summary of the results of the simulations
by means of the performance measures.
Conventionally, MSE, and hence the
objectives and performance measures, has
pertained to the direct effects of fisheries for
target species (yield, stock status, and catch
variability) (Butterworth et al. 1997; Punt
and Smith 1999; Dichmont et al. 2006; Punt
2006), although, recently, it has also been
proposed as the basis to evaluate whole-ofecosystem management strategies and objectives (e.g. Sainsbury et al. 2000; Marasco et
al. 2007; Fulton et al. 2007), including nonuse objectives (Mapstone et al. in press).
Equally importantly, MSE is considered a
way to evaluate the implications of error and
uncertainty when conducting stock assess-

ments and applying harvest control rules.
Specifically, attempts are usually made when
applying MSE to account for all major
sources of uncertainty (cf. Francis and Shotton
1997), viz.
• Process error: variability in population
dynamic processes such growth, recruitment and natural mortality due to unpredictable environmental factors.
• Observation error: variability in the
data on which stock assessments (or
management strategies more generally)
are based.
• Model error: structural differences between the operating model and the models on which stock assessments are
based.
• Implementation error: error that arises
from an inability to adequately implement and enforce regulations.
Specification of the values for the parameters of the operating model (“conditioning” the operating model) is generally based
on fitting it to existing data. However, this
may lead to an overly restrictive set of operating model scenarios and it is often the case
that operating model scenarios are also developed based on expert beliefs and other
a priori information to reflect scenarios,
while not the most likely, that could nevertheless occur in the future (Kell et al. 2006).
3. Implications of MSE for Stock
Assessment Science
3.1. Multispecies and spatial models
Almost all of the population dynamics models on which fisheries stock assessments are
based assume that the population being assessed constitutes a single homogenous
population while only very limited account
(if any) is taken of predation mortality when
providing management advice. Also, it is
well known that that conservation performance can be poor when multiple stocks are
assessed and managed together, but the harvest is not proportional to stock size or the
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intrinsic rate of growth (and hence productivity) differs among stocks. The poor performance of the IWC’s Revised Management
Procedure in the face of stock structure uncertainty (e.g. IWC 1992, 1993) was one reason for the development by the Scientific
Committee of the International Whaling
Commission (the IWC SC) of operating
models that are specifically designed to examine the implications of stock-structure
uncertainty, and the considerable focus in the
IWC SC in recent years on developing
processes for identifying the “full range” of
“plausible” hypotheses, particularly those
related to stock structure uncertainty (Punt
and Donovan 2007).
The values for the parameters of the
operating models developed by the IWC SC
used when evaluating candidate management
strategies are estimated, and their uncertainty
quantified, by fitting them to data on absolute abundance by modeled region, proportions of different stocks in different areas
based on analyses of (for example) genetic
data, estimates of total mortality based on
inferences from age-composition data, and
movement rates based on tagging data (e.g.
IWC 2004, 2007). Other studies of the performances of management strategies have
considered the implications of spatial structure (e.g. Bentley et al. 2003; Punt et al.
2005; SC-CAMLR 2006; Hobday and Punt
2006), but the number of applications remains very low.
Given that the performance of management strategies can be sensitive to how spatial structure is treated, it is perhaps surprising that the number of spatially-structured
stock assessment models which could form
the basis for spatially-structured operating
models is still relatively small. Examples,
outside of the IWC of spatially-structured
stock assessment models include those developed for hoki (Macruronus novaezelandiae)
in New Zealand (e.g. Francis et al. 2003) and
school shark (Galeorhinus galeus) in Australia (Punt et al. 2000). Assessment plat-
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forms such as CASAL, GADGET, and SS2
all allow spatial-structure to be represented,
but this feature has not been used extensively
to date in actual applications.
Several assessment models have been
developed that consider multispecies interactions (e.g. Magnússon 1995; Begley 2003;
Jurado-Molina et al. 2005). However, their
use for management advice has been limited,
although they clearly have a role to play to
when evaluating the robustness of management strategies (which usually ignore
multispecies interactions). MSE analyses
based on operating models which explicitly
include biological multispecies interactions
are rare (Schweder et al. 1998; Fulton et al.
2007 being notable exceptions). In contrast,
an increasing number of evaluations of management strategies (e.g. De Oliveira et al.
1998; De Oliveira and Butterworth 2004;
Punt et al. 2005; Dichmont et al. 2006;
Fulton et al. 2007) have accounted for technical interactions.
Environmental variables are being included in an increasing number of stock assessments, for example as proxies for recruitment success (e.g. Maunder and Watters
2003; Schirripa 2007). In principle, if these
environmental variables can be forecasted,
based, for example, on downscaled IPCC
predictions, the robustness of current management strategies to what is effectively nonstationarity in the parameters of the operating model can be evaluated.
Assessments that incorporate spatial
structure, multispecies interactions, and environmental forcing will likely lead to less
precise estimates of model parameters and
estimates of quantities of management interest and so may not be appropriate as the basis for tactical fisheries management advice.
However, considering such models routinely
as part of assessments will allow two key
questions to be addressed: (a) Are perceptions of stock status radically altered by including such factors, and (b) are the likely
consequences of management actions in the
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form of management strategies likely highly
sensitive to these sources of model uncertainty?
3.2. The role of parameter estimation
and weighting of models
The ideal management action or management strategy for a particular case will depend on the goals of management and the
range of scenarios considered when evaluating alternative actions and strategies. However, if the aim of evaluating management
strategies is to identify those that are (sufficiently) robust to uncertainty, each operating model scenario (and perhaps the objectives themselves) needed to be weighted.
Table 2(a) contrasts the expected yield under five exploitation rates for four scenarios
related to the steepness of the stock–recruitment relationship (see Appendix for technical details). The first four exploitation rates
were determined by maximizing the expected yield for each of the four steepness
values in turn, and the fifth exploitation rate
by maximizing the expected yield over all
the four values of steepness after giving each
value for steepness equal weight. The optimal strategy differs among steepness values
and there can be a large loss in yield if the
exploitation rate used to determine management actions is based on the optimal exploitation rate for one value of steepness when
another is true. This is quantified in Table
2(a) by the difference between expected
value of perfect information about steepness
(when each steepness value is equally
weighted) and the expected yield for each of
the five exploitation rates. The ability to
avoid losses due to uncertainty can be reduced (and poor decisions avoided) if (appropriately selected) weights can be assigned
to each set of assumptions about the dynamics of the system. This is, however, not always the case. For example, Table 2(b)
shows that the expected yield (but not necessarily risk-related performance measures)

is insensitive to the extent of variation in recruitment.
Butterworth et al. (1996) proposed the
following four-level scheme to assign “plausibility ranks” to the hypotheses underlying
operating model scenarios:
1) How strong is the basis for the hypothesis in the data for the species or region
under consideration;
2) How strong is the basis for the hypothesis in the data for a similar species or
another region;
3) How strong is the basis for the hypothesis for any species; and
4) How strong or appropriate is the theoretical basis for the hypothesis?
Although this scheme is semi-quantitative, weights (if assigned at all) tend to be
assigned to scenarios qualitatively in MSE
using a ‘Delphi type’ approach. For example, the weighting scheme developed for use
by the International Whaling Commission
involves assigning operating model scenarios weights of ‘high’, ‘medium’, ‘low’
and ‘no agreement’ (with ‘no agreement’
being treated as ‘medium’) (IWC 2005).
Nevertheless, stock assessment science has
an important role to play in terms of the first
two levels of this scheme. Specifically, given
that appropriate care is taken to ensure that
the likelihood function is valid for the problem at hand (many of the data sets used for
stock assessment are grossly overdispersed
given the probability distributions assumed
for them), and operating model scenarios are
only assigned low weight because the data
suggest that other scenarios fit the data better (rather than the data having no ability to
discriminate among different scenarios—see
“Complex versus simple models” below), it
should be possible to identify “unlikely” scenarios.
The development of Bayesian methods
allows a focus on key (often structural) uncertainties by “integrating out” other sources
of uncertainty (such as process error). In
particular, basing projections on samples
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Table 2.
Relationship between exploitation rate, E, and expected yield for:
(a) four scenarios related to stock-recruitment steepness, h, when σR = 0.6, and
(b) four scenarios related to the extent of variation in recruitment, σR when h =
0.7. The five exploitation rates were chosen to maximize yield under each of four
scenarios and when the results from each scenario are weighted equally. The
shaded cells are those that were maximized to obtain the five exploitation rates.

(a) Stock-recruitment steepness (expected value of perfect information 70.9).
h

E

0.049
0.162
0.321
0.681
0.272

Expected

0.9

0.7

0.5

0.3

37.9
82.4
108.0
122.1
102.5

36.7
74.1
85.7
60.5
84.8

34.0
55.3
35.6
0.0
44.9

20.4
0.0
0.0
0.0
0.0

32.3
53.0
57.3
45.6
58.0

(b) Extent of recruitment variability (expected value of perfect information 86.8).

σR

E

0.364
0.346
0.321
0.294
0.328

Expected

0.2

0.4

0.6

0.8

90.9
90.8
90.4
89.5
90.5

88.7
88.8
88.6
88.0
88.7

85.2
85.5
85.7
85.4
85.7

80.0
80.7
81.4
81.7
81.3

from posterior distributions which represent
parameter uncertainty reduces the number of
scenarios which need to be examined, making to communication of results to decision
makers substantially more straightforward
and also reducing the number of scenarios
that need to be weighted. Care should, however, be taken to avoid treating parameters
which could have a substantial impact on the
performance of alternative management
strategies as estimable parameters that are
automatically “integrated out” when constructing Bayesian posterior distributions.
For example, the IWC SC based the analyses used to evaluate management strategies
(Strike Limit Algorithms) for the Bering–
Chukchi–Beaufort Seas bowhead whales

86.2
86.4
86.5
86.1
86.5

(Balaena mysticetus) and the eastern North
Pacific gray whales (Eschrichtius robustus)
on samples from Bayesian posteriors, but
based operating model scenarios on specific
choices for the parameter that determines
productivity to allow the impact of this parameter on performance to be represented
explicitly (even though the data appeared to
be very informative about this parameter).
The use of Bayesian stock assessment
methods requires that prior probability distributions be developed for all of the parameters of the model and these priors updated
using data for the case in question. Moreover, given that prior probabilities can be assigned to models, Bayesian techniques can
be used directly to compute the relative
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weight that should be assigned to alternative
models. Priors can be developed subjectively, by analyzing auxiliary information
(e.g. Givens et al. (1995) for the Bering–
Chukchi–Beaufort Seas bowhead whales)
and using meta-analysis. Meta-analysis provides a formal basis for developing priors as
well implementing step 3 of the approach to
weighting developed by Butterworth et al.
(1996). To date, meta-analyses based on data
for multiple stocks have been conducted
which could be used to assign priors to the
parameters of the stock–recruitment relationship (Myers et al. 1995; Liermann and
Hilborn 1997), the form of the relationship
between catch-rate and abundance (Harley
et al. 2001), and survey catchability (Harley
and Myers 2001; Millar and Methot 2002).
The further development of meta-analytic
techniques and their application to fisheries
data sets should provide a more rigorous (and
replicable) basis for assigning weights to alternative models.
3.3. Complex versus simple models
One of the central tenants of contemporary
fisheries stock assessment, and statistical
modelling in general, is the desire to identify models that provide a parsimonious representation of the available data, using approaches such as likelihood ratio tests and
the Akaike Information Criterion (Akaike
1974; Burnham and Anderson 2002). While
simpler models may provide better shortterm forecasts and, in fact, estimate biomass
more accurately (Ludwig and Walters 1985;
Punt 1993), ignoring models which include
biological processes which are poorly supported by the data, but to which the performance of management strategies may be very
sensitive may lead to the selection of a management strategy that is not sufficiently robust to uncertainty.
There are several areas where models
that would not be supported by standard model
selection approaches should not be ignored.
For example, inclusion of depensation in

operating models. Most fisheries stock and
recruitment data sets are incapable of selecting between alternative two-parameter
stock–recruitment relationships such as
Ricker and Beverton–Holt. Not surprisingly,
therefore, only very few data sets provide
statistically significant evidence for
depensation (Myers et al. 1995) although,
as noted by Liermann and Hilborn (1997),
stock and recruitment data are generally uninformative about the presence of
depensation rather than suggesting a lack of
depensation. Ignoring depensation in the
absence of information supporting such lack
can, however, markedly under-estimate risk.
For example, Fig. 2 contrasts two stock–recruitment relationships which differ in terms
of whether there is depensation. The solid
lines in Fig. 2 are based on the standard
Beverton–Holt stock–recruitment relationship (γ = 1 in Eq. (A.1)), while the dashed
lines are based on a stock–recruitment relationship that has the same equilibrium point
and recruitment at 20% of the equilibrium
unfished spawning stock biomass (0.2B0) as
the solid line, but for which the recruitment
at 0.1B 0 is 0.25 of that of the standard
Beverton–Holt stock–recruitment relationship. The two stock–recruitment relationships are similar (arguably indistinguishable
over a broad range of spawning stock
biomass levels given typical stock and recruitment data sets), but have profound implications for both the level of catch that is
sustainable and the fishing mortality associated with Maximum Sustainable Yield. Ignoring the possibility of depensation, given
lack of (informative) data can consequently
lead to unduly aggressive management strategies.
A perhaps more serious example of the
impact of selecting perhaps overly parsimonious models when identifying operating
models occurs in relation to stock structure
uncertainty. The western North Pacific minke
whales (Balaenoptera acutorostrata) provides an example of how stock-structure
uncertainty can impact the selection of a
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Fig. 2.
Stock–recruitment relationships that include (dashed lines) and ignore (solid lines)
depensation (upper left panel), and the implications of accounting for depensation for the (mean)
surplus production function (upper right panel) and the relationship between yield and fishing
mortality (lower left panel).

management strategy. Four broad stockstructure hypotheses were developed for this
group of minke whales (IWC, 2004). These
stock-structure hypotheses covered a range
from two to four stocks in the region to be
managed. The least complicated stock-structure hypotheses (two and three stocks) were
justified primarily by the lack of evidence
from statistical hypothesis tests applied to a
range of genetic and non-genetic data. The
most complicated hypothesis (four stocks)
arose from the application of a clustering algorithm (Martien and Taylor 2001) to
mtDNA data, noting that the power of most
methods to detect stock structure can be very

poor (Martien and Taylor 2003). Perhaps not
unexpectedly, the operating models based on
four stocks posed more of a challenge to the
candidate management strategies, and uncertainty about stock structure led, in part, to
the IWC SC being unable to reach agreement
on relative weights for different stock structure hypotheses.
4. Concluding Remarks
The discussion above might seen to suggest
that improved management advice will require
more sophisticated and complicated stock

148

A. E. PUNT

assessments. In contrast, stock assessment
science needs to consider two distinct types
of assessments. Those which will form the
basis for tactical management advice (e.g.
setting of Total Allowable Catches and other
management measures) by being part of
management strategies, and those that will
form the basis for the evaluation of candidate management strategies. In principle, the
“stock assessment” component of a management strategy can be fairly simple (such as
the largely empirical approaches on which
management advice for sardine (Sardinops
sagax) and anchovy (Engraulis encrasicolus)
off south Africa are based; De Oliveira and
Butterworth 2004) while great complexity
should ideally only be found in the operating models used to evaluate management
strategies.
The increased focus on an evaluation of
feedback-control management strategies is
likely to increase the demands on the stock
assessment community owing to the move
from trying to a identify (and then justify) a
single “best” model to identifying an appropriate of range of plausible models,
parameterizing the models, and assigning
weights to them. However, the move to MSE
has several advantages. Specifically, the
evaluation of management strategies forces
decision makers to be explicit regarding their
management objectives and also helps to
train them regarding the trade-offs among
these management objectives (Walters
1994). In addition, attempting to explore a
broad range of uncertainties has the advantage that it becomes possible to determine
the relative importance of different factors
in relation to achieving management goals.
One almost general result of MSE analyses
is that the presence of model uncertainty has
a larger impact on the achieving management
objectives than those sources of uncertainty
considered routinely in stock assessments
(observation and process error).
There are disadvantages associated with
evaluating management strategies in addi-

tion to the increased technical demands on
stock assessment scientists. Specifically, it
is necessary to clearly define “risk”. Unfortunately, while decision makers are often
willing to express an interest in “minimizing risk”, they are seldom willing to provide
(let alone agree to) a definition for “risk” (and
hence “acceptable risk”). Workshopping (e.g.
Mapstone et al. in press) provides one way
to explore different stakeholder objectives
and attempt to find common ground among
stakeholders who have perhaps markedly
different objectives.
Data-poor situations pose major challenges for the conventional approach to fisheries stock assessment, and these problems
are not alleviated when attention focuses on
the performance of management strategies.
For example, it is likely that the only management strategies that will perform adequately for all plausible scenarios are those
which are very precautionary or which incorporate mechanisms (such as large MPAs)
to protect the resource against the lack of
information.
Schnute et al. (2007) identify the need
for a global effort within the stock assessment community to develop software to implement general MSE frameworks. However,
an equally important need at present is to
identify whether there are “universal laws”
which pertain to management strategies. Although they remain to be proved, such rules
might include “management strategies based
on empirical indicators are more likely than
model-based management strategies to respond to major shifts in population abundance albeit at the cost of larger inter-annual
variation in catches and stock sizes”. A global meta-analytic analysis based on MSEs
for a variety of regions could be used to “test”
such proposed “laws”. The availability of
sets of such “laws” could be used for regions
for which the resources needed to conduct
MSEs are lacking.
Finally, Quinn (2003) speculates that
the “Golden Age” of fisheries population
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dynamics models may be over, noting that
attacks on modelling and assessment paradigms based only on single-species considerations will continue because of the increasing number of well-publicized fishery collapses and the fact that increasingly it is
becoming obvious to the broader scientific
community that the single-species models
conventionally used as the basis of management advice make assumptions (such as that
natural mortality is time-invariant) that are
not valid. While the push towards assessment
and management paradigms which explicitly include a greater variety of biological
processes (in particular multi-species interactions and climate impacts on recruitment,
growth and movement) will continue, it
seems unlikely that management advice will
be based on such paradigms for many years
(Marasco et al. 2007). Rather, the fact that
“complexity is not necessary better” means
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that changes to current management systems
should continue to be made incrementally,
using the MSE approach to confirm that proposed changes are both needed and beneficial. In fact, I predict that the MSE approach
will show that in many cases well-designed
management strategies based on single-species analyses are, in fact, fairly robust to the
types of violations of the assumptions highlighted so frequently as long as management
continues to be based on feedback control
management systems and the decision makers follow the outputs from management
strategies and enforce management regulations adequately.
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Appendix: A simple MSE analysis
The population dynamics are assumed to be governed by:

Bt +1 = Bt e − M +

(5γ − 1)hR0 ( Bt − L B0 )γ
ε −σ
e
(1 − h) + (5γ h − 1)( Bt − L B0 )γ
t

R

2

− Ct ; ε t ~ N (0; σ R2 )

( A.1)
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where Bt is the biomass at the start of year t, M is the instantaneous rate of nature mortality (set to
0.2 yr–1 for the analyses of this paper), R0 is the recruitment at unfished equilibrium (=B0(1 – e–M)),
B0 is the average unfished biomass, Ct is the catch during year t:
Ct = EBt

(A.2)

E is the exploitation rate, L is the lag between spawning and recruitment to the exploitable (equals
mature) biomass (set to 3 yr for the analyses of this paper), h is the “steepness” of the stock–recruitment relationship (the recruitment at 0.2B0 expressed as fraction of R0), γ is the parameter that determines the shape of the stock–recruitment relationship (set to 1 for the Beverton–Holt form of the
stock–recruitment relationship), and σR is the standard deviation of the random fluctuations in recruitment.

