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EXECUTIVE SUMMARY 

Breen, P.A.; Kim, S.W.; Bentley, N.; Starr, P.J. (2003). Preliminary evaluation of 
maintenance management procedures for New Zealand rock lobster (Jasus ehmdFui 
fisheries. 

New Zealand Fisheries Assessmeni Report 2003/20.65 p. 

This study explores "new decision rules" for managing rock lobster stocks. We report on a 
literature search and propose that the term "management procedures" be used to describe fully 
developed and tested procedures such as the current rule for the NSS substock, and that 
"decision rule" be limited to rules that have not been tested or that do not specify what action 
is to be taken upon triggering. 

This document describes the various harvest control rules we encountered in the literature 
search, and presents additional rules we invented for this study. It descnies a complete 
evaluation system, comprising population, obsetvation, harvest control rule and 
implementation models. A set of fishery indicators is defmed. All the harvest control rules 
described weretested informally, some were rejected and a subset was tuned for further 
testing. 

Both base case results and the results of robustness trials are reported. Robustness trials 
involved changes to the underlying population dynamics, changes to the implementation 
model and changes to the observation model. 

Rules performed similarly except for one rule with a much higher crash rate than the others. 
Robustness trials were mo.re informative than the base case trials, confirming that finding a 
robust rule is more critical than fmding an optimum rule. Most rules were sufficiently robust 
to the realistic robustness trials, but no rule could deal with uncontrolled catch when that 
catch was either too large or was allowed to increase. This is a serious shortcoming to the use 
of management procedures: it suggests that management procedures cannot be used unless the 
recreational, traditional and illegal catches are constrained by the management strategy. 
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1. INTRODUCTION 

In this paper we discuss work to develop a maintenance "decision rule" or "management 
procedure" designed to maintain the stock at or near some target level. 

Existing decision rules in New Zealand rock lobster fisheries are of two types: 

a the rebuilding rules (1997 and 2002 versions) used in the NSS stock, designed through 
extensive simulation testing to cause biomass to reach a target within some reasonable 
period, and 

a for the NSN and NSC stocks, simple comparison of CPUE with a base level triggering a 
stock assessment when CPUE falls below the base level. 

The major diierences between these two types of rules are the amount of &ting that has been 
done and the degree to which the rule specifies what will be done based on the result. Neither 
the 2002 NSS rule nor the extant NSNMSC rule is necessarily suitable for maintaining 
biomass at or near an optimum level. The NSN/NSC rule triggers nothing until CPUE is low, 
then triggers a stock assessment. The NSS rule is designed to rebuild the stock from the 
current low level to a higher level, but its performance once biomass has reached the target 
has not been evaluated. 

The study described here was done under Objective 7 of the Ministry of Fisheries contract 
CRA 2000-01, which is to "evaluate new decision rules". 

Our approach to this objective follows recent work in designing and evaluating the 2002 NSS 
"decision rule" pentley et al, unpublished results) or "management procedure" (in this study 
we will try to distinguish these terns; see Section 3) and follows current worldwide usage. 
Good reviews were provided by Butterworth & Punt (1999) and McAllister et al. (1999). 
These authors described using a system of sub-models, including at least a population 
simulator or "operating model", an observation model that simulates the population signal, 
and the harvest control rule model. Catch determined from the harvest control rule model is 
fed back into the population model in a feedback loop, to make a single run of 20 - 100 years. 
This whole process is repeated with simulated stochastic error, discussed further below, to 
make a large set of runs from which the distributions of indicator values can be examined. In 
turn, that whole process can be repeated for different variants of a specific harvest control 
rule, for completely dierent rules, for variants of the population model, or for models with 
different basic structure, and for different simulated realities. 

This approach has already been used to evaluate the 1997 and 2002 NSS management 
procedures (Start et aL 1997; Bentley et aL unpublished results), and management procedures 
for Hooker sea lion bycatch in the Auckland Islands arrow squid (Nototodmur dormif) fishery 
(Breen et aL 2003). 

In this document we report on a literature search conducted to see what approaches have been 
taken elsewhere and what harvest control rules have been developed. We describe the 
conclusions others have drawn fiom that work. We describe our system of sub-models and 
some tuning of the population model to data and previous results fiom the NSN stock. We 
describe a list of candidate harvest control rule types and report on preliminary evaluations, 
report more detailed evaluations from a subset of these candidates, and report on a series of 
robustness trials. 



2. LITERATURE SEARCH 

2.1 Management procedures 

Evaluation of management strategies began in the late 1970s (Hilborn 1979) and has been 
variously called, for instance, management strategy evaluation (MSE), decision analysis 
framework, simulated adaptive control analysis, and harvest strategy evaluation. The recent 
literature suggests adoption of the standard term "management procedure" (Butterworth et al. 
1997) for the results of this work. The management procedure approach was developed in 
South Afiica (Butterworth et a1 1997, Cochrane et aL 1998), has been adopted by the 
International W i g  Commission (TWC) (?kkwood 1997), and has spread widely (see 
reviews by Butterworth &Punt 1999, McAllister et aL 1999). 

A management procedure is "a fully specified feedback control system applied as part of a 
fishery management system" (McAllister et al 1999) and specifies: 

what data will be collected, 
how they will be collected and processed, 
what estimates will be made from the data, and 

0 how those estimates will be used to set harvest controls. 

The advantages of this approach over the traditional pattern of regular or periodic stock 
assessments, each followed by a decision process, are (loosely based on Geromont et al. 
1999): 

uncertainty in all facets of the assessment and management process can be addressed, 
harvest control rules can be developed that are robust to uncertainty, 
the process leads to explicit defmition of management objectives, 
all participants in the fishery can become involved in the choice of rule, 
a long-term view is forced, 
management procedures move away from regular assessments, freeing resources for other 
research, and 
the process is more understandable to fishers than the traditional approach. 

Robb & Pertman (1998) stressed the need for stakeholders to agree on objectives. With a 
management procedure comes a necessity for politicians and government managers to move 
away from "tactical" thinking ("what should next year's TAC [total allowable catch] be?") to 
"strategic" thinking ("what should the harvest control rule be?") (Butterworth & Punt 1999). 
These authors also suggested that management procedures tend to shift the attention of 
interested parties away from catch levels onto the data that are used by the management 
procedure, such as CPUE. 

Components of the feedback loop (McAllister et aL 1999) ate. (Figure 1): 
0 a population model, 

an observation model, 
a stock assessment model (if the procedure is model-based), 
a harvest control model, 
a harvest decision model (often combined with the rule model), and 
an implementation model (important but often omitted) 



Figure 1: Main components in a quantitative Iishery management system evaluation (from 
McAUister et aL 1999). 

If the management procedure is model-based, then the stock assessment process must be 
simulated by the stock assessment model, perhaps for each year of each evaluation model run, 
based on observations from the population model (e.g., Punt 1993). Model-based 
management procedures are thus more complicated to evaluate and apply than model-free 
management procedures, which use the observations but do not require regular stock 
assessments. 

Some lessons learned fiom work done so far (especially fiom Kirkwood 1997, De Oliveira et 
aL 1998, Butteworth & Punt 1999 and M c A l l i  et aL 1999): 

most sets of management objectives include maximising catch, maximising stability of 
catch and minimising risk, 
model-based procedures perform better (but not spectacularly better) than model-fiee 
procedures, 
simple stock assessment models perform better than complex models in evaluations, 
management procedures should be case-specific and not generic, 
management procedures should be evaluated against each other, not against absolute 
criteria 
management procedures must be evaluated with respect to specific goals for the fishery, 
it is more important to fmd a robust management procedure than an optimum one, 
robust means robust to mis-specification of population dynamics and environmental 
stability, and 
using multiple operating models is valuable. 

Cooke (1999) suggested that management procedures must be tested against a wide range of 
mis-specifications of, or uncertainties about, the underlying reality. Specifically, he 
suggested testing with a range of productivities, different starting conditions, misreported 
catches, regime shifts, incorrect stock structure, trends in bias of the abundance indices, 
alternative stock-recruitment hypotheses, linear or cyclic trends in productivity, and episodic 
events. He discussed the kind of model that is appropriate for a population model in this 
process, and how it differs from what is desirable in a stock assessment model. 

Patterson et al. (2001) suggested that "In cases where important model uncertainties exist, 
management procedure simulations can be used to help identify decision rules that are robust 
to such uncertainty." 



2.2 Hamest control rule types 

Some of the various harvest control rules we encountered in the literature are described in 
Section 3.3. All except the constant catch rule use. feedback from the population in the form 
of an abundance index, which in this study is observed CPUE. Rules use this signal in one or 
more of four ways: 

observed CPUE can be compared with a target level, 
the rate of change in observed CPUE (the gradient) can be calculated over two or more 
ye=, 
observed CPUE can be used with an assumed q to estimate biomass for the rule 
calculation, and 
from two or more years of catch and estimated biomass, current surplus production can be 
estimated. 

Thus there are four main types of harvest control rule based on observed CPUE. Polacheck et 
aL (1999) suggested that rules involving a constant catch rate applied to estimated biomass 
probably work the best. 

In conjunction with these four types, rules may buffer the target catch (TAC or TACC) 
resulting 6om the rule. Buffering occurs in a variety of ways, also seen in the rules described 
in Section 3.3. Common approaches are: 

combining more than one rule type to form a hybrid rule, 
specifying a sensitivity parameter that modifies the rule's result, 
combining the previous TAC with the rule's resulting target catch, 
limiting the amount of increase and decrease to the TAC permitted in any one change, 
specifymg m i n i m  or maximum TAG, 
using thresholds to prevent small changes to TACs, 
using diierent calculations based on the level of observed CPUE, 
using moving averages to smooth out noise in the CPUE observations, and 
restricting change to alternate years. 

Thus, although there are four main types of rule, there would be a very large number of 
possible combinations of these types with the different buffering mechanisms. 

2.3 Terminology 

We propose that the term "decision rule" be replaced by "management procedure" where the 
defmition of McMister et a1 (1999) has been met (Section 2.1). The term "decision rule" 
should be used only for procedures that have not been tested through simulation or that do not 
specify what is to be done upon triggering. 

Thus the current NSN and NSC rules would be decision rules; the 1997 and 2002 NSS rules 
are management procedures. 

Below, we use the term "harvest control rule" to indicate the component of a management 
procedure that we are most interested in testing in this study. The population and other sub- 
models can be viewed simply as tools used in testing the harvest control rules. 



3. MANAGEMENT PROCEDURE DESIGN 

An early decision is that between a model-based vs a model-free procedure. In the former, the 
harvest control rule depends on the outcome of a formal stock assessment; in the latter no 
assessment is used explicitly, although target levels and harvest rates may be model-based. 
Model-based management procedures are much more difficult to evaluate, because the 
evaluation procedure must mimic the periodic stock assessment using simulated data. Model- 
fiee management procedures are generally easier to explain to stakeholders. Stakeholders 
indicated that they would prefer model-fke management procedures, as the current rock 
lobster decision rules are, rather than model-based ones. 

The system of models described below was established on an ExcelTM spreadsheet, which has 
the advantage that a number of difTerent harvest control rules could be observed directly 
under the same stochastic error t e rn .  Sets of 1000 model runs were easy to make and 
summarise using macros. Development of C++ version of the model system was started but 
found not to be necessary. 

The model system is run for 115 years - the first 15 years are an adjustment period to allow 
the population to adjust from its initial position, determined randomly, and fishery indicators 
are measured over the 100-year period. 

3.1 Population model 

For looking at rules visually and for making many small sets of evaluations from a large 
number of rules quickly, we think a simple population simulator is valuable. Here we use the 
Pella-Tomlinson surplus production model with four parameters: 

X; the carrying capacity, 
r, the productivity parameter, 
z, the shape parameter, and 
q, the catchability coefficient (relation between CPUE and vulnerable biomass, or 
between effort and fishing mortality). 

To start the model requires an assumed initial biomass, Blo, and an initial catch, CIo. The 
initial biomass is drawn from a uniform distribution with specified lower and upper bounds 
based on tuning (see section 5.9, and initial catch is set to a constant fraction of the biomass. 

Given parameter values and an initialbiomass, surplus production in the f M  year tO is 
calculated as: 

where 

and where is a random numberfrom N(O,u,). 

Biomass in year t is calculated by subtracting the catchin year t-1 from the sum of production 
and the biomass in year t-1 : 



Catch is determined outside the population model. When the biomass hits an arbitrarily 
specified low value, this is considered a population crash and is scored as such. 

Production in year t is calculated as: 

where 

where pP is a parameter that determines the level of autocorrelation in the process error 
deviations; this is fixed at an arbitrary value. 

3.2 Observation model 

The observed CPUE in year t, I,, is calculated from the given q and B, with a random 

observation error, 6: 

where 4 is a random number ffom N(O,n*). 

3.3 Harvest control rule models 

We found a wide variety of harvest control rule types in the literature. We initially examined 
the behaviour of a wide selection of these, described below in rough increasing order of 
conceptual sophistication. 

The first rule, a "benchmark", was designed to act as a standard against which the other rules 
could be compared, and is operated without observation errors, implementation error or 
implementation lags. Our original plan was to quantify the behaviour of other rules against 
that of the benchmark, but this implies that the benchmark rule is the best possible rule, which 
is not !me for all indicators. 

For all harvest control rules tested except for the benchmark, we incorporated the capability 
for having a "latent year", where catch cannot be changed in two consecutive years. This is 
incorporated in the 2002 NSS management procedure to provide more catch stability than 
would otherwise be the case, and to dampen the action of the rule. 

We also incorporated an implementation lag. In current New Zealand rock lobster 
management, data from fishing year t are analysed, and any resulting management action is 
discussed, in year r+l for determining a TAC or TACC for year t+2. We mimicked this 
situation for aU rules except the benchmark. 



Star et al. (1997) and Bentley et aL (unpublished results) experimented with diierent values 
of a parameter N, the number of years over which the population indicator - observed CPUE 
-was averaged. The authors found little effect of this parameter on results. In this study the 
mean observed CPUE for year t, 5 ,  is the moving average of observed CPUE over three 
years: 

In each run for a harvest control rule with a final target CPUE, if the initial observed CPUE is 
less than the final target CPUE, the target CPUE for each of the first 15 years is made to be 
linear between the initial CPUE and the final target CPUE. 

Some rules use a constant harvest rate, called F. . In thii notation, n determines the value of 
F relative to the shape of a plot of yield vs F. At the origin of the plot, yield increases steeply 
with increasing F, then the slope decreases with increasing F and may become zero (at F-) 
and then decrease. Fo.1 is the value of F at the point where the slope is 0.1 times that at the 
origin. F0.1 would be more conservative than Fo.1 (lower value of F). 

Target f ~ h i i g  rate rules require estimates of biomass. For such rules, the estimate was 
obtained £tom CPUE divided by q, where q was estimated imperfectly 6om its true value. 
For each 115-year tun indexed by j, the estimate of q used by the harvest control rule was 
modified from the true value by simulated observation error: 

where p, is 60m N(0, a,). 

Rules differ in how soon they are able to function. For instance, the constant-catch rule can 
generate a TAC for its first year of the population simulation, but the hybrid rule of Bentley et 
aL cannot supply a TAC until the sixth year, because it must average the gradient indicator 
over three years and because of the lag. There was a danger that these differences could bias 
simulated performance of those rules that take longer to start - for instance, when initial 
biomass wis very low, a fhed initial catch could crash the population before the rule had a 
chance to operate. 

To prevent this, the TAC for the first few years where the harvest rule could not operate was 
determined by Fo.1 times B,. Catch in the year before the harvest control rule first operated 
was made equal to catch in the year before that, so that the harvest control rule was not 
precluded by a latent year. 

3.3.1 Benchmark rule 

The benchmark harvest control rule was designed to provide an indication of how good, 
theoretically, a harvest control rule could be. We used an F. rule, and experimented with n to 
fmd an acceptable balance between mean catch and other indicators. For this rule only, the 
observation model supplied perfect information (no observation error on CPUE), perfect 
laowledge of q was assumed, there was no latent year and no time lag, and the TAC was 
implemented without error. Autocorrelated process error in the population model was left at 
the level used for other runs (Table 1 in Section 3.5). 



The harvest control rule simply applies the F. harvest rate to actual biomass: 

where M is the instantaneous rate of natural mortality. 

3.3.2 Constant catch rule 

This rule is included just for comparison with other rules, not as a serious candidate. The 
harvest control rule is 

where Y is a constant for any variant of the rule. 

3.3.3 Rule of Cooke (1999) for baleen whales 

The management procedure adopted by the IWC is model-based, but the harvest conk01 rule 
can be implemented in a model-free procedure. In Cooke's version, the harvest control rule 
is: 

where a and b are parameters of the rule, r and K are estimated parameters of the surplus- 
production model. With specified r and K, this rule describes TAC increasing quadratically 
with biomass, with x-intercept a and slope related to b. We used a hear,  model-free version: 

(12) TACl+2 = rt:5p i> -4 ,a Ib  otherwise 

where a (<O) is the y-intercept and b (>O) is the slope. Note the implementation lag described 
in Section 3.3. 

3.3.4 Rule of Geromont et al. (1999) for Namibian hake 

The procedure described by Geromont et aL (1999) for Namibian hake uses only the observed 
gradient in a biomass index: 

(13) TAC,,, = TAC,+,(~ + Ast) 

where h is a rule parameter and s, is "a measure of the average trend in the abundance index" 

over four years in their example. The authors didn't specify how s, is calculated. Two 
options are: calculate the gradient from the running means of CPUE, or estimate the gradients 
annually and average those. We tried both approaches and concluded that the fust option 
performed far better than the second, which had population crashes when the first method did 
not, using the same random numbers. s, is calculated as: 



3.3.5 Rule of Fournier & Warburton (1988) 

This harvest control rule was used in a model-based system, but can be adapted to a model- 
free system. It uses a target biomass, here mslated to target CPUE as explained in section 
5.5. 

The rule responds to the difference between observed and target CPUE, but buffers the 
response by restricting the amount of change that can happen in one year. If 1,'is the target 
CPUE for year t, the rule is: 

where MaxdrmmL determines how much reduction in TAC is permitted, Maxburrm determines 
how much increase will be permitted, and s is a sensitivity parameter. 

3.3.6 Simple gradient-based rule 

We developed a simple rule with no parameters, based on the change in CPUE alone: 

where 

3.3.7 Gradient rule of Bentley 

This rule, developed for this study, has a target CPUE, I*, and its parameters are a sensitivity 
parameter, s, and a threshold level for change, T. The rule calculates two intermediate values, 
R and D. 

where x is 1 if the TAC changed in year t-l ,2 if the TAC was changed in the year before that, 
and so on. 

The amount by which the TAC changes, Z ,  is: 

1 abs(1-Zt,D,)<T 
(20) z1 ={ 

R,D, abs(1-Zt,Dl)2T 
then 



3.3.8 Rule of Bentley et al. for rock lobsters 

This harvest control rule is a hybrid between a target-based rule such as that of Fournier & 
Warburton (1988) and a gradient-based rule such as that of Geromont et aL (1999). The rule 

uses target CPUE, I,', and parameters are S, the scale factor, and W, the relative weight given 

to the status indicator vs the gradient indicator. Other variables used are A:, the status 

indicator that measures the displacement of the observed CPUE fmm the target CPUE in year 
r, and A:, the gradient indicator that measures the gradient of CPUE in year t. 

We calculate the status indicator, A: and the gradient indicator, A: as: 

The moving averages of A: and A: over 3 years are calculated as: 

and 

The moving averages of gradient indicator and the status indicator are combined using with 
the relative weight, W, to give the combined indicator: 

The response, R,, is calculated from the combined indicator with the scale factor: 

(27) R, = SA, 

The catch multiplier, Z is defmed as: 

The TAC from the rule is: 



3.3.9 Rule of Haist (2002) for hoki 

This rule is based on estimated surplus production and is buffered by combining the result of 
the rule with the previous TAC. The rule uses a target CPUE, I,*, and parameters are a scale 

factor, s, the relative weight given to the previous TAC, A, and a m i n i m  CPUE, I-. The 
proportionJ, of the estimated surplus production that is allocated to the catch is calculated as: 

where 4 is the estimated surplus production in year t. Surplus production is estimated fiom a 
rearrangement of (3): 

To do thii, biomass in each year is estimated fiom CPUE and an estimated q, observed with 
error as described above: 

Then the TAC for year t+2 is defined as: 

3.3.10 Rule of Geromont & Glazer (1998) for South African hake 

This is an F,, rule buffered by combining the estimated F,,catch with the previous TAC: 

where c,? isthe estimated F, catch for year t. This is determined by estimating biomass 

f?om CPUE and estimated q: 

3.3.11 Bentley's F,, rule 

This rule, developed for this study, uses an F,, catch based on biomass projected two years 
ahead from the trend in CPUE. The rule is buffered by previous TAC using a A parameter. 
Future biomass is predicted from current CPUE modified by two years of the current gradient 
in CPUE: 



(36) hl+, = [rl + $7: - 71-l)v4j 

which simplifies to 

(37) hi+, = (311 - 2 < - 1 ) / ~ j  

The F. catch, Cf;, , is calculated from F. and if+, as in (9), and the TAC given by: 

(38) TAC,,, = ATAC,,, + (1 - A)c:~. 

3.3.12 Rule of Punt 8 Smith (1999) for gemfish 

These authors used the rule in a model-based system, but it can also be used in a model-he 
system. It is an F. strategy buffered with minimum and maximum TACs, TAC,,, TAC-, 
and by separate limits on the amount by which TAC can change in one year, MmrhCIIm, and 
Ma,,,.. The maximum and minimum TACs permitted by the rule for year t+2 are: 

These are the bounds for the TAC. The TAC is set to c,? (35) , if it is between the bounds, or 
to a bound if outside the bound: 

3.3.13 Rule of De Oliveira et al. (1998) for sardines 

This rule is another buffered F,, catch rule, with parameters n, TAC,,, TAC,,, and M a x d ~ ~ ~ ~ ~ .  
The rule operates asfor the rule of Punt & Smith (1999), but the maximum allowable TAC, 
Qma , is simply TAC,,. The rule then acts as in (41). 

3.3.14 Rule of Baldurssonet al. (1996) for Icelandic cod 

This rule is an arbitrary function of estimated biomass. The TAC is set as: 

where 



In this rule, the Fh,& catch is intended as an upper limit, associated with a high value of F. 
With parameters set at 300 and 1000 for minimum and maximum TAC, D = 0.1, a = 0.5 and 
b=2000, and Fkgh= 0.6, the equilibrium catch vs biomass relation is shown in Figure 2. 
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F i r e  2: Equilibrium TAC vs biomass from the rule of Baldursson et a1 (1996). The bold Line 
shows the catch derived from F =  0.20. 

This is a counter-intuitive rule: when biomass is very small, the TAC is larger than 
~ f .  obtained with a reasonable F (0.20 in Figure 2), it is less than Cf. as biomass increases, 

and flips back and forth fmm being less than or greater than ~ f .  . 

3.4 Implementation model 

The implementation model translates the TAC specified by the harvest control rule into an 
actual catch. Two processes are involved: first, catch must be limited when the TAC is large 
relative to the biomass available, and this is done by specifying a maximum exploitation rate, 
Gm 

Second, the actual catch will seldom be exactly the TAC. Fishers may not take the TAC 
because of bad weather, low prices, alternative endeavours or whatever. In the actual rock 
lobster f ~ h e r y  at present, only the legally operating commercial fishery is capped by the TAC 
(though an explicit TACC, a sub-set of the TAC). Recreational, traditional and illegal 
fisheries are not capped and so their catches may bear no relation to what is allowed for them 
in the TAC. 

For the base case we model the TAC as a target for all the fisheries combined, and incorporate 
process error: 

where Cdev, is the deviation from the TAC, determined from 



(46) Cdev, = 9, fort = to, otherwise 

(47) Cdev, = @cdev,-, + -9, 

where pC is a parameter that determines the auto-correlation in catch deviations and $,are 

from N(0, IS, ). 

In robustness testing, we model unreported catch and uncontrolled catch by changing the 
implementation model as described in Section 3.7.3.9. 

3.5 Base case specifications 

This section describes all the variable and parameter choices that we used in base case 
comparisons of the various harvest control rules. Other changes made for robustness testing 
will be described in Section 3.7. 

Table 1: Variable and parameter choices that were used in base case comparisons of the various 
harvest control rules. 
Description Equation Symbol Value 

l l 5 y  run length 
Population model 
canying capacity 
productivity 
shape 
catchability 
natural mortality rate 
initial biomass 
initial catch 
sigma for process error 

autocorelation in process error 
population crash 
Observation model 
sigma for observation error 
Harvest control rules 
number of years' CPUE averaged 
target biomass 
target CPUE 

sigma for estimated catchability 
Implementation model 
maximum exploitation rate 

sigma for catch deviations 

autocorelation in catch deviations (47) pc 0.50 

The basic population model parameters came from estimation (see Section 4). M has been 
previously assumed at 0.10 for Jasu edwarctrii when not estimated in assessments. The 
%get biomass" was 1.25 times the estimated B,, (Section 4.5), and target CPUE was 
estimated as q times that. 



Initial biomass was drawn from a uniform distribution, centred on the arbitrary "target 
biomass" of 3250 t, to give some contrast in starting points. The standard deviation and 
autocorrelation of process error were chosen a r b i i l y  - the chosen pP gives an average 
autocorrelation of 0.5. A typical string of process error deviations in arithmetic space is 
shown in Figure 3. 
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F i r e  3: A typical string of process error deviations from a 115-year run. 

The standard deviation for observation error in CPUE was chosen arbitrarily, but with - ~ 

consideration of Francis et aL (2001) and our experience in rock lobster assessments. Figure 
4 shows the simulated actual and observed CPUE from a typical run. 
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Figure 4: Simulated actual (line) and observed (diamonds) CPUE from the population and 
observation models respectively, from a typical 115-year run. 

The standard deviation of estimation error for q was chosen arbitrarily after inspecting plots 
of its effect - it gives an average of 8% error in 4, and no autocorrelation is generated. 

Figure 5 shows the generated error 'around q in a typical run. 

Maximum exploitation rate was arbitrary. The standard deviation and autocorrelation 
parameters for implementation error were chosen arbitrarily: Figure 6 shows the actual catch 
vs TAC in a typical m. 



Year 

Figure 5: Actual q (line) and observed (diamonds) catchability, G j ,  from a typical 115-year run. 
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Figure 6: TAC (line) from the hawest control model and observed catch (diamonds) from the 
implementation model from a typical 115-year run. 

3.6 Performance indicators 

Performance indicators are measured over the 100-year period after the 15-year stabilisation 
period. They are: 

3.6.1 Yield indicators 

We calcdate mean catch from each run ("Cov"). 

We calculate minimum catch from each m ("Cmin"). 



3.6.2 Risk indicators 

w Minimum biomass is calculated h m  each run ("Bmin"). 

i A low biomass index is calculated ("lowB") to reflect the extent to which biomass is 
below the arbiirary threshold of 3250 t: 

The percentage of crashes in a set of runs is calculated "%Crush"). 

3.6.3 Stability indicators 

w A gross measure of variation in biomass during the run is the maximum biomass minus 
the minimum (''Ed@') 

We also calculate the average annual absolute percentage variation in TAC ("MY): 

3.6.4 Abundance indicator 

Mean biomass is calculated fiom each run ("Bav"). 

3.7 Testing harvest control rules 

The various harvest control rules were tested in 100-year stochastic nuns on an ExcelTM 
spreadsheet For all sets of runs, the random numbers used in population, obse~ation and 
implementation randomness were the same for all control rules, so that differences among 
rules do not reflect differences in the stochastic environment. All sets of comparisons were 
made with 1000 runs. 

3.7.1 Preliminary rule testing 

We first compared all the rules described in Section 3.3. We experimented informally with 
the various parameters for each rule, to find a specific rule that appeared to perform 
adequately, but at this stage we did not do serious tuning for any mle. 

3.7.2 Testing of tuned rules 

After the initial experiments, we eliminated some rules that did not perform adequately. 
before doing this we did further experimentation with their parameter values to ensure that we 
had not failed to find a good example of the rule. For the remaining rules, more careful and 
systematic exploration was made to ensure that good parameter values had been chosen. We 
then ran a set of runs comparing the tuned rules. All the work described so far in this section 
used base case assumptions. 



3.7.3 Robustness trials 

In this robustness hid, productivity in year t was related to the biomass in year t-2 rather than 
in t-1 as in the base case (cf Eq. 4): 

3.7.3.3 Variable productivity 

Productivity was made to vary over time by varying K from the base K (called I?) with a 
cosine curve with one cycle over the 100-year run: 

We conducted robustness trials by making substantial changes to the population, observation 
or implementation models in some way, mimicking possible differences between reality and 
the assumed model reality. Deviations from the base case were selected arbitrarily. These 
trials were all conducted with the latent year implemented. 

Changes to the population model were: 
1. randomly varying parameters of the population model 
2. introducing a lag in population productivity, 
3. varying productivity in a long cycle, 
4. introducing a regime shii  in f~ 50 years of the run, 
5. introducing random mortality events, and 
6. increasing the stochastic errors. 

The change to the observation model was: 
7. a systematic increase in q over the first 50 years of a run. 

Changes to the implementation model were: 
8. causing catches to exceed the TAC, and 
9. incorporating a substantial catch outside the scope of the harvest control rule. 

These changes were implemented one at a time from the base case, not as sequential changes. 

3.7.3.1 Varying population model parameters 

The harvest control rules had been tuned to a specific population model. In reality, the 
population model used to tune management procedures might be incorrect, i.e., values other 
than the true values might be used based on an imperfect stock assessment. To explore the 
effect of this, we randomly chose the parameters r, K, q and z from normal distributions at the 
beginning of each run. The distributions for r, K, and q had means equal to the base case 
parameters (see Table I)  and standard deviations of 0.05, 200 and 5E-5 respectively. The 
distribution for z was uniform between 0.001 and 0.500. 

3.7.3.2 Productivity lag 



The factor 15.5 scales the periodicity of the cosine wave; it was set to give one complete cycle 
over 100 years when the cosine function takes radians as the argument. The factor 0.6 was 
chosen to begin the cycle at f? in year 16. Figure 7 shows the time series of Kt used in this 
test. 
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Figure 7: The time series of Kt used in the robustness test in which Kvaried over time. 

3.7.3.4 Regime shifts 

We simulated a regime shift by changing the value of K to a new value, K', drawn from a 
normal distribution with a mean of the base case value, I?, and a C.V. of 0.25. This happened 
in a year randomly chosen between years 16 and 65 (the first half of the 100 years that are 
summarised in the fishery indicators). 

3.7.3.5 Episodic mortality 

In this test, in each year there was a probability of 0.025 that total bio'inass would experience 
a 40% mortality. This simulates random episodic events. 

3.7.3.6 lncreasing stochastic error 

In this trial we doubled q, 08 and cs* in the population, implementation and observation 
models. These are the standard deviations for the random productivity process error, CPUE 
observation enor, and catch implementation error respectively. Because this change huned 
out to have a large effect, we then made these changes singly to see which individual value 
had caused the change. 

3.7.3.7 lncreasing q 

This test simulated the situation where eiTective effort increased over time because of 
technological change but the change was unnoticed. The change increases apparent CPUE. 

We simulated a 0.5% annual increased in the actual value of q. For the benchmark rule we 
wished to compare the effect of this change - in the base case the benchmark rule uses perfect 
information, but in this trial we drove the benchmark rule with the original estimate of q. 



3.7.3.8 Non-reported catches 

In this trial the implementation model was changed to cause the actual catch, unless 
constrained by the maximum exploitation rate, to be larger than the TAC by a random factor 
drawn for each run from a normal distribution with a mean of 1.10 and a standard deviation of 
0.075. 

3.7.3.9 Additional uncontrolled catches 

In this trial the implementation model generated two catch series: commercial catch 
(controlled by a limit called the TACC) and non-commercial catch (uncontrolled). Total 
catch was limited when the TAC (here the sum of commercial and non-commercial catches) 
was large relative to the biomass available, by s p e c w g  the maximum exploitation rate, 
umm 

The actual total catch was calculated as: 

where C,! and C: are the "targets" for commercial and non-commercial catches respectively; 
The target for commercial catch is related to the TACC, as in the base case implementation 
model (section 5.4): 

We model the recreational catch as a function of biomass and allowed for the possibility of 
systematic increase: 

where a and pare constants determining the range of noncommercial catch, v is the annual 
rate of increase in non-commercial catch, and Cdev: and Cdev,? are annual stochastic 
deviations from the commercial and non-commercial catch, determined from 

(55) Cdev: = $,! fort = to, otherwise 

where p' is a parameter that determines the auto-comlation in catch deviations, 9: are from 

N(0, a,, ) and i is 1 for commercial catch and 2 for non-commercial catch. 

The actual commercial and non-commercial catches are taken as C,! and C: when their sum 

is less than U-B, , otherwise the catch is calculated from the propokions of C,! and C,? : 



where i is 1 for commercial catch and 2 for non-commercial catch. 

We used four scenarios: all with p =  0.07 and with a=75 tor  200 f and with the annual rate of 
increase of the noncommercial catch function 0% or 1%. The values for the intercept gave 
initial non-commercial catches of 285 and 410 t respectively when biomass was 3000 t. In all 
these runs, the F,, rules used a value of F = 0.1022, determined h m  a rough balance at the 
estimated current values for the NSN stock. 

4. DETERMINING BASE CASE POPULATION MODEL PARAMETERS 

To determine appropriate values for the parameters K, r, z and q for use in the population 
dynamics model, we fitted an ADModel Builder versionTM to the NSN data (i.e., CRA 1 and 
CRA 2) and to the estimated exploitation rates h m  the most recent assessment (Breen et al. 
2001). 

4.1 Data 

We used the CPUE, exploitation rate and the catch series fium the 1999 stock assessment 
(Breen et a1 2001). These data were re-organised into annual values fiom the 6-month period 
data used by the assessment. Data were summarised as follows: the catch series was 
annualised by summing the two period catches; the CPUE series was mualised by dividing 
the annual catch by the annual effort. Annual effort was found by summing the period effort, 
in turn calculated by dividing catch by CPUE for each period. The exploitation rate was 
calculated by dividing the annual catch by the model's estimated recruited biomass at the 
beginning of the autumn-winter period. 

Parameters estimated were K, r, z and q. We also estimated production deviations G. We 
fixed the parameter pP to an arbitrary low value, 0.0001 (i.e., no correlation of production 
deviations was assumed). All parameters except for the q,, which had a normal prior with a 
mean of zero and o, of 0.20, were assumed to have uniform priors with wide bounds. 

4.2 Initialisation 

The model initialises biomass at the beginning of estimation. Biomass in the first year is 
calculated from the given data values for the catch and the exploitation rate. 

Then the surplus production in the first year is calculated as in (1) and (2). 

4.3 Dynamics 

From the second year, the biomass is calculated as in (3), and the production is calculated as 
in (4) and (5). 

From the calculated biomass and the given catch, we can calculate the predicted exploitation 

rate, c, and the predicted CPUE, it. The predicted exploitation rate is: 



and the predicted CPUE is: 

.. 
I, = BIG, where 

I, is observed CPUE and B, is model biomass in year 
of years of observed CPUE data. 

t respectively and rn is the number 

4.4 Likelihood 

Normal likelihood was used to calculate the fits to the CPUE and exploitation rate. The 
negative log-likelihood for the CPUE is: 

where ar is the standard deviation of the CPUE error distribution, which was assumed to be 
0.02. The likelihood for the U, was analogous to (62), and ow was assumed to be 0.10. The 
values for q and a. were chosen so that the standard deviation of the standard residuals for 
each data set was approximately 1. 

The negative log-likelihood of the E, was given by a normal likelihood, 

4.5 Estimated parameters 

Table 2 shows the resulting parameter value estimates (as modes of the joint posterior 
distributions, MPDs) and the function component values from the various data sets; Figures 8 
and 9 show the fits to the CPUE and exploitation rate respectively. The model obtains a very 
tight fit to the CPUE and a reasonable fit to the assessment model's estimated exploitation 
rates. 

From these values, the deterministic value of MSY was 639 t, B m  was 2600 t, and the CPUE 
associated with Bm was 0.7072 kglpot-lift. 



Table 2: Estimated parameter values and Likelihoods. "SDSDRs" are the standard deviations of 
standardised residuals. 
Parameter Value 
r 0.251 
K 6985 
z 0.020 

4̂  0.000272 
Likelihood 
CPUE -42.35 
Exploitation rate -36.62 
Production deviations 53.21 
Total -25.76 
SDSDRs 
CPUE 1.32 
Exploitation rate 1.12 
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Figure 8: Fit of the PeUa-Tomlinson model (line) to the observed NSN CPUE (squareds). 
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Figure 9: Fit of the Pella-Tomlinsou model (squares) to the estimated exploitation rate series 
from Breen et a1 (2001) (diamonds). 



4.6 Reference fishing mortality rates Fo., and F. 

Some harvest control rules use reference F values. We obtained these from a simple yield- 
per-recruit analysis. Values for growth parameters were taken from the NSN stock 
assessment in 1999 (Breen et a1 2001), and are shown in Table 3. 

Table 3: Parameters used for the yield-per-recruit calculation 
Parameter Description Value 
M natural mortality rate 0.10 
male growth 
Ginf asymptotic tail width 83.2 
GmMouIt size at which moulting becomes annual 162.4 
Gslope slope of increment vs initial size -0.094 
MLS minimum legal size 54 
a intercept for weight vs tail width 0.00416 
b slope for weight vs tail width 2.935 
female growth 
Ginf asymptotic tail width 72.6 
GrnmMoult size at which moulting becomes annual 57.4 
Gslope slope of increment vs initial size -0.178 
MLS minimum legal size 60 
a intercept for weight vs tail width 0.0130 
b slope for weight vs tail width 2.545 

Annual growth was calculated for each sex separately as described by Breen et aL (2001). 
The NSN stock assessment reported semi-annual growth, so we calculated two periods' 
growth increments and added them to get annual increment. In the NSN assessment model, 
each year has a primary growth period and a secondary growth period. In the primary growth 
period, evely rock lobster grows; in the secondary growth period, only animals less than an 
estimated size (GMcrrMoult) grow. A large value of GMaxMouZt for males (162.4 mm) 
means they all moult twice a year, only small females moult twice per year. 

The yield-per-recruit model is age structured, with a population assumed to be in equilibrium 
with recruitment and natural and fishing mortality. Recruited biomass is calculated as: 

where G, is the tail width at age a and No is the number of animals at age a, which is an 
arbitrary RO at age 1 and 

(65) N, = N,-, exp(- M )  for G,, < MLS , 
N,  = No-, exp(- (M + F))  for G,, 2 hfzS 

for all other ages. The fishing mortality, F, is specified, and for females is 0.5 times male 
fishing mortality rate to account for the protection given to berried females.. 

Equilibrium catch (or yield) is calculated as: 

Values are shown in Table 4. 



Table 4: Reference fishing mortality rates from yield-per-recruit modelling of the NSN stock. 

There was some incompatibility between these reference values and those obtained from a 
plot of yield vs equilibrium biomass from the surplus-production model. In the surplus- 
production version, Fo.1 was 0.2147. Conversely, the value of r that gave F0.! = 0.1623 for the 
surplus production model was 0.1919, less than the estimated r = 0.251. This does not really 
affect the study. 

5. RESULTS 

5.1 Preliminary explorations 

We initially explored the behaviour of each of the rules described in Section 3.3 to see how 
well they worked after infonnal tuning of their parameters. 

5.1.1 Benchmark rule 

Figure 10 shows a typical run from the benchmark rule. TAC lags behind biomass slightly: 
although there is no implementation lag, the benchmark rule must estimate biomass from 
observed CPUE from the previous year. This is an F. rule: experimentation with the value for 
n suggested that 0.06 gives mean biomass, Buv, closest to the target of 3250 t; mean catch, 
Cav, appears to be just above 600 t. 
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Figure 10: A typical run with the benchmark rule. 



5.1.2 Constant catch rule 

The constant catch rule behaves differently with diierent TACs. With a low TAC, Bm 
stabilises near 5000 t. With increasing TAC, Bm, is lower and the fluctuations in biomass 
become more pronounced (Figure 11). Crashes begin to appear with low frequency when the 
TAC is around 500-550 f and the frequency of crashes increases sharply at higher TACs 
(Figure 12). 
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Figure 11: Showing fluctuations in biomass and actual catch from a typical NU under the 
constant catch role with a TAC of 550 t 
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Figure 12: The percentage of crashes in 100 runs using the constant catch mle, plotted as a 
function of the constant TAC. 

5.1.3 Simple gradient-based rule 

This rule has no parameters. The mle behaves well without a latent year, although in some 
cases the scale of fluctuations seems large (Figure 13). Otherwise, the rule seems to deliver 
mean biomass of roughly the target and a good mean catch, and we saw no crashes in this 
phase. 



However, with a latent year, the rule does not perform well: TAC becomes disconnected fiom 
biomass (Figure 14), and biomass crashes about 15% of the time. 
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Figure 13 Biomass and TAC (grey) from the simple rule with no latent year, showing an 
extreme case with respect to fluctuations - most runs were better behaved than this 
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Figure 14: Biomass and TAC (grey) from the simple rule with a latent year, showing the 
disconnection of TAC from biomass. 
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5.1.4 Rule of Cooke (1999) for baleen whales 

This rule has parameters a and b - the intercept and slope of the plot of TAC against biomass. 
To obtain Bav apparently near the target we chose parameters a = -200 and b = 0.25. The 
latent year does not seem to make a substantial difference to themle. We saw no crashes. 
Stability of the rule is good in many runs and poor in other runs (Figures 15 and 16). These 
examples show the effect of the implementation lag: catch is often decreasing when biomass 
is increasing, or vice versa, and cycles are created that are unrelated to the underlying 
production deviations. 
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Figure 15: Biomass and TAC (grey) from a good example of the Cooke rule, using a latent year. 
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Figure 16: Biomass and TAC (grey) from a poor example of the Cook rule, using a latent year. 

5.1.5 Rule of Geromont et al. (1999) for Namibian hake 

This rule performs much better without a latent year: the crash rate is an estimated 20% with a 
latent year. Setting the sensitivity parameter h to 0.1 causes a very high crash rate even 
without a latent year; setting it to 0.8 seems to give higher fluctuations than intermediate 
values. We could detect no difference between h = 0.50 and h = 0.35, so chose h = 0.35. 

5.1.6 Rule of Fournier & Warburton (1988) 

This rule shows very unstable behaviour (Figure 17) both with and without the latent year. 
We tried a wide variety of combinations of the three parameters without fmding a region 
where the rule behaved reasonably. Reducing the size of the sensitivity parameter s reduces 
the size of fluctuations but disconnects TAC from biomass (Figure 18). We chose not to 
proceed further with this rule. 
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Figure 17: Behaviour of the Fournier & Warburton rule with no latent year and the parameters 
set by those authors. 
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Figure 18: Behaviour of the Fournier & Warburton rule with no latent year and the sensitivity 
parameter reduced to 0.01. 

5.1.7 Bentley's gradient rule 

We left the threshold parameter Tat zero for comparability with other rules, and adjusted the 
sensitivity parameter s to 0.01 after experimentation - higher values give increasing 
fluctuations. The rule is generally well behaved both with and without a latent year, but 
sometimes shows large fluctuations. 

5.1.8 Rule of Bentley et al. (2002) for rock lobsters 

This rule is not well behaved, with TAC lagging behind the biomass; adjusting the two 
parameters Sand Wappears to alter one type of poor behaviow to another. Figure 19 shows a 
typical example of the rule's behaviour with parameters set to those proposed for rebuilding 
the NSS. We chose not to proceed with this rule. 
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Figure 19: Behaviour of the Bentley et aL mle in a typical NU with a latent year. 
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5.1.9 Rule of Haist (2002) for hoki 

After experimentation, we set the parameters A = 0.9 (smaller values give more fluctuations 
in biomass; higher values do not allow TAC to respond sufficiently); s = 0.1 @gh values give 
poor behaviour) and minimum CPUE = 0.3 (the runs do not appear to go near this level). 

With a latent year and parameters set as above, this rule gives Bav close to the target but 
sometimes shows long uncorrected fluctuation (Figure 20). 
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Figure 20: Behaviour of a random example of the Haist rule without a latent year. 



5.1.10 Rule of Geromont 8 Glazer (1998) for South African hake 

This is an F. rule, and we used n = 0.06 to obtain a mean biomass near the target of 3250 t, as 
for the benchmark rule. We chose A = 0.1 after observing its effect. The rule performs better 
without a latent year: large fluctuations occur with a latent year. This appears to be a 
generally well-behaved rule (Figure 21). 
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Figure 21: Behaviour of a random example of the Geromont & Glazer rule without a latent year. 

5.1.11 Bentley F,, rule 

We used n = 0.06 again, and set A = 0.1 as for the similar Geromont & Glazer's rule. Without 
a latent year, the rule appears to work generally well but shows more fluctuation than 
Geromont & Glazer (Figure 22). With a latent year the fluctuations in catch can become 
extreme, and have a tendency to get into cycles. 
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Figure 22: Behaviour of a random example of the Bentley F. rule without a latent year. 



5.1.12 Rule of Punt 8 Smith (1999) for gemfish 

This rule has five parameters. We set n = 0.06 as for the other F. rules, we set the minimum 
and maximum TACs at 50 and 800 respectively (large enough not to affect the rule much), 
and we set the minimum and maximum change to 0.75 and 1.5 respectively. With these 
settings, Bav is close to the target and we saw no crashes. A latent year increases fluctuations 
in catch and biomass. The rule appears to behave generally well (Figure 23) when compared 
with the benchmark rule. 
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Figure 23: Behaviour of a random example of the Punt & Smith rule without a latent year. 

5.1.13 Rule of De Oliveira et al. (1998) for sardines 

This rule is the same as the Punt & Smith rule except for having one fewer parameter; we left 
the other parameters as above. Behaviour was very similar to that of the Punt & Smith rule. 

5.1.14 Rule of Baldursson et al. (1996) for Icelandic cod 

We left the parameters for this rule as described in Section 3.3.14 (see Figure 2). This rule 
tends to generate unstable cycles (Figure 24) and was not pursued further. 
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Figure 24: Behaviour of a random example of the Baldursson et aL rule without a latent year. 



5.2 Simple comparison of ten rules 

After discarding the rules of Bentley et a1 (unpublished results), Fournier & Warburton 
(1988) and Baldwsson et al. (1996), we made 1000 NOS of the remaining rules. Table 5 
shows the summary of results both with and without the latent year provision. We used the 
median of 1000 runs for the Bav, Cav and AAV indicators, the 20th percentile for the Bmin, 
lowB and Cmin indicators, and the 80th percentile for Bdrz  

Table 5: Showing results of 1000 runs of the remaining rules both with (lower) and without 
(upper) a latent year, using the parameters in Section 4.1. Grey cells indicate the worst 
performers and bold figures indicate the best performers in each trial for each indicator. 

Without latent year 
median 20% 80% median 80% median 20% 

Rule Bav Bmin &WE AAV Bm Cav Cmin %Crash 
Benchmark 3312 2590 4.29 3.07 1472 611 436 0 
Haist 3413 2049 12.99 
Geromont Glazer 3302 2159 16.02 
Geromont hake 3594 2161 14.71 
Punt & Smith 3355 2219 13.12 
De Oliveira 
Cooke - 

Constant Catch 

3308 2588 4.48 3.0 
Hai t  
Geromont Glazer 
Geromont hake 
Puut & Smith 
De Olweira 
Cooke 
Constant catch 
Bentley gradient 
Bentley Fn 

Mean biomass, Bav: all the rules do reasonably well at producing a mean biomass near the 
target except the constant catch rule with a TAC of 500 t. A higher TAC for this rule would 
come closer to target mean biomass at the cost of increased crash frequency (see Figure 12). 

Minimum biomass, Bmin: we looked at the 20th percentiles for this indicator. The worst 
rules with the latent year are the simple, Cooke, and Geromont hake; and without the latent 
year are Cwke, simple and Bentley gradient rules, all performing better than they did with a 
latent year. The best rule (ignoring constant catch) is the benchmark. 

Low biomass index, IowB: Without a latent year, the worst rules are Haist, Cwke and the 
benchmark. With a latent year, the worst rules are Cooke, Bentley F, and Haist. The best 
rule is Geromont hake. 

Average annual variation in catch, AAV: Without a latent year, the worst rules are Bentley 
F,,, De Oliveira and Geromont & Glazer. With a latent year, the worst rules are Bentley F,,, 
De Oliveira and Cooke. The best rule is Geromont hake. 



Biomass range, B&p Without a latent year, the worst rules are Haist, Cooke and Bentley 
gradient rules. With a latent year, the worst rules are simple, Haist and Geromont hake. The 
best rule is the benchmark. 

Mean catch, Cov: Without a latent year, the worst rules are Geromont hake, simple and 
Haist With a latent year, the worst rules are Geromont hake, simple and Haist. The best rule 
is the benchmark. 

Minimum catch, Cmin: Without a latent year, the worst rules are Bentley F., Cooke, simple 
and De Oliveim With a latent year, the worst rules are Cooke, Bentley F,, and simple. The 
best rule is the benchmark. 

Percentage of crashes, %Crash: Most rules do not crash without a latent year (zero to 1% 
crash iate). The Geromont hake rule crashed 11 times out of 1000 runs and the constant catch 
rule 18 times. With a latent year, the Geromont hake and simple rules crash for more than 
10% of NIIS (more crashes than the constant catch rule) and Haist rule crashed 13 times out of 
1000 NIIS. The benchmark, Geromont & Glazer, Punt & Smith, De Oliveira and Bentley F,, 
rules did not crash in these trials. 

In summary, most rules performed better (except for AAV) without a latent year, and some 
were unacceptable with a latent year because of the high crash rate. The constant catch rule 
delivered a much lower catch than the other rules, with a 2% crash rate. The different rules 
show substantial differences in some indicators - Bmin, lowB, AAV and Bdiff- but not much 
diierence in Bav and Cav. 

5.3 Fine tuning selected rules 

For some rules we experimented further with their parameter sets to fmd parameters that give 
good behaviour. We did this with the Haist, Cooke, Bentley gradient, Bentley F,,, Punt & 
Smith and Geromont & Glazer rules. The value of A was looked at closely for Haist, 
Bentley's F. and Geromont & Glazer rules; parameters a and b were investigated for Cooke's 
rule, and the threshold, T, and sensitivity, s, for Bentley's gradient rule were explored. For 
the Haist rule we also looked at the parameter s. We fixed n = 0.06 for all rules using F,. 
Tuning of parameters for each rule was done with the latent year because most rules behave 
worse with than without the latent year, and because the stakeholders indicate a strong 
preference for a latent year. 

5.3.1 Cooke's rule 

Table 6 shows the value for the indicators when various parameter sets were used for the 
Cooke rule. 

As a increases, mean biomass increases and mean catch decreases. We chose a = -200 as a 
trade-off between biomass and catch. As b increases, the mean biomass and minimum catch 
decrease but mean -catch increases. We chose b = 0.22 to have large minimum and average 
catches with relatively large biomass (Table 6). The tuning of Cooke's rule led to the better 
indicators than those in section 7.2. 



Table 6: Summary of indicators from 1000 runs with various parameter sets for the Cooke rule. 
The shaded parameter set is the final choice. 

median 20% 80% median 80% mediin 20% crash 
a b Bav Bmin lowB AAV Bdiff Cav Cmin rate (%) 

-100 0.15 4187 3158 0.01 4.00 1711 531 348 0.0 
-100 0.25 2870 1248 69.96 6.41 2754 613 225 0.5 

5.3.2 Bentley's gradient rule 

Table 7 shows the values for the indicators when various parameter sets were used for 
Bentley's gradient rule. 

Table 7: Summary of indicators Irom 1000 runs with various parameter sets for Bentley's 
gradient rule. The shaded parameter set is the fwl choice. 

mediin 20% 80% median 80% median 20% crash 
T s Bav Bmin hwB AAV Bd@ Cav Cmln rate (YO) 

As T increases, mean biomass decreases and minimum catch increases. Mean catch does not 
change with increasing T. We chose T = 0. As s increases, mean biomass and minimum 
catch decrease, but mean catch increases. We chose s = 0.01 to have large minimum and 
average catches with relatively large biomass (Table 7). 

5.3.3 Haist's rule 

Table 8 shows indicator values when various parameter sets were used for the Haist rule. The 
rule was sensitive to both parameters tested. 



Table 8: Summary of indicators from 1000 runs with various parameter sets of Haist The 
shaded parameter set is the fmal choice. 

mediin 20% 80% median 80% median 20% crash 
s A Bav Bmin lowB AAV BdW Cav Cmin rate(%) 

0.09 0.9 3534 1866 19.85 1.67 2843 580 383 1.2 
0.1 0.8 3448 1821 19.12 3.47 2898 588 33 1 0.2 
0.1 0.86 3465 1853 19.09 2.37 2827 585 362 0.6 
0.1 0.88 3489 1867 18.99 2.01 2772 586 374 0.7 
0.1 0.89 3477 1855 20.81 1.85 2816 586 381 1.4 

0.1 0.91 3523 1874 19.36 1.53 2796 582 389 1.8 
0.11 0.86 343 1 1753 22.38 2.40 2925 590 361 0.9 
0.11 0.88 3454 1820 20.86 2.05 2874 586 374 1.7 
0.11 0.9 3462 1815 21.03 1.69 2848 587 387 1.8 
0.12 0.86 3417 1778 22.35 2.43 2868 59 1 364 0.7 

As s increases, mean biomass decreases and mean catch increases. We chose s = 0.1 as a 
trade-off between biomass and catch. As A increases, mean biomass and minimum catch 
increase but mean catch decreases. We chose A = 0.9 to have large minimum and average 
catches with relatively large biomass (Table 8). 

5.3.4 Geromont & Glazer's rule 

Table 9 and Figure 25 show the values for the indicators when various parameter sets were 
used for the Geromont & Glazer rule. When A is big (0.9) the crash rate increases to 30% 
with poor values for all indicators except the AAV(Tab1e 9). 

Table 9: Summary of indicators from 1000 runs with various parameter sets for the Geromont 
& Glazer rule. The shaded parameter set is the final choice. 

median 20% 80% median 80% mediin 20% crash 
delta Bav Bmbr lowB AAV Bdtff Cav Cmin rate (%I 

0.1 3297 2034 20.08 6.05 2081 606 359 0.0 
0.2 3279 2033 19.16 5.25 2133 607 362 0.0 
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Figure 25: Summary indicators from 1000 runs with various parameter sets for the Geromont & 
Glazer rule. 

Figure 25 shows insensitivity to A below A = 0.7 for most indicators, then increasing 
sensitivity from A = 0.7 to A = 0.8. We decided to use A = 0.4 because both catch indicators 
are higher than when other A are used, and the crash rate is lower than A = 0.5. 

5.3.5 Bentley's F, rule 

Table 10 shows the values for the indicators when various parameter sets were used for 
Bentley's F,, rule. When A is big (0.9) the crash rate increased to 12.6% with poor values for 
Bmin, lowB, Bdifand Cm (Table 10). The crash rate began to increase from zero at A=0.6. 
We decided to use A=O.S because both catch indicators are reasonably high, B m  is at its 
highest, the crash rate is z m  and the other indicators are acceptable. 



Table 10 Summary of indicators from 1000 runs with various parameter sets for the Bentley F. 
rnle. The shaded parameter set is the fmal choice. 

median 20% 80% median 80% median 20% crash 
A Bav Bmin lowB AAV BdtW Cav Cmin rate (%) 

0.1 3287 1970 21.67 8.42 2198 606 291 0.0 

5.3.6 Punt 8 Smith's rule 

Table 11 shows the values for the indicators when various parameter sets were used for Punt 
& Smith rule. 

Table 11: Summary of indicators from 1000 runs with various parameter sets for Punt & Smith 
rule. The shaded parameter set is the fhal choice. 

median 20% 80% median 80% media 20% crash 
TACa TRC- Ma&,, Mae,, Bav Bmin IowB AAV Bdlff Cav Cmin rate (%) 

25 800 0.75 1.5 3299 2058 18.25 6.42 2085 606 363 0.0 
50 600 0.75 1.5 3641 2463 4.68 1.92 2028 582 397 0.0 

As TAC,, increases, the average biomass decreased towards the target CPUE. Changing 
TAC,,,, does not change any indicators (Table 11). Larger M m b ~ ~ ~ ~ ,  gives larger lowB and 
AAV. Larger Ma&cTrLVC gives larger IowB and AAV, except when was 1.25, where 
MaharC = 0.75 gives the lowest IowBindex and AAV. We chose the shaded parameter set 
(Table 11) because it had the lowest lowB and AAVwith reasonable mean catch and biomass. 



5.3.7 Comparison of tuned rules 

Table 12 summarises results fiom the tuned harvest control rules compared to the benchmark. 
The average biomass is close to target biomass for all rules, the 20% minimum biomass is less 
than the benchmark (1809 - 2281 vs 2487) and the low biomass index is sometimes higher 
(Haist, Bentley's Fn, Punt & Smith and Geromont & Glazer) or sometimes lower (Cwke and 
Bentley's gradient rule) than the benchmark. The average annual variation is always larger 
than the benchmark except for the Haist rule and the Punt & Smith and Cooke rule had much 
higher AAV then the benchmark The difference between the maximum and the minimum 
biomass is always higher than the benchmark. The average catch is similar for all rules, but 
always less than the benchmark, and the minimum catch is smaller with the Cooke's rule 
compared to other rules, but not bad. The crash rate is very low for all rules, with Haist's rule 
having the highest crash rate of 2.0%. 

Figure 26 shows the behaviour of all tuned rules and the pattern of production deviations from 
a typical run. The Cwke and Bentley gradient rules, and to a lesser extent the Geromont & 
Glazer rule, show fluctuations that are unrelated to the production deviations and may be 
induced by the implementation lag in the rules. The Haist rule gives a catch trajectory that 
seems disconnected from the biomass trajectory. 

Table 12: Summary of indicators from 1000 rnns with tuned harvest control rules and the 
benchmark mle. The upper part shows the actual indicator values, and the lower part shows the 
proportionate difference between the rules hdieated and the benchmark rule (negative indicates 
worse. oositive better) , . 

median 20% 80% median 80% median 20% crash 
Bav Bmin lowB M Y  B&$f Cav Cmin rate (%) 

Benchmark 3312 2487 6.03 3.27 1615 610 435 0.0 
Cwke 3571 2281 8.53 5.55 2141 588 311 0.0 
Bentley's gradient 3444 2105 15.90 4.01 2161 597 368 0.0 
Haist 3499 1809 20.96 1.69 2860 584 384 2.0 
Geromont & Glazer 3281 1962 22.62 3.94 2216 606 374 0.0 
Bentley Fa 3289 1906 23.93 4.33 2260 607 361 0.0 
Punt & Smith 3310 2087 17.86 6.05 2127 607 360 0.0 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV B d S  Cav Cmin 

Cwke 0.08 -0.08 -0.33 -0.04 -0.29 
Bentley's gradient 0.04 -0.15 -0.22 -0.34 -0.02 -0.15 
Haist 0.06 -0.27 F -2.48 0 . 4 8  -0.04 -0.12 
Geromont & Glazer -0.01 -0.21 -2.75 -0.20 -0.37 -0.01 -0.14 
Bentley Fa -0.01 -023 -2.97 -0.32 -0.40 -0.01 -0.17 
Punt & Smith 0.00 -0.16 -1.9- -0.32 -0.01 -0.17 
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F i r e  26: Tuned rules and the production deviations (bottom right). 

5.4 Robustness testing 

5.4.1 Effect of robustness trials on the benchmark rule 

Table 13 shows the indicators from the benchmark rule only for each of the robustness trials. 
Most indicators became worse under most robustness trials. The most sensitive indicators 
were Bdzz Bmin and lowB. The least sensitive indicators were Cav and Bav. No trial other 
than r9c and r9d caused a measurable crash rate. 

Episodic mortality had a large negative effect on the biomass indicators, obviously because it 
decreased biomass at random intervals. Despite this, median biomass and catch decreased by 
only 5%. Increasing q over the run also had a large negative effect, because CPUE becomes 
increasingly misleading during the run, causing the rule to take the catch fiom a smaller than 
desired biomass. 



Varying the population parameters randomly had no effect on the median biomass, catch or 
AAV, but the distributions of Bmin and Cmin became wider. The introduced production lag 
had a very small effect except that the low biomass index became worse. Varying K also had 
little effect on most indicators, but a large effect on the lowB index. Unreported catch had a 
surprisingly small effect on the results. 

Uncontrolled catch had large effects, depending on its amount relative to the commercial 
catch and especially on whether it increased or not. When the uncontrolled catch was in 
balance with the commercial catch (trial SJa), there was little effect on any indicator. A large 
uncontrolled catch caused all indicators to deteriorate except total catch. When uncontrolled 
catch was allowed to increase, even by a small annual amount, substantial crash rates were 
seen and h o s t  all indicators decreased dramatically. 

Table 13: Effects of the various robustness trials on the indicators from the benchmark rule. 
The top part shows the actual indicator values, and the lower part shows the percentage 
difference (negative indicates worse, positive indicates better) between the base case and the 
robustness trial shown. 

median 20% 80% median 80% median 20% crash median 20% 
code Bav Bmin lowB AAV Bdiff Cav Cmin rate (YO) Clav Clmin 
base 3312 2487 6.0 3.27 1615 610 435 0.0 

parameters vary 
production lag 
varying K 
regime shift 
episodic mortality 
doubled error, 
a, a8 and a8 
as only 
-6 only 
as only 
increasing q 
unreported catch 
uncontrolled catch, 
a=75, %increase =O 
a=200, %increase=O 
a-75, %increase=l 

median 20% 80% medi i  80% median 20% 
code Bav Bmh lowB AAV Bdwf Cav Cmin 

oarameters varv rl -0.08 -0.26 -10.16 -0.01 -0.03 -0.08 -0.25 
production lag r2 0.00 0.00 -0.07 
varying K r3 0.00 -0.32 -6.75 
regime shit r4 0.01 -0.14 -3.98 
episodic mortality r5 -0.05 -0.40 -3.96 
doubled error, 
a, a8 and as r6a -0.02 -0.32 -4.12 
a, only r6b -0.02 -0.24 -3.04 
a6 only r6c 0.00 -0.10 -0.78 
as only r6d 0.00 0.00 0.06 
increasing q r7 -0.23 -0.45 -13.63 
unreported catch r8 -0.07 -0.13 -2.65 
uncontrolled catch, 
a=75, %increase =O r9a 0.00 0.02 0.10 
a=200, %increase4 r9b -0.20 -0.31 -9.69 
a=75, %increase=l r9c -0.36 -0.90 -37.60 
a400, %increase=l r9d -0.73 -0.95 -1 10.72 



5.4.2 Effects of robustness trials on the selected rules 

5.4.2.1 Varying production parameters 

Results from trial rl, where the population model parameters were varied randomly between 
runs, are shown in Table 14. Only Cooke's and Bentley's gradient rules were flee of crashes, 
Haist had 6% and the others had smaller rates from 2.5%. 

All rules performed worse than the benchmark (Table 14b) for all three catch indicators, 
except that Haist's rule performed substantially better for AAV (and IowB). In the other rules 
there was little difference in Bav. Three rules: Cooke's, Bentley's gradient and Haist's, 
performed better with respect to low biomass indicators than did the benchmark, while the 
other three performed much worse. This trial thus showed some contrast among the various 
rules. Dierences between these results and the base case results (Table 14c) were mainly in 
the Cmin and low biomass indicators, where all were worse except for the Haist rule's lowB, 
which was better than in the base case. 

Table 14a: Summary of indicators from 1000 runs, and the lower part shows the diflerence 
between the rules indicated and the benchmark rule (negative indicates worse, positive better) in 
robustness trial rl, showing the actual indicator values. 

median 20% 80% median 80% median 20% crash 
Bav Bmin lowB AAV Bdiff Cav Cmin rate (%) 

Benchmark 3050 1840 67.25 3.31 1664 563 326 0.0 
Cooke 3383 1920 27.83 5.85 2209 543 219 0.1 
Bentley's gradient 3338 1955 28.35 3.89 2183 544 290 0.0 
Haist 3758 1828 20.35 1.92 2958 506 271 5.9 
Geromont& Glazer 3000 1306102.29 4.18 2381 554 247 4.5 
Bentley F,, 3007 1304100.63 4.54 2382 554 239 2.5 
Punt & Smith 3045 1517 84.27 6.10 2159 555 255 2.5 

Table 14b: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator fmm the benchmark rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdrr Cav Cjnin 

Cooke 0.1 1 0.04 0.59 -0.77 -0.33 -0.04 -0.33 
Bentley's gradient 0.09 0.06 0.58 -0.18 -0.31 -0.03 -0.11 
Haiit 023 -0.01 0.70 0.42 -0.78 -0.10 -0.17 
Geromont & Glazer -0.02 -0.29 -0.52 -0.26 -0.43 -0.02 -0.24 
Bentley F,, -0.01 -0.29 -0.50 -0.37 -0.43 -0.02 -0.27 
Punt & Smith 0.00 -0.18 -0.25 -0.84 -0.30 -0.01 -0.22 

Table 14c: Showing the proportionate differences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdr@ Cav Cmin 

Benchmark -0.08 -0.26 -10.16 -0.01 -0.03 -0.08 -0.25 
Cooke -0.05 -0.16 -2.26 -0.05 -0.03 -0.08 -0.29 
Bentley's gradient -0.03 -0.07 -0.78 0.03 -0.01 -0.09 -0.21 
Haist 0.07 0.01 0.03 -0.14 -0.03 -0.13 -0.30 
Geromont & Glazer -0.09 -0.33 -3.52 -0.06 -0.07 -0.09 -0.34 
Bentley Fn -0.09 -0.32 -3.21 -0.05 -0.05 -0.09 -0.34 
Punt & Smith -0.08 -0.27 -3.72 -0.01 -0.01 -0.08 -0.29 



5.4.2.2 Lag in productivity 

Table 15 shows results fiom trial d, in which productivity was lagged to the biomass two 
years previously. 

The only crashes seen were 0.2% in Haist's rule. All rules performed worse than the 
benchmark for all three catch indicators, except that Haist's rule performed substantially 
better for AAV thad did the benchmark. The difference in Cav was slight for all rules. All 
rules were similar to the benchmark in Bav. 

The main difference among rules was that Cooke's and Bentley's gradient rules had better 
lowB than the benchmark rule while all the others were worse. 

Compared with the base case results, there was little change except that lowB and Bdiff were 
reduced for all rules, but the diierences were not great (see Table 12). 

Table 15a: Summary of indicators from 1000 rnns in robustness trial 1'2. 
median 20% 80% median 80% medi i  20% crash 

Bav Bmin lowB M Y  BdYf Cav C h b  rate (%I 
Benchmark 3311 2478 6.44 3.46 1769 610 433 0.0 
Cooke 3558 2094 12.34 6.38 2640 585 277 0.0 
Beutley's gradient 3437 1988 20.65 4.40 2516 595 354 0.0 
Haist 3522 1878 19.01 1.75 3021 581 383 0.2 
Geromont & Glazer 3278 1957 24.14 4.20 2476 604 367 0.0 
Bentley F,, 3274 1895 25.36 4.66 2542 604 355 0.0 
Punt & Smith 3306 2069 18.78 6.17 2338 605 356 0.0 

Table 1Sb: Showing the proportionate diierenees between indicators for the various roles 
indicated and the indicator from the benchmark role (negative indicates worse, positive better). 

median 20% 80% median 800/. median 20% 
Bav Bmin IowB M Y  Bdiff Cav Chin 

Cooke 0.07 -0.16 -0.91 -0.85 -0.49 -0.04 -0.36 
Bentley's gradient 0.04 -0.20 -2.20 -0.27 -0.42 -0.02 -0.18 
Haist 0.06 -0.24 -1.95 0.49 -0.71 -0.05 -0.11 
Geromont & Glazer -0.01 -0.21 -2.75 -0.22 -0.40 -0.01 -0.15 
Bentley F. -0.01 -0.24 -2.94 -0.35 -0.44 -0.01 -0.18 
Punt & Smith 0.00 -0.17 -1.91 -0.79 -0.32 -0.01 -0.18 

Table 1Sc: Showing the proportionate diierences between indicators for the various rules 
indicated and the base ease values for the same role (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin IowB AAV Bdlff Cav Cmh 

Benchmark 0.00 0.00 -0.07 -0.06 -0.10 0.00 -0.01 
Cooke 0.00 -0.08 -0.45 -0.15 -0.23 -0.01 -0.11 
Beutley's gradient 0.00 -0.06 -0.30 -0.10 -0.16 0.00 -0.04 
Haist 0.01 0.04 0.09 -0.04 -0.06 0.00 0.00 
Geromont & Glazer 0.00 0.00 -0.07 -0.07 -0.12 0.00 -0.02 
Bentley Fn 0.00 -0.01 -0.06 -0.07 -0.13 0.00 -0.02 
Punt & Smith 0.00 -0.01 -0.05 -0.02 -0.10 0.00 -0.01 



5.4.2.3 Variable productivity 

Table 16 shows results from trial r3, in which K varied through one cycle of a cosine curve. 

The low biomass index was very high for all rules, compared with the base case (Table 12). 
Some rules showed a slight crash rate, less than I%, but Haist's rule had a 40% crash rate. 
Although median Bav was high, the range of biomass Bdifwas very large. 

Median Bav did not change much (except in Haii's rule), Bmin was lower than the 
benchmark's for all rules except Cwke's, median AAV was also worse than the benchmark 
for all rules but Haist's. For ail rules Cmin decreased compared with the benchmark but Cav 
was little changed (except in Haist's rule). 

Compared with the base case results, all rules showed much worse lowB index, greater Bdzff 
and lower Cmin. Bav, Cav and AAVwem generally unaffected. 

Table 16: Summary of indicators from 1000 runs in robustness trial r3. 
median 20% 80% median 80% median 20% crash 

Bav Bmin lowB M V  Bdi# Cav Cmin rate (%) 
Benchmark 3309 1682 46.69 3.61 3658 610 294 0.0 
Cooke 3561 I825 30.59 5.98 3821 585 202 0.0 
Bentley's gradient 3339 1309 72.68 4.51 4207 603 242 0.7 
Haiit 4169 132292.31 3.41 7672 451 88 39.4 
Geromont & Glszer 3279 1372 67.97 4.31 4148 607 255 0.3 
Bentley F. 3285 1351 66.83 4.65 4157 606 246 0.1 
Punt & Smith 3465 1460 61.06 4.85 4412 595 247 0.2 

Table 16b: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdiff Cav Cmin 

Cooke 0.08 0.09 0.34 -0.66 -0.04 -0.04 -0.31 
Bentley's gradient 0.01 4.22 -0.56 -0.25 -0.15 -0.01 -0.18 
Haist 0.26 4.92 -5.26 0.06 -1.10 -0.26 -0.70 
Geromont & Glazer -0.01 -0.18 -0.46 -020 -0.13 -0.01 -0.13 
Bentley F. ' -0.01 -0.20 -0.43 -0.29 -0.14 -0.01 -0.16 
Punt & Smith 0.05 -0.13 -0.31 -0.34 -0.21 -0.02 -0.16 

Table 16c: Showing the proportionate dierences between indicators for the various ~ l e s  
indicated and the base case values for the same ~ l e  (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdiff Cav Cmin 

Benchmark 0.00 -0.32 -6.75 -0.10 -1.26 0.00 -0.32 
Cooke 0.00 -0.20 -2.59 -0.08 -0.78 -0.01 -0.35 
Bentley's gradient -0.03 -0.38 -3.57 -0.13 -0.95 0.01 -0.34 
Haist 0.19 -0.93 -12.95 -1.02 -1.68 -0.23 -0.77 
Geromont & Glazer 0.00 -0.30 -2.00 -0.09 -0.87 0.00 -0.32 
Bentley Fn 0.00 -0.29 -1.79 -0.07 -0.84 0.00 -0.32 
Punt & Smith 0.05 -0.30 -2.42 0.20 -1.07 -0.02 -0.31 



5.4.2.4 Regime shift 

Table 17 summarises the results from trial r4, where regime shifts in K were simulated. 

Most rules had crash rates less than 1%, but Haist's rule was 7%. The average indicators 
were little different kom the benchmark or the base case (because the regime shift produced a 
new K with a mean the same as the old K), but the Bmin and Cmin indicators were generally 
worse than the benchmark rule and base case. The lowB index was worse than the benchmark 
and base case for some rules and better in others, without much pattern. 

Table 17a: Summary of indicators from 1000 runs in robustness trial r4. 
median 20% 80% median 80% median 20% crash 

Bav Bmin lowB AAV Bdiff Cav Cmin rate (%) 
Benchmark 3336 2135 29.99 3.33 2236 613 369 0.0 ~ ~ 

Cook  3547 2042 19.54 5.73 2704 588 257 0.3 
Bentley's gradient 3399 1776 37.85 4.15 2745 600 305 0.6 
Baist 3492 1362 43.72 1.82 3799 576 277 6.9 
Geromont & Glazer 3258 1686 50.05 4.08 2813 607 317 0.6 
Bentley F. 3258 1670 48.95 4.44 2853 607 306 0.6 
Punt & Smith 3296 1814 4328 5.83 2790 607 308 0.8 

Table 17b: Showing tbe proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

mediin 20% 80% mediin 80% median 20% 
Bav Bmln lowB AAV B d g  Cav Cmbr 

Cooke 0.06 -0.04 0.35 -0.72 -0.21 -0.04 -0.30 
Bentley's gradient 0.02 -0.17 -0.26 -0.25 -023 -0.02 -0.17 
Hait 0.05 -0.36 -0.46 0.45 -0.70 -0.06 -0.25 
Geromont &Glazer -0.02 -021 -0.67 -022 -0.26 -0.01 -0.14 
Bentley F. -0.02 -0.22 -0.63 -0.33 -028 -0.01 -0.17 
Punt & Smith -0.01 -0.15 -0.44 -0.75 -0.25 -0.01 -0.16 

Table l7c: Showing the proportionate differences between indieators for the various rules 
indicated and the base ease values for the same rule (negative indicates worse, positive better). 

median 20% 80% mediin 80% median 20% 
Bav Bmin lowB AAV Bdiff Cav Cmin 

Benchmark 0.01 -0.14 -3.98 -0.02 -0.38 0.00 -0.15 
Cooke -0.01 -0.10 -1.29 -0.03 -0.26 0.00 -0.17 
Bentley's gradient -0.01 -0.16 -1.38 -0.04 -027 0.00 -0.17 
&kt 0.00 -0.25 -1.09 -0.08 -0.33 -0.01 -0.28 
Geromont & Glazer -0.01 -0.14 -121 -0.03 -0.27 0.00 -0.15 
Bentley Fn -0.01 -0.12 -1.05 -0.03 -0.26 0.00 -0.15 
Punt & Smith 0.00 -0.13 -1.42 0.04 -0.31 0.00 -0.14 

5.4.2.5 Episodic mortality 

Table 18 summarises the results from trial r5, in which episodic mortality was simulated. 

The crash rate was 6% for Haist's rule, 1.5% for Punt & Smith's rules, less than 1% for all 
others. For this situation, all indicators were worse than for the base case for all rules, except 
for the Haist rule's Bav, although the differences for Bav and Cav were small. Especially 
noticeable are the smaller Bmin, and larger lowB and Bdi$cindicators, as one would expect 
with random mortalities. Most rules performed worse than the benchmark' for most 
indicators. 



Table 18a: Summary of indicators from 1000 runs in robustness trial 15. 
median 20% 80% median 80% median 20% crash 

Bav Bmin lowB AAV Bdiff Cav Cmin rate (%) 
Benchmark 3156 1496 29.87 4.98 2591 581 270 0.0 
Cooke 3412 1317 34.75 8.13 3254 553 121 0.1 
Bentley's gradient 3308 1191 49.18 5.44 3187 560 214 0.2 
Haist 3508 1145 49.19 2.20 3806 529 285 6.4 
Geromont & Glazer 3098 1084 60.07 5.08 3136 572 241 0.9 
Bentley F,, 3098 1120 60.44 5.74 3154 571 221 0.6 
Punt & Smith 3130 1127 57.42 7.01 3163 571 235 1.5 

Table 18b: Showing the proportionate diiereuces between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdiff Cav Cmin 

Cooke 0.08 -0.12 -0.16 -0.63 -0.26 -0.05 -0.55 
Bentley's gradient 0.05 -0.20 -0.65 -0.09 -0.23 -0.04 -0.21 
W i t  0.11 -0.23 -0.65 0.56 -0.47 -0.09 0.06 
Geromont & Glazer -0.02 -0.28 -1.01 -0.02 -0.21 -0.02 -0.11 
Bentley F. -0.02 -0.25 -1.02 -0.15 -0.22 -0.02 -0.18 
Punt & Smith -0.01 -0.25 -0.92 -0.41 -0.22 -0.02 -0.13 

Table 18c: Showing the proportionate diierences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav B& lowB M Y  B d ~ y  Cav Chtin 

Benchmark -0.05 -0.40 -3.96 -0.52 -0.60 -0.05 -0.38 
Cooke -0.04 -0.42 -3.07 -0.46 -0.52 -0.06 -0.61 
Bentley's gradient -0.04 -0.43 -2.09 -0.36 -0.47 -0.06 -0.42 
Haist 0.00 -0.37 -1.35 -0.30 -0.33 -0.09 -0.26 
Geromont & Glazer -0.06 -0.45 -1.66 -0.29 -0.42 -0.06 -0.36 
Bentley Fu -0.06 -0.41 -1.53 -0.32 -0.40 -0.06 -0.39 
Punt & Smith -0.05 -0.46 -2.22 -0.16 -0.49 -0.06 -0.35 

5.4.2.6 Increased random error 

The first trial with increased stochastic error is summarised in Table 19. The benchmark 
crash rate stayed at zero, but that for the other rules ranged from 4% for Cooke's rule to 28% 
for Haist's rule. 

Median Bav did not change much from the base case, but the Bmin and lowB indices were 
much worse. Median Cav was slightly lower and Cmin much lower (Table 19c). Most rules 
performed worse than the benchmark for all indicators, with some exceptions in the median 
and low biomass indices, and a better AAVfrom Haist's rule. 



Table 19s: Summary of indicators from 1000 runs in robustness trial r6a 
median 20% 80% median 80% mediin 20% crash 

Bav Bmin lowB AAV Bdiff Cav Cmin rate (%) 
Benchmark 3240 1700 30.86 6.61 3215 596 287 0.0 
Cooke 3487 888 52.51 12.53 4425 562 20 3.6 
Bentley's gradient 3373 573 92.89 8.40 4379 565 117 9.5 
Eaiit 3589 159189.55 3.60 5478 512 114 28.0 
Geromont& Glazer 3154 485101.17 8.41 4486 575 122 9.8 
Bentley F. 3136 433 110.67 9.37 4479 573 106 12.1 
Punt & Smith 3345 959 66.44 8.51 4304 569 182 7.2 

Table 19b: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

mediin 20% 80% mediin 80% mediin 20% 
Bav Bmin lowB AAV B m  Cmt Cmin 

Cooke 0.08 -0.48 -0.70 -0.90 -0.38 -0.06 -0.93 
Beutley's gradient 0.04 -0.66 -2.01 -0.27 -0.36 -0.05 -0.59 
Haist 0.11 -0.91 -5.14 0.46 '-0.70 -0.14 -0.60 
Geromont & Glazer -0.03 -0.71 -2.28 -027 -0.40 -0.03 -0.58 
Bentley F. -0.03 -0.75 -2.59 -0.42 -0.39 -0.04 -0.63 
Pnnt & Smith 0.03 -0.44 -1.15 -0.29 -0.34 -0.05 -0.37 

Table 19c: Showing the proportionate differences between indicators for the various rules 
indicated and the base ease values for the same rule (negative indicates worse, positive better). 

mediin 20% 80% mediin 80% median 20% 
Bav Bmin lowB M V  BdW Cov Cmin 

Benchmark -0.02 -0.32 -4.12 -1.02 -0.99 -0.02 -0.34 
Cooke -0.02 -0.61 -5.16 1 2 6  -1.07 -0.04 -0.94 
Bentley's gradient -0.02 -0.73 -4.84 -1.10 -1.03 -0.05 -0.68 
Eaiit 0.03 -0.91 -8.04 -1.13 -0.92 -0.12 -0.70 
Geromont & Glazer -0.04 -0.75 -3.47 -1.13 -1.02 -0.05 -0.67 
Bentley Fn -0.05 -0.77 -3.62 -1.16 -0.98 -0.06 -0.70 
Punt & Smith 0.01 -0.54 -2.72 -0.41 -1.02 -0.06 -0.49 

When only the productivity process e m  was increased, and the two other errors left at the 
base case values (trial r6b, Table 20), the crash rate was 1-16%. The major changes from the 
base case were smaller Bmin and Cmin and larger lowB indices. 
As in trial r6a, most ~ 1 . 5 ~  performed worse than the benchmark for all indicators, with some 
exceptions in the median and low biomass indices. 

Table 208: Summary of indicators from 1000 runs in robustness trial r6b. 
median 20% 80% mediin 80% median 20% crash 

Bav Bmin lowB AAV Bd&T Cav Cmin rate (%) 
Benchmark 3248 1881 24.35 6.25 3033 600 335 0.0 
Cooke 3516 1479 32.83 8.37 3747 568 157 1.2 
Bentley's gradient 3423 1224 55.26 5.86 3883 574 226 2.6 
Haist 3612 383 98.74 2.39 5020 533 226 16.2 
Geromont & Glazer 3214 1109 68.08 5.61 3945 585 232 2.8 
Bentley F. 3208 1101 66.37 6.32 3947 586 221 3.3 
Punt & Smith 3310 1355 48.43 6.85 3745 584 257 1.3 



Table 20b: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdzy Cav Cmin 

Cooke 0.08 -0.21 -0.35 -0.34 -0.24 -0.05 -0.53 
Bentley's gradient 0.05 -0.35 -1.27 0.06 -0.28 -0.04 -0.33 
Haiit 0.11 -0.80 -3.05 0.62 -0.66 -0.11 -0.33 
Geromont & Glazer -0.01 -0.41 -1.80 0.10 -0.30 -0.03 -0.31 
Bentley F. -0.01 -0.41 -1.73 -0.01 -0.30 -0.02 -0.34 
Punt & Smith 0.02 -0.28 -0.99 -0.10 -0.23 -0.03 -0.23 

Table 20c: Showing the proportionate diierences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdff Cav Lhtin 

Benchmark -0.02 -0.24 -3.04 -0.91 -0.88 -0.02 -0.23 
Cook -0.02 -0.35 -2.85 -0.51 -0.75 -0.03 -0.49 
Bentley's gradient -0.01 -0.42 -2.47 -0.46 -0.80 -0.04 -0.39 
Haist 0.03 -0.79 -3.71 -0.41 -0.76 -0.09 -0.41 
Geromont & Glazer -0.02 -0.43 -2.01 -0.42 -0.78 -0.04 -0.38 
Bentley Fu -0.02 -0.42 -1.77 -0.46 -0.75 -0.04 -0.39 
Punt & Smith 0.00 -0.35 -1.71 -0.13 -0.76 -0.04 -0.29 

When the implementation error for catch was increased (trial r6c, Table 21), crash rates 
remained low except for Haist's rule (7%). The main effects were decreased Bmin and Cmin 
and increased Bdzx The median biomass and catch were nearly unchanged. Most rules were 
worse than the benchmark for most indicators. 

Table 21a: Summary of indicators from 1000 runs in robustness trial r6c. 
medin 20% 80% median 80% median 20% crash 

Bav Bmin hwB M V  B d ~ x  Cav Cmin rate (%) 
Benchmark 3310 2245 10.71 3.81 2006 607 360 0.0 

~~~ 

Cook 3546 1873 15.95 6.28 2660 584 220 0.0 
Bentley's gradient 3443 1687 27.72 4.48 2697 590 282 0.1 
W i t  3563 1276 41.21 1.87 3731 565 284 6.8 
Geromont & GIazer 3256 1519 36.15 4.43 2789 600 280 0.3 
Bentley F, 3243 1495 37.23 4.88 2796 601' 271 0.3 
Punt & Smith 3283 1703 27.92 6.29 2593 601 288 0.2 

Table 2lb: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdiff Cav Cmin 

Cook 0.07 -0.17 -0.49 -0.65 -0.33 -0.04 -0.39 
Bentley's gradient 0.04 -0.25 -1.59 -0.18 -0.34 -0.03 -0.22 
Haiit 0.08 -0.43 -2.85 0.51 -0.86 -0.07 -0.21 
Geromont & Glazer -0.02 -0.32 -2.38 -0.16 -0.39 -0.01 -0.22 
Bentley F,, -0.02 -0.33 -2.48 -0.28 -0.39 -0.01 -0.25 
Punt & Smith -0.01 -0.24 -1.61 -0.65 -0.29 -0.01 -0.20 



Table 21c: Showing the proportionate differences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdfl  Cav Chin  

Benchmark 0.00 -0.10 -0.78 -0.16 -0.24 -0.01 -0.17 
Cooke -0.01 -0.18 -0.87 -0.13 -0.24 -0.01 -0.29 
Bentley's gradient 0.00 -0.20 -0.74 -0.12 -0.25 -0.01 -0.23 
Haist 0.02 -0.29 -0.97 -0.11 -0.30 -0.03 -026 
Geromont & Glszer -0.01 -0.23 -0.60 -0.12 -026 -0.01 -0.25 
Bentley Fn -0.01 -0.22 -0.56 -0.13 -0.24 -0.01 -0.25 
Punt & Smith -0.01 -0.18 -0.56 -0.04 -0.22 -0:01 -020 

When the CPUE observation error was increased (a r6d, Table 22), crash rates were low 
except for Haist's rule (4%). The main changes were in Bmin, Cmin and AAV. Median catch 
and biomass did not change much, and the lowB index remained low. 

Table 228: Summary of indicators from 1000 runs in robustness trial r6d. 
median 20% 80% median 80% median 20% crash 

Bav B m h  lowB AA V Bdiff Cav Cmin rate (%I 
Benchmark 3323 2495 5.69 3.26 1629 610 436 0.0 
Cwke 3563 1955 13.36 9.30 2572 584 226 0.0 
Bentley's gradient 3442 1866 23.29 6.54 2473 593 '312 02 
Wit 3590 1653 27.74 2.85 3265 568 326 3.7 
Geromont & Glazer 3273 1698 29.84 6.87 2582 602 314 0.1 
Bentley F. 3268 1529 36.81 7.43 2827 601 276 0.0 
Punt & Smith 3388 1932 19.03 8.08 2458 598 319 0.1 

Table 22b: Showing the proportianate differences between indicators for the various roles 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

mediian 20% 80% median 80% median 20% 
Bav Bmbt lowB AAV BdYf Cov chin 

Cwke 0.07 -0.22 -1.35 -1.85 -0.58 -0.04 -0.48 
Bentley's gradient 0.04 -0.25 -3.09 -1.01 -0.52 -0.03 -0.28 
Haist 0.08 -0.34 -3.87 0.13 -1.00 -0.07 -0.25 
Geromont & Glazer -0.02 -0.32 -4.24 -1.1 1 -0.59 -0.01 -0.28 
Bentley F,, -0.02 -0.39 -5.46 -1.28 -0.74 -0.01 -0.37 
Punt &Smith 0.02 -0.23 -2.34 -1.48 -0.51 -0.02 -0.27 

Table 22e: Showing the proportionate diierenees between indicators for the various roles 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% mediian 20% 
Bav Bmin IowB AAV Bdiff Cav Cmin 

Benchmark 0.00 0.00 0.06 0.00 -0.01 0.00 0.00 
Cooke 0.00 -0.14 -0.57 -0.67 -0.20 -0.01 -0.27 
Bentley's gradient 0.00 -0.11 -0.46 -0.63 -0.14 -0.01 -0.15 
Haist 0.03 -0.09 -0.32 -0.69 -0.14 -0.03 -0.15 
Geromont & Glazer 0.00 -0.13 -0.32 -0.74 -0.17 -0.01 -0.16 
Bentley Fn -0.01 -020 -0.54 -0.72 -025 -0.01 -0.24 
Punt & Smith 0.02 -0.07 -0.07 -0.34 -0.16 -0.01 -0.11 



5.4.2.7 Increasing q 

In this trial q increased during each run. The effects were large: except for Cav, all indicators 
were much worse than the base case for all rules. All mles performed considerably worse 
than the benchmark for Bmin, AAV, Bdgand Cmin. Crash rates varied from 2% for Cooke's 
rule to 32% for X i ' s  rule (Table 23). 

A typical set of results ii shown in Figure 27. 

Table 23a: Summary of indicators from 1000 runs in robustuess trial 17. 
median 20% 80% median 80% median 20% crash 

B m  Bmin IowB AAV Bdiff Cav Cmin rate (%) 
Benchmark 2544 1359 88.18 4.64 2349 639 399 0.0 - 

Cooke 2739 435128.97 9.70 3628 618 0 2.0 
Bentley's gradient 2644 433149.33 5.89 3454 620 149 4.7 
Haist 2734 207226.71 2.48 4474 584 145 31.9 
Geromont & Glazer 2467 382169.00 5.64 3384 619 164 7 2  
Bentley F,, 2478 372172.96 6.33 3415 618 147 6.7 
Punt & Smith 2596 739127.13 6.35 3137 626 253 3.6 

Table Wb: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

mediin 20% 80% median 80% median 20% 
Bav Bmin IowB M V  Bd3ff Cav Cmin 

Cooke 0.08 -0.68 -0.46 -1.09 -0.54 , -0.03 -1.00 
Bentley's gradient 0.04 -0.68 -0.69 -0.27 -0.47 -0.03 -0.63 
Haist 0.07 -0.85 -1.57 0.47 -0.90 -0.09 -0.64 
Geromont & Glazer -0.03 -0.72 -0.92 -0.22 -0.44 -0.03 -0.59 
Bentley F. -0.03 -0.73 -0.96 -0.36 -0.45 -0.03 -0.63 
Punt & Smith 0.02 -0.46 -0.44 -0.37 -0.34 -0.02 -0.37 

Table 23c: Showing the proportionate differences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdiff Cav Chin 

Benchmark -0.23 -0.45 -13.63 -0.42 -0.45 0.05 -0.08 
Cooke -0.23 -0.81 -14.12 -0.75 -0.69 0.05 -1.00 
Beutley's gradient -0.23 -0.79 -8.39 -0.47 -0.60 0.04 -0.60 
Haist -0.22 -0.89 -9.82 -0.47 -0.56 0.00 -0.62 
Geromont & Glazer -0.25 -0.81 -6.47 -0.43 -0.53 0.02 -0.56 
Bentley Fn -0.25 -0.81 -6.23 -0.46 -0.51 0.02 -0.59 
Punt & Smith -0.22 -0.65 -6.12 -0.05 -0.47 0.03 -0.29 
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Figure 27: Typical runs from robustness trial r7, in which q increased during the run. 

5.4.2.8 Unreported catches 

Table 24 summarises the results from trial r8, in which a random unreported catch was 
simulated. 

Haist's rule had a high crash rate, IS%, while all other rules were less than 1%. For al l  rules, 
Brnin and lowB were substantially worse than the base case; other indicators were usually 
slightly worse than the base case. Most rules were worse than the benchmark for most 
indicators except Bav, and except that Cooke's and Bentley's gradient rules were much better 
than the benchmark in lowB. 



Table 24a: Summary of indicators from 1000 runs in robustness trial r8. 
median 20% 80% median 80% median 20% crash 

Bav Bmin lowB AAV Bdiff Cav Cmin rate (%) 
Benchmark 3073 2170 22.00 3.63 1660 621 430 0.0 
Cooke 3378 1936 20.64 6.17 2381 599 272 0.2 
Beutley's gradient 3321 1892 28.33 4.20 2261 603 358 0.6 
Haist 3175 465110.62 1.96 4050 589 233 18.3 
Geromont & Glazer 3035 1536 52.91 4.31 2449 613 335 12 
Bentley F. 3030 1550 54.79 4.72 2434 613 329 0.6 
Punt & Smith 3058 1715 43.99 6.38 2245 615 343 0.5 

Table 24b: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmln lowB AAV Bdiff Cav Cmin 

Cooke 0.10 -0.11 -0.43 -0.04 -0.37 
Bentley's gradient -0.36 -0.03 -0.17 
W i t  0.03 0.46- -0.05 -0.46 
Geromont & Glazer -0.01 -0.29 -1.41 -0.19 -0.48 -0.01 -0.22 
Bentley F. -0.01 -0.29 -1.49 -0.30 -0.47 ,401 -0.24 
Punt & Smith 0.00 -0.21 -1.0- -0.35 -0.01 -0.20 

Table 24c: Showing the proportionate differences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdlf/ Cav Cmln 

Benchmark -0.07 -0.13 -2.65 -0.11 -0.03 0.02 -0.01 
Cooke -0.05 -0.15 -1.42 -0.11 -0.11 0.02 -0.13 
Beutley's gradient -0.04 -0.10 -0.78 -0.05 -0.05 0.01 -0.03 
Haist -0.09 -0.74 -4.28 -0.16 -0.42 0.01 -0.39 
Geromont & Glazer -0.08 -0.22 -1.34 -0.09 -0.11 0.01 -0.10 
Bentley Fu -0.08 -0.19 -1.29 -0.09 -0.08 0.01 -0.09 
Punt & Smith -0.08 -0.18 -1.46 -0.06 -0.06 0.01 -0.04 

5.4.2.9 Uncontrolled catches 

In this trial we simulated four diierent situations. In the first situation, 19% the uncontrolled 
catch was set in initial balance with the commercial catch, i.e., the combined catches were at 
about the level of population productivity, and there was no increase over time. Table 25 

. summarises the results. The crash rate of Haist rule is down to 0% from 2% in the base case 
(Table 25a). There was very little change between this result and the base case results (Table 
25c). The largest change was seen for the lowB index for two rules, but this resulted fiom 
increases from small values in the base case. 

Table 25s: Summary of indicators from 1000 runs in robustness trial r9a. 
median 20% 80% median 80% median 20% median 20% median 20% crash 

Bm Bmln lowB M V  Bd&f CIavClmin C2avC2min Cav &in rate (%) 
Benchmark 3304 2531 5.44 3.07 1533 306 218 307 231 612 470 0.0 
Cooke 3269 2286 12.76 5.67 1747 310 167 303 218 613 427 0.0 
Beutley's gradient 3164 2124 21.45 3.77 1804 322 207 296 210 618 453 0.0 
Haist 3256 2168 14.55 2.53 1992 305 194 303 212 608 463 0.0 
Geromont & G k r  3297 2341 10.48 3.52 1719 306 204 306 222 611 462 0.0 
Bentley F. 3295 2337 10.38 3.79 1738 306 198 305 222 611 457 0.0 
Punt & Smith 3295 2368 9.72 6.28 1697 307 191 305 223 612 451 0.0% 



Table 25b: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

median 20% 80% m e d i i  80% median 20% median 20% median 20% 
Bav Bmin hwB AA VBdtT Clav Clmin C2av C2& Cav Chin 

Cooke -0.01 -0.10 -1.34 -0.85-0.14 0.01 -0.23 -0.01 -0.06 0.00 -0.09 
Bentley's gradient -0.04 -0.16 -2.94 -0.23 -0.18 0.06 -0.05 -0.04 -0.09 0.01 -0.04 
Haist -0.01 -0.14 -1.67 0.18-0.30 0.00 -0.11 -0.01 -0.08 -0.01 -0.01 
Geromont & Glazer 0.00 -0.07 -0.93 -0.15 -0.12 0.00 -0.06 0.00 -0.04 0.00 -0.02 
Bentley F. 0.00 -0.08 -0.91 -0.24-0.13 0.00 -0.09 -0.01 -0.04 0.00 -0.03 
Punt & Smith 0.00 -0.06 -0.79 -1.04-0.11 0.00 -0.12 -0.01 -0.03 0.00 -0.04 

Table 2%: Showing the proportionate differences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav 

Benchmark 0.00 
Cooke -0.08 
Bentley's gradient -0.08 
Haist -0.07 
Geromont & Glazer 0.00 
Bentley Fn 0.00 
Punt & Smith 0.00 

Bmm 
0.02 
0.00 
0.01 
.0.20 
0.19 
023 
0.13 

hwB AAV Bdff Cav Chrin 
0.10 0.06 0.05 0.00 0.08 
-0.50 -0.02 0.18 0.04 0.37 
-0.35 0.06 0.17 0.03 0.23 
0.31 -0.50 0.30 0.04 0.21 
0.54 0.11 022 0.01 024 
0.57 0.12 023 0.01 0.27 
0.46 -0.04 020 0.01 0.25 

In the second situation, r9b, the uncontrolled catch was made larger, and may have been out 
of balance with the commercial catch, i.e., the combined catches may have been above the 
level of population productivity, but there was no increase over time. Results (Table 26) 
showed a very low percentage of crashes (0 to 1.1%), lower Bav and Bmin than in the base 
case, and much higher values for the IowB index. Average catch was slightly larger than in 
the base case, but the non-commercial catch was greater and the commercial catch less than in 
trial r9a. 

Differences between the various rules and the base case were generally small, except that all 
rules had slightly better lowB indices, and Haist's rule had a lower commercial catch than the 
benchmark, and a lower total catch. 

Table 26a: Summary of indicators from 1000 runs in robustness trial r9b. 
median 20% 80% median 80% median 20% median 20% median 20% crash 

Bav Bmbr hwB AAV Bdiff ClavClmin CZavCZmin CavCmin rate (%) 
Benchmark 2655 1726 64.44 3.98 1816 245 152 385 292 630 466 0.0 
Cooke 2753 1681 63.44 724 1957 235 90 391 291 627 417 0.0 
Bentley'sgradient 2663 1494 82.51 4.19 2073 239 132 385 280 624 442 0.3 
Haist 3004 1686 38.66 3.28 2346 200 108 410 294 610 457 1.1 
Geromont & Glazer 2629 1496 85.99 3.97 2051 243 139 383 280 626 447 0.3 
Bentley F. 2632 1496 85.55 4.29 2064 243 135 383 280 626 447 0.4 
Punt & Smith 2632 1548 82.65 6.60 1985 244 133 383 283 627 445 0.2 



Table 26b: Showing the proportionate differences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

media  20% 80% median 80% median 20% median 20% median 20% 
Bav Bmin lowB UBVBdiff CIav CImin C2av C 2 h  Cav Cmin 

Cook 0.04 -0.03 0.02 -0.82 -0.08 -0.04 -0.41 0.02 0.00 -0.01 -0.10 
Bentley's gradient 0.00 -0.13 -0.28 -0.05 -0.14 -0.03 -0.13 0.00 -0.04 -0.01 -0.05 
Haiist 0.13 -0.02 0.40 0.17 -0.29 -0.18 -0.29 0.07 0.01 -0.03 -0.02 
Geromont & Glazer -0.01 -0.13 -0.33 0.00 -0.13 -0.01 -0.08 0.00 -0.04 -0.01 -0.04 
Bentley F. -0.014.13 -0.33 -0.08 -0.14 -0.01 -0.11 0.00 -0.04 4.01 -0.04 
Punt & Smith -0.01 -0.10 -0.28 -0.66 -0.09 -0.01 -0.13 0.00 -0.03 0.00 -0.05 

Table 26c: Showing the proportionate differences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% mediin 80% median 20% 
Bav Bmin lowB AAV Bdiff Cav Cmbr 

Benchmark -0.20 -0.31 -9.69 -0.22 -0.12 0.03 0.07 
Cook -0.23 -0.26 -6.44 -0.30 0.09 0.07 0.34 
Bentley's gradient -0.23 -0.29 -4.19 -0.05 0.04 0.04 020 
Haiit -0.14 -0.07 4.84 -0.95 0.18 0.04 0.19 
Gemmont & Glazer -0.20 -0.24 -2.80 -0.01 0.07 0.03 0.20 
Bentley Fn -0.20 -0.22 -2.57 0.01 0.09 0.03 0.24 
Punt & Smith -0.20 -0.26 -3.63 -0.09 0.07 0.03 0.24 

When the non-commercial catch allowed to increase (trial r9c; Table 27), crash rates 
increased to 3 - 34%. Cooke's and Haist's rules had much lower crash rates (3 - 5%) than 
the benchmark (22%). Biomass indicators were all lower than in trials 8a and 8b, and the 
lowB index was very high. Median total catch was near previous values, but the commercial 
catch was much decreased and the non-commercial catch much increased. 

A notable result was that Haist's rule performed better than the benchmark mle in every 
indicator except commercial catch (it was the lowest of all rules). A typical set of results is 
shown in Figure 28. 

Table 27a: Summary of indicators from 1000 runs in robustness trial r9r 
median 20% 80% median 80% median 20% median 20% median 20% crash 

BavBmin IowB AAV Bdiff ClavClmin C 2 a v C Z h  CavCmin rate (%) 
Benchmark 2108 245 232.63 5.44 3286 197 14 414 168 610 184 21.7 
Cooke 2284 700 169.39 11.13 2906 180 0 448 271 627 351 2.7 
Bentley'sgradient 1992 215 280.20 5.24 3260 201 14 396 143 597 161 32.6 
Haist 2341 699 151.50 3.24 2873 171 30 460 250 630 394 4.6 
Geromont& Glazer 2044 214 267.89 4.76 3374 197 15 401 139 600 161 34.1 
Bentley F, 2054 214 264.65 5.13 3378 197 15 407 245 600 161 32.6 
Punt & Smith 2065 218 258.09 6.79 3360 197 25 404 138 603 164 31.0 

Table 27b: Showing the proportionate dilferences between indicators for the various rules 
indicated and the indicator from the benchmark rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% median 20% median 20% 
BavBmin IowB AAVBdiff CIav CImin C2av CZmin Cav Cmbr 

Cooke 0.08 1.85 0.27 -1.04 0.12 -0.09 -1.00 0.08 0.61 0.03 0.91 
Bentley's gradient -0.06 -0.12 -0.20 0.04 0.01 0.02 -0.05 -0.04 -0.15 -0.02 -0.12 
Haiit 0.11 1.850.35 0.410.13 -0.13 1.09 0.11 0.49 0.03 1.14 
Geromont & Glazer -0.03 -0.13 -0.15 0.12 -0.03 0.00 0.05 -0.03 -0.17 -0.02 -0.13 
Bentley F. -0.03 -0.13 -0.14 0.06-0.03 0.00 0.04 -0.02 0.46 -0.02 -0.13 
Punt 3 Smith -0.02-0.11-0.11 -0.25-0.02 0.00 0.74 -0.02 -0.18 -0.01-0.11 



Table 27c: Showing the proportionate differences between indicators for the various rules 
indicated and the base case values for the same rule (negative indicates worse, positive better). 

median 20% 80% median 80% median 20% 
Bav Bmin lowB AAV Bdin Cav Cmin 

Benchmark -0.36 -0.90 -37.60 -0.66 -1.03 0.00 -0.58 
Cooke -0.36 -0.69 -18.86 -1.00 -0.36 0,07 0.13 
Bentley's gradient -0.42 -0.90 -16.62 -0.31 -0.51 0.00 -0.56 
Haist -0.33 -0.61 -6.23 -0.92 0.00 0.08 0.03 
Geromont & Glazer -0.38 -0.89 -10.84 -0.21 -0.52 -0.01 -0.57 
Bentley Fn -0.38 -0.89 -10.06 -0.18 -0.49 -0.01 -0.55 
Punt & Smith -0.38 -0.90 -13.45 -0.12 -0.58 -0.01 -0.55 
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Figure 28: Typical runs from robustness trial r9c, in which q increased during the run. 

When the non-commercial catch function from trial r9b was allowed to increase (trial r94 
Table 28), the crash rate increased to nearly 100% for all rules. 



Table 28: Summary of indicators from 1000 runs in robustness trial r9d. 
median 20% 80% median 80% median 20% median 20% median 20% 

Bav Bmin lowB AAV B d w  CIavClmin C2avC2min Cav Cmin 
Benchmark 897 133 673.20 9.65 2832 76 2 319 97 394 99 
Cooke 1108 138 602.16 7.86 3052 64 0 373 103 441 103 
Bentley's gradient 844 131 714.05 7.44 2864 71 2 309 95 380 98 
Haist 1025 135 730.34 4.48 2974 64 1 345 94 413 101 
Geromont & Glazer 841 131 712.52 6.54 2867 73 3 305 94 378 99 
Bentley F. 839 131 708.13 7.32 2878 74 3 494 312 380 98 
Punt & Smith 850 132 700.72 3.59 2858 78 8 305 89 383 99 

6. DISCUSSION 

In the initial examination of harvest control rules we discovered that several rules do not 
behave well. The constant catch rule performed well only if the constant catch level was low. 
Whereas the well-behaved rules could produce a mean catch of more than 600 t in the base 
case simulations, the constant catch rule began to crash frequently at catches above 500 t 
(Figure 12). This was included only to demonstrate the trade-off between mean catch and 
catch stability. 

The simple gradient-based rule of Geromont et aL (1999) for Namibian hake showed 
unacceptably high crash rates: 1% without a latent year and 15% with a latent year (see Table 
5). The Foumier & Warburton (1988) rule showed either enormous periodic oscillations or 
unresponsiveness (see Figures 17 & 18) and could not be tuned to behave reasonably. The 
rule of Baldursson et aL (1996) also generated unstable cycles. The rule of Bentley et aL 
(unpublished results) demonstrated various poor behaviour types, depending on the 
parameters, and could not be tuned to perform well. Our own simple gradient-based rule 
behaved reasonably without a latent year, but became disconnected fiom biomass when a 
latent year was introduced. 

The implementation lag and the latent year both contribute to unstable behaviour. Most rules 
produced better results, except for AAV, when implemented with no latent year. The effect of 
lag is suggested by the cycles in some rules (e.g., Cooke's rule in Figure 26), which may be 
caused by overshooting and undershooting the target because of the lag between signal and 
response. 

These experiences underscore the need to explore a variety of potential harvest control rules 
before attempting to optimise a single version. Most studies do not do this. They also 
underscore the advantages of a simple system for running a number of rules and displaying 
the results. Although computational speed is poor, the ExcelTM spreadsheet is ideal for 
comparing rules quickly (e.g., Figure 26). 

It is, of course, unrealistic to model rules that are fvred in place for 100 years. A poorly 
performing rule would not be permitted to operate for long. However, it is important to 
evaluate rule behaviour over a long time frame to separate rules that do or do not have the 
potential to give stable performances. 

Of the rules we chose to fine-tune and proceed further with, we included several types: 

crash 
rate (%) 

99.5 

w a version of Cooke's (1999) rule for baleen whales, based on an arbitrary linear 
biomass-catch function, 

w Bentley's gradient- and target-based rule, 
w Haist's (2002) hoki rule using estimated surplus production and a target CPUE, 
w Geromont gi Glazer's ((1998) buffered Fn hake rule, 
w Benrley's bae red  Fn rule, and 



Punt & Smith's (1999) buffered Fn rule for gemfish. 

Thus three of the rules chosen for further testing were Fn rules and the others were simple or 
hybrid rules. In the base case simulations (see Table 12), differences among these rules, and 
between the rules and the benchmark, were generally minor. (An exception was the small 
positive crash rate in Haist's rule, while all the other rules in this phase were crash-he.) If 
the base case simulations were reliable as representing reality, then any of these rules could be 
used in a management procedure for lobsters. 

However, results from some of the robustness trials varied widely from the base case results. 
This testing confirmed the suggestion that robustness to structural uncertainties is more -- 
important than optimisation. 

The most dramatic failures in the robustness trials 0w:urred when a substantial uncontrolled 
catch was allowed to increase. In trial r9c, when an uncontrolled catch originally in balance 
with the controlled catch and with population productivity (trial r9a) was allowed to increase 
at a small rate (1% annually), biomass was badly depressed by the end of the runs for all rules 
including the benchmark (Figure 28), the crash rate increased to 3 - 34% (see Table 27a) and 
the average commercial catch declined from over 300 t (see Table 26a) to less than 200 t. 
When the original uncontrolled catch was already too high, as in trial fib, allowing a small 
annual increase caused the model run to crash for nearly every run for every rule. 

Interestingly, the Haist rule, which did not perform as well as some of the rules in many trials, 
showed the lowest crash rate in trial r9c. This illustrates that an overall best rule is very 
difficult to find except by specifying a narrow range of possible states of nature. If catches 
were uncontrolled in reality, this would be a good rule; if this robustness trial does not mimic 
a likely real situation, the rule is not a good one. 

Some implementation error can be absorbed by the harvest control rules tested. For instance, 
even the base case has some implementation error in catches, but the rules perform 
satisfactorily (see Table 12). When this error was increased in trial r6c (see Table 21), mean 
biomass and catch indicators were nearly unchanged, although minimum biomass indicaton 
deteriorated somewhat and the crash rate for one rule increased to 7%. Despite this tolerance, 
the results from trial r9 highlight the need for a management procedure to influence total 
catch effectively. Results were satisfactory only when the uncontrolled catch was both static 
and in balance with productivity. When the uncontrolled catch was too high for the 
productivity, or was allowed to increase, controlled catch was decreased by all rules and 
biomass also decreased, with population crashes when uncontrolled catch became high 
enough. 

This result should not be surprising: the wide experience of fisheries management is that 
fsheries with increasing catches or effort tend to become overdished and often seriously 
depleted unless catch or effort is controlled. The situation modelled here was not extreme: 
current estimates place the sum of recreational, traditional and illegal catches in the NSN 
stock at roughly the same level as those from the commercial fishery; they are not controlled 
and are thought to be increasing. 

In such a situation, management procedures can be successll only if the management 
strategy can be applied to the whole catch. 



Other robustness trials modelled effects that were much more benign. Trial rl  suggested that 
errors in the estimates of productivity parameters used to tune harvest conkol rules increase 
the variability of results, and decrease low and minimum biomass indicators, but do not 
generally compromise the behaviour of the rules tested. The crash rate increased to 6% (see 
Table 14) for one rule only, but other rules behaved acceptably, although worse than in the 
base case. Introducing a lag in productivity had little effect (see Table 15). Where K varied 
systematically, the Haist rule behaviour became unacceptable (see Table 16), but all other 
rules behaved acceptably. A regime shift caused the Haist rule's crash rate to increase to 6% 
(see Table 17), but otherwise all rules performed acceptably; similarly for episodic mortality 
(see Table 18). Unreported catches (see Table 24) caused high crash rates in one rule (see 
Table 24a) but have relatively minor effects on other rules. 

If production variability were greater than in the base case simulations, performance is 
degraded and the crash rate increases (trial r6, Tables 19 and 20). Increased observation error 
and implementation error have much smaller effects (Tables 21 and 22). The implication is 
that, for obtaining robust results fiom simulation studies, production error should err on the 
side of over-estimation. 

Increasing q had serious effects (see Table 23). This is a realistic trial, because increasing 
technology could easily cause inflation of CPUE over time. However, the trial is unrealistic 
in modelling the situation developing steadily over 100 years - a regular stock assessment 
using other data should be able to identify this problem and allow correction of the 
management procedure.. 

Among the harvest conkol rules, it is d i c u l t  to see much consistent difference. The 
exception to thii is the Haist rule: it often showed a crash rate several times that of the others 
(see Tables 18 - 24) and in two trials was unacceptably high when the others were relatively 
low (see Tables 23 and 24). In fairness, in trial r9c (see Table 27) the Haist rule had a low 
crash rate while most others were high, including the benchmark rule. This behaviour 
mandates either removing the Haist harvest conkol rule as a candidate for use in a lobster 
management procedure, or further tuning this rule to try to e l i e  crash rate problems. 

Of the remaining rules, is any one rule a better performer than the rest? We ranked the 
perfoimance of each rule for each indicator in the base case and all robustness trials, 1 for best 
and 5 for worst, giving the mean value to both rules in cases of ties. For the average biomass 
indicator, the value above the target biomass but closest to the target scored 1, the next 
highest (if any scored 2); after the values above the target were gone, the highest value below 
the target took the next score, etc. The %Crash indicator was not included, because a manager 
would probably want to reject rules above some threshold risk of crashing. The sums of 
scores are shown in Table 29. 

Table 29: Scores for different roles for each of the indicators. For method see text 
BavBminlowB AAVBdiff CavCmin ClavCZmin CZavCZmin %Crash sum 

Benchmark - - - - - - - - - 7.6 - 
Cooke 54 23 23 90 48 67 85 17 24 10 9 6.7 450 
Bentley's gradient 51 55 54 47 49 62 59 10 14 19 17 9.5 437 
Geromont & 
Glazer 45 66 75 37 54 42 42 13 8 16 19 10.1 417 
Bentley Fn 47 79 75 64 67 42 67 12 12 13 11 10.0 489 
Punt & Smith 43 38' 41 81 28 36 41 8 11 16 16 9.3 359 

Overall, the Punt & Smith rule scored highest, although it did not have the lowest crash rate. 
This follows the prediction of Polacheck et d (1999) that constant catch rate conkol rules 
work best. 



Further work on management procedures for the rock lobster fishery will require a 
management approach that addresses the large uncontrolled catches. 
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