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EXECUTIVE SUMMARY 

Breen, P.A.; Kim, S.W. (2006). Development of an operational management procedure 
(decision rule) for eRA 4. 

New Zealand Fisheries Assessment Report 2006/53. 46 p. 

This report describes work done under Objective 12 of the MFish contract CRA2003-0 1, a three-year 
contract awarded to the New Zealand Rock Lobster Industry Council (NZ RLIC). The purpose ofthe 
work was to develop a management procedure to determine annual commercial catch limits (probably 
through shelving) in the CRA 4 (Wellington-Hawkes Bay) rock lobster fishery. 

An operating model was constructed from the most recent CRA 4 assessment, which had been done 
with a Bayesian length-based population model in 2005. Some changes were made to the model 
dynamics and structure: non-commercial catches were based on an exploitation rate in projections, the 
proportion of commercial catch taken in the autumn-winter (A W) season was assumed to be related to 
CPUE (error was added), recruitment was projected by sampling from a continuous distribution rather 
than re-sampling recent recruitments, recruitment was serially autocorrelated, observation error was 
added to projected CPUE, unnecessary functions of the assessment model were stripped away and the 
model was modified to make projections one year at a time and use a harvest control rule to determine 
the next year's catch. 

We tested 384 rules, divided into two generalised families that we called the B rules and E rules. B 
rules are related to the current NSS management procedure; E rules are based on an assumed relation 
between mean catch and mean CPUE. All rules operated based on autumn-winter A W CPUE. All 
rules incorporated an asymmetric latent year that prevents a catch increase in two successive years. In 
discussion with NZ RLIC, we defined a set of indicators for comparing rules, based on yield, safety, 
stability and performance with respect to the target. 

Initial exploration with constant catch and constant exploitation rate rules yielded an appreciation of 
the likely production characteristics of the stock; this was then used to define E rules. 

Each rule was tested by making a set of 2000 runs, based on samples of the joint posterior distribution 
of parameters from the CRA 4 assessment. Three robustness trials were also run. The document 
discusses steps towards choosing a rule that include "winnowing", or removing rules with patently 
substandard performance with respect to some indicators, "screening", which calculates probability of 
delivering critical outcomes, and "choice frontiers", which can be used to find the "best" rules with 
respect to critical trade-offs. 

The results comprise a set of candidate rules, and detailed data on their performance, that will be used 
as the basis of choice for the CRA 4 stakeholders. 
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1. INTRODUCTION 

This report describes work conducted under Objective 12 of Ministry of Fisheries (MFish) contract 
CRA200301, awarded to the New Zealand Rock Lobster Industry Council Inc. (NZ RLIC). The 
objective is To evaluate new management procedures for rock lobster fisheries. It was agreed by the 
National Rock Lobster Management Group (NRLMG) that this work should be aimed at CRA 4, for 
which an assessment was completed in October 2005 (Breen et al. 2006) using the same length-based 
model as the 2004 assessment for CRA 3 (Haist et al. 2005). 

Some conventions in this document are as follows. The fishing year runs from April through March; 
we name the year by the 9-month portion, viz. the 2002-03 year is called 2002. The 
assessment/operating model uses two seasons: autumn-winter (A W), April through September, and 
spring-summer (SS). T AC refers to total allowable catch, including allowances for non-commercial 
fishing, and T ACC refers to the total allowable commercial catch. MLS is minimum legal size in mm 
tail width. 

1.1 CRA 4 fishery 

The CRA 4 fishery extends from the Wairoa River on the east coast of the North Island, 
southwards along the Hawkes Bay, Wairarapa and Wellington coasts, through Cook Strait and 
north to the Manawatu River. 

A CRA 4 T AC was first set in April 1999 and remains at 771 t. In that 1999 decision, the T ACC 
was increased from 495.7 tonnes to 577 t, based on a stock assessment made in 1998 (Breen & 
Kendrick 1999). Before 1999, the TACC had remained unchanged since April 1993. Within the 
T AC, allowances were 85 t for amateur and 35 t for customary catches, and an implicit allowance 
of 74 t for illegal catch. A stock assessment for CRA 4 in 2003 (Kim et al. 2004) did not result in 
any adjustment to the T AC or T ACe. 

The T ACC of 577 t is distributed amongst 89 quota share owners. The fleet comprised an 
estimated 64 vessels (Starr & Bentley 2005) in the 2003 commercial season, most operating from 
coastal bases in isolated rural areas. The CRA 4 commercial catch has a landed value of more than 
$18 million, based on the average landed value, and supports several processing and export 
operations in Napier, Wellington, Auckland and Canterbury. 

A moderate recreational fishing sector exists, with unknown catch history and current catch levels. 
Most recreational catch is taken in summer by potting and diving. The region sustains significant 
recreational fishing and a dive charter industry in summer. 

Non-commercial catches are poorly understood. The 2005 assessment (Breen et al. 2006) was 
based on two estimates from 1994 and 1996 surveys, which suggest that recent recreational catches 
have been near 47 t annually, with 90% of that assumed to be taken in the spring-summer season. 
The allowance in the T AC is 85 t. 

MFish Compliance estimated current customary catches to be 20 t for 2004. The allowance in the 
TAC is 35 t. They estimated current illegal catch to be 40 t, with 13% of that reported. The 
assessment assumed that the seasonal proportion of illegal catch followed the commercial catch 
proportions by season. 

The reconstructed biomass trajectory (Figure 1) from the assessment shows a low in the mid 1980s 
to early 1990s, then a strong increase, also seen in CRA 3 and CRA 5, and a decrease from 1998 to 
about half the 1990s peak levels. The assessment concluded that the stock in A W 2006 would be 
well above the reference level, the mean of 1979-88 values. 
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Figure 1: The posterior trajectory of vulnerable biomass, by season, from the CRA 4 base case McMC 
simulations. For each year the horizontal line represents the median, the box spans the 25th and 75th 
percentiles and the dashed whiskers span the 5th and 95th. 

Despite the optimistic assessment, some concern has been expressed by the CRA 4 industry. At least 
some of this concern is related to the pulse of high abundance that was seen in all areas from CRA 1 
through CRA 5, peaking at various times, and leading to high expectations from the fishery. The high 
abundance of the late 1990s was unusual: the biomass that can be expected in normal times is much 
lower. 

Some of the concerns may also stem from low prices, related to market changes and a high exchange 
rate, and high costs, related to high fuel prices relative to previous years. 

1.2 Management procedures 

The operational management procedure approach was developed in South Africa (Butterworth et al. 
1997, Cochrane et al. 1998), was adopted by the International Whaling Commission (Kirkwood 1997), 
and is now reasonably widespread. Johnson & Butterworth (2005) described choosing management 
procedures to manage South African rock lobsters (Jasus lalandii). A management procedure, 
originally developed by Starr et al. (1997) and refined by Bentley et al. (2003a) has been used to 
control catch in the combined CRA 7 and CRA 8 fishery (NSS). This has resulted in two T AC 
decreases and two increases, the last being for the 2006 fishing year. 

Management procedures are also called "decision rules", but the latter term includes much simpler 
rules that have not been extensively evaluated with an operating model. Management procedures 
specify how management changes will be made in response to changes in specified fishery data. 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 how those estimates will 
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determine harvest controls. 
McAllister et al. (1999). 

Good revIews were provided by Butterworth & Punt (1999) and 

Designing good management procedures demands an understanding of what management is trying to 
do. Goals can usually be classified as belonging to one of these classes: 
• yield: the average catch over time, 
• abundance: stock size, 
• safety: the risk that stock abundance will fall to low levels, 
• stability: the amount by which catch limits change from year to year, 
• diversity: the range of sizes of fish available, 
• economics: involving both yields and costs and 
• social goals, which are difficult to define. 

A common perception is that fishers would like to maximise yields, and much of fisheries science was 
once grounded in this idea (for instance, maximum sustainable yield (MSY) was once a widespread 
quantitative goal). But, especially where fishers have property rights such as transferable quota, 
fishers' goals are more complex. 

The goals listed above cannot all be simultaneously maximised. As one is maximised some other is 
degraded. An obvious management trade-off, for instance, is between average catch and stability of 
catch. High average catch and high stability of catch are incompatible. To maximise mean catch 
requires frequent catch changes; sustainable and stable catches are lower catches than catches that 
could be taken with a different strategy. To maximise stability requires lower catch limits. Fishers 
who want stable catch limits cannot also have catches near their maximum average levels. 

Another trade-off is between risk and catch: higher mean catch implies lower stock abundance and 
higher risk. Yet another, perhaps the most important trade-off, is between mean catch and CPUE: 
higher mean catch implies lower CPUE; higher CPUE implies greater ease and lower costs of 
catching. One strategy may produce sustainable high catches from a low average abundance, another 
may result in lower average catches from higher average abundance (hence at lower cost). The choice 
between alternatives depends upon the relative importance of each goal. 

The relative importance of competing objectives such as yield, safety, abundance and stability should 
be clearly defined, we believe, by stakeholders; they are not the province of fisheries scientists. In a 
workshop held in New Zealand (Bentley et al. 2003b), lobster fishers placed importance on stability in 
catch quotas, maintenance of high CPUE (high abundance), and maintenance of a wide size range of 
lobsters so that fishers could respond to changes in market demand; i.e. abundance, stability and 
diversity. Fishers stated clearly that they were willing to trade some potential catch for stability and 
abundance goals. 

A cynical view might be that it is easy for fishers to claim to value stability and abundance above high 
mean yield, but that their actual practice differs. Fishers in CRA 5 demonstrated their preference 
irrefutably in 2003 when they rejected an opportunity to pursue a T ACC increase based on a 
favourable stock assessment (Kim et al. 2004). They effectively voted for stability and high 
abundance over higher catch. 

It is essential that management procedures be extensively evaluated. Our approach to this objective 
follows work in designing and evaluating the 2002 NSS management procedure (Bentley et al. 2003a), 
evaluating procedures that might be useful for lobster fisheries (Breen et al. (2003a), and evaluating 
procedures for managing sea lion bycatch (Breen et al. 2003a, Breen & Kim 2006a, b). This approach 
was also used in 2005 to explore candidates for the CRA 3 fishery (Breen et al. 2005). The approach 
involves using a system of sub-models, including a population simulator or "operating model" (we 
base ours on the length-based stock assessment model), an observation model that simulates the 
population signal, and the harvest control rule model. Catch limits determined by the harvest control 
rule model are fed back into the population model in a feedback loop, to make a single run of 20 years 
(or longer). This whole process is repeated with simulated stochastic error, discussed further below, 
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to make a large set of runs from which the distributions of a set 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 different rules, for variants of the population model, and for different simulated realities. 

The process addresses estimation uncertainty by using the samples of the joint posterior distribution 
of parameters obtained from the assessment, and in robustness trials by using different posterior 
distributions. It addresses natural variation by incorporating process error in recruitment and by 
simulating observation error in the CPUE index. 

A wide variety of harvest control rules that could be used in management procedures were evaluated 
by Breen et al. 2003a). That study explored the literature and found a wide range of published 
harvest controls, varying in how they used the index (usually CPUE). The major possibilities (rules 
may use more than one of these) are: 
• comparing CPUE with a target, 
• using the CPUE gradient, 
• estimating biomass from CPUE and 
• estimating surplus production from two or more years. 

Bentley et al. (2005) explored the utility of using additional indices based on trends in CPUE, 
puerulus settlement indices and pre-recruit indices from observer catch sampling. Only the last was 
considered potentially useful. The CRA 4 assessment (Breen et al. 2006), after initial exploration, did 
not use the pre-recruit index, so that option is not pursued further here. 

Harvest control rules also vary in how they use the results of the initial calculation. Nearly all rules 
modify (buffer) the response, by one or more of: 
• combining calculations to make a hybrid rule, 
• using a sensitivity parameter, 
• combining the rule calculation with the previous catch limit, 
• using thresholds to prevent small changes to catch limits, 
• bounding the maximum changes for catch limits, 
• bounding the minimum or maximum catch limits, 
• using alternative calculations based on the level of CPUE, 
• using moving averages to smooth out noise in CPUE and 
• restricting changes to alternate years with "latent years". 

In the Breen et al. (2003a) study, many rules developed unstable oscillations; these results confirmed 
that constant-exploitation rate strategies are, relative to others, well behaved. This was by no means 
an original result. They also showed (this was also not an original finding) that lags between 
observation and action, and latent years, degrade the performance of harvest control rules. 

When some catch components were not limited by the rule, such as illegal or recreational catches, 
catch tended to move from controlled to uncontrolled components, with poor results. This is a serious 
problem for some areas in New Zealand where non-commercial lobster fishing takes considerable 
catch but cannot be controlled through a management procedure. Customary fishing is legally 
immune from restriction; recreational fishing is limited by size and bag limits but effort is 
unrestricted; illegal catch is difficult to restrict. 

The NSS "decision rule" (Bentley et al. 2003a) is the only operational management procedure 
currently in use for any fishery in New Zealand. (Management of sea lion bycatch in the SQU 6T 
squid fishery is based on management procedure evaluations, but no operational management 
procedure is in place, and management is ad hoc.) The NSS management procedure has a CPUE 
target - an empirical target based on the fishery history - and a target trajectory from the initial 
position to the target. It uses CPUE as the indicator variable and calculates both a position reference 
(is current CPUE above or below the target?) and a gradient reference (how does the rate of CPUE 
change compare with the target trajectory's slope?). The rule then calculates a new T ACC from these 
references and the rule parameters. The T ACC is changed if the amount of change calculated under 
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the rule exceeds a threshold value, and if the T ACC had not been changed in the previous year's 
evaluation (a "latent year" component prevents change in two successive years). 

This rule was chosen from a large family of alternatives (125 rules), each alternative specified by the 
set of rule parameters. Rules were run under different operating model assumptions that related to 
hypotheses about stock structure. For each rule for each operating model, thousands of stochastic 
runs were made from samples of the joint posterior distribution of parameters obtained by the stock 
assessment. The final rule was chosen by the NRLMG after considering the rules with the highest 
joint probability of delivering three critical outcomes: increasing CPUE, rebuilding the stock by the 
target time and having a low catch variation (Bentley et al. 2003a). 

In this study we present a number of steps, following the approach of Breen et al. (2005). We 
describe a basic operating model based on the most recent stock assessment. We choose two 
generalised families of harvest control rule from the huge set of possibilities. We describe a set of 
performance indicators by which rules can be compared. We describe some simple approaches to 
evaluating the large number of alternative candidate rules, and present results of such evaluation. 
Limited robustness testing is described. 

2. OPERATING MODEL 

The 2005 assessment model (Breen et al. 2006) was modified to produce the operating model. The 
model had been used in the assessment to produce sets of projections with fixed projected catch 
values, based on 2000 samples from the joint posterior distribution. 

In what follows, projected quantities are denoted by a head symbol, thus N:~,1' to distinguish them 

from quantities estimated in or dependent on the assessment. 

Assumptions of the assessment model were described by Breen et al. (2006). They are reasonably 
straightforward: for instance, growth for males occurs when they moult at the end of the A Wand SS 
seasons, whereas female growth occurs at the end of SS only; mean increment-at-Iength is different 
for males and females and is a declining (not necessarily linear) function with normally distributed 
variation related to the expected increment. Natural mortality is constant across sizes and time. 
Handling mortality is 10% on lobsters returned to the sea by commercial fishers. 

For the operating model, several assumptions were varied, or new assumptions were made: 
• non-commercial catches were assumed to be proportional to biomass in each season, through 

an exploitation rate that was calculated from recent catch (assumed non-commercial catches 
from the assessment, by season) and biomass (mean model biomass for 2001-03 by season) 
for each non-commercial fishery; 

• the proportion of commercial catch taken in the A W season was assumed to be related to 
CPUE, although with substantial process error added; 

• recruitment was simulated using recruitment deviations with the same mean and standard 
deviation as those seen in 1964-2003 (this period was chosen because it had mean 
recruitment the same as the long-term average); 

• recruitment deviations were serially autocorrelated and 
• projected CPUE was assigned log-normally distributed observation error. 

Changes made to the assessment model to produce the operating model involved: 
• coding the assumptions listed above, 
• disabling or deleting large sections of the assessment model not needed by the operating 

model, such as predictions for comparison with data, likelihood calculations, normalised 
residuals, outputs for plotting, etc., 

• modifying the model to run projections one year at a time and 
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• incorporating harvest control rules, evaluated from recent CPUE at the end of each year's 
projection. 

Any aspect of the operating model dynamics not discussed below is described in the assessment 
model dynamics (Haist et al. 2005, Breen et al. 2006). 

2.1 Seasonal distribution of commercial catch 

As we did for CRA 3 (Breen et al. 2005), we assumed after examining the data (Figure 2) that the 
proportion of catch taken in the A W is a function of abundance (CPUE) in the A W. The data from 
1993 onwards were used as the most representative of the modern fishery. When all data were used, 
the fitted relation had a similar slope but a slightly lower intercept. 

The relation shown in Figure 2 was used to generate the proportion of commercial catch taken in A W. 
To the A W proportion calculated from CPUE is added some normally distributed random error with 

standard deviation o-AWprop . After this is added, the operating model restricts proportions to lie 
between 5% and 90%. When the A W catch proportion would specify A W catch greater than 500 t, 
A W catch is truncated to 500 t and the remainder is transferred to the SS season. 

1.2 

1.0 
c: 
o :e 0.8 
o 
g- 0.6 ... 
c.. 
~ 0.4 

0.2 

0.0 +----,---,-----,-----,----,--------, 

0.3 0.5 0.7 0.9 

AW CPUE 

1.1 1.3 1.5 

Figure 2: Proportion of catch taken in the A W season, 1993-2005, plotted against the CRA 4 base case 
estimates of A W CPUE. The solid line shows the fitted regression, y=0.153+0.615x. 

For most recent years, the value of A W catch has been higher than SS catch, although CPUE is lower 
in A W because of colder water and restrictions on berried females. In 2005, the SS value was higher 
than the A W value. Persistence of that pattern would alter the relation shown above. For that reasons, 

after experimentation we chose to use a moderately high value (0.40) for o-AWprop . 

2.2 Recruitment 

In the operating model, recruitment was simulated from the mean and standard deviation of estimated 
recruitment parameters over a longer period. In the model's estimation phase, recruitment is given 
by: 

R, = exp (In (RO)) exp( Rdev,) 

= RO exp ( c/ - 0.5 (0-" r) 
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where In(RO) and 5, are estimated parameters. The 5, are called RdevEsts in the model code; note that 

the Rdevs are in log space. 

In the operating model, from the vector of 5, for each sample from the joint posterior, we calculated 

the mean and standard deviation for the mth sample, &"m and s~, over specified years. Then we 

synthesised projected £"m from 

where ~:::; N(O,I). With no autocorrelation, the Rdevs would be 

Autocorrelation is incorporated with an assumed input parameter p : 

Rdev"f/1 = pRdev'_I ,m + ~( 1- p2) (&'n + ~ s~) 

and projected recruitment is 

The amount of autocorrelation is r:::; p. We explored the running mean (over all joint posterior 

samples) of the 5"m estimates from the CRA 4 assessment, running "backwards" from 2003 (Figure 

3); thus the point for 1980 is the mean from 1980 to 2003. The mean &" is near zero when calculated 

over 1994-2003 or 1964-2003. The mean standard deviation is near 0.4 whatever period is used. It 
is desirable for the mean &" to be zero to avoid a bias in mean recruitment from these equations. Mean 

recruitment is positively biased when &" is greater than zero; there is no bias when &" is zero. The bias 
increases as p increases (Table 1). 

For the base case operating model, we chose to simulate recruitment based on model estimates from 
1964 through 2003, which should eliminate the overall bias. Summaries of the posterior distributions 

of moments of the mean and standard deviation of the 5 m vectors, 1964-2003, and the serial 

autocorrelation from the base case CRA 4 Markov chain - Monte Carlo (McMC) results, are shown in 
Table 2. 
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Figure 3: "Backwards-running" means of recruitment deviations "& from the assessment base case. 

Table 1: Approximate bias in mean recruitment when "& is not zero, shown for various values of p . 
p 

C 0.2 0.5 0.8 
-0 .30 -7% -20% -45% 
-0.20 -4% -14% -33% 
-0.10 -2% -7% -18% 
-0.05 -1% 4% -10% 
0.00 0% 0% 0% 
0.05 1% 4% 10% 
0.10 2% 8% 22% 
0.20 5% 15% 50% 
0.30 7% 24% 82% 

Table 2: Summaries (mean, 5th and 95th percentiles and median) of the posterior distributions of the 
mean and standard deviation of the recruitment parameter estimates taken from the base case McMC for 
CRA 4, 1964-2002. 

S F; 
Serial 

cm m correlation 

Mean 0.003 0.447 0.167 
5% -0.098 0.391 -0.039 

Median 0.001 0.446 0.169 
95% 0.103 0.505 0.367 

2.3 Non-commercial catches 

The eRA 3 management procedure evaluations (Breen et al. 2005) modelled non-commercial catches 
with an exploitation rate for each ofthe illegal, customary and recreational sectors. Because it is likely 
that the non-commercial sectors behave adaptively, fishing more and catching more when biomass is 
higher, this was considered a more realistic way to model than assuming constant non-commercial 
catches. 

These exploitation rates were based on the non-commercial catch estimates assumed for the last year 
of the assessment and on the mean of the last three years of model biomass from each sample of the 
posterior. Rates were calculated separately for each sample of the joint posterior. 

Equations for this approach were given by Breen et al. (2005). For each sample of the posterior, the 
model calculates the A Wand SS exploitation rates for each of the three non-commercial sectors. For 
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each year of the projection, these exploitation rates are applied to the model biomass at the beginning 
of the year to obtain the non-commercial catches for that year. 

These catches are then divided seasonally. The seasonal distribution of the illegal catch follows the 
commercial catch, and for recreational and customary catches it is assumed, as in the assessment, that 
10% is taken in the A Wand 90% in the SS. The recreational catch is added to the commercial catch 
to form the catch that is governed by the MLS and restrictions on berried females; the illegal and 
customary catches are added to obtain the catch that is not so governed. The proportion of reported 
illegal catch is so small that it can be ignored. 

2.4 CPUE observation error 

Projected CPUE is used by the model's harvest control rules. Projected CPUE is based on A W 
vulnerable biomass, using the estimated catchability coefficient, q, for each run. CPUE is observed 
with error. For use in the operating model's harvest control rules, to CPUE is added log-normally 
distributed error with mean zero and arbitrary standard deviation. 

2.5 Timing 

The transition from assessment results to projections is shown in Table 3. Projections begin for the 
2006 fishing year. However, because there is little information to support model estimates of 
recruitment deviations, recruitment deviations are simulated for 2004 onwards, and the model's 
dynamics are re-run for 2004 and 2005 with the simulated recruitments. 

Commercial catches for 2005 were assumed for the assessment at 539.8 t (fishing was still 
progressing). Reported catches for CRA 4 obtained in early May 2006 were 503.7 t, but probably 
omitted some catch because the fishing year had just ended, so the assumed 2005 catch was retained 
in the operating model. Projected non-commercial catches were also assumed in the assessment, but 
in the operating model, projected non-commercial catches were estimated from biomass. 

Table 3: Showing the transition from assessment results to projections. 
Non-

Commercial commercial 
Period Year Season catch catch MLS Rdevs 

117 2003 AW Observed Assumed 54/60 Estimated 
118 SS Observed Assumed 54/60 Estimated 
119 2004 AW Observed Assumed 54/60 Simulated 
120 SS Observed Assumed 54/60 Simulated 
121 2005 AW Assumed Assumed 54/60 Simulated 
122 SS Assumed Assumed 54/60 Simulated 
123 2006 AW from HCR Calculated Specified Simulated 
124 SS from HCR Calculated Specified Simulated 
125 2007 AW from HCR Calculated Specified Simulated 
126 SS from HCR Calculated Specified Simulated 
127 2008 AW from HCR Calculated Specified Simulated 

2.6 Operating model results vs. assessment results 

As a reality check, we drove the operating model with the same projected catch that we had used for 
assessment projections, and we compared the posterior distributions of projected biomass in A W 2009 
(Figure 4). The two distributions do not match exactly: this is because the seasonal distribution of 
catches was different between the two model versions, projected non-commercial catches differed and 
projected recruitment was generated differently in the operating model. Despite these differences, the 
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two posteriors are closely similar, and we accepted that the operating model had been constructed 
correctly from the assessment model. 
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Figure 4: Posterior distributions of vulnerable biomass in A W 2009, from the assessment (thinner black 
line) and from the operating model's evaluations (MPE), when driven with the same commercial catch. 

2.7 Indicators 

Indicators used for comparing runs, each calculated from an individual run of 20 years (or 100 years 
in the simple explorations discussed in the following section), were as follows. For most comparisons 
we used the mean of the posterior distribution, but we also calculated 5th, 50th and 95th percentiles. 

Yield indicators 
• MinTACC: the minimum TACC set by the rule, 
• TACC06: the TACC that would be set by the rule for 2006-07, 
• AvCatch: the mean of commercial catches, 
• MinCatch: the minimum of commercial catches, 
• AvNCCatch: the mean of non-commercial catches, 

Safety indicators 
• n<Bmin: the number of years in which the vulnerable biomass fell below Bmin, the minimum 

vulnerable biomass before 2005, 
• n<Bref the number of years in which the vulnerable biomass fell below Bre/, the reference 

vulnerable biomass calculated as the mean from 1979-88, 

Abundance indicators 
• AWCPUE: the mean of AW CPUE, 
• SSCPUE: the mean of SS CPUE, 
• CPUE: the mean of combined CPUE, calculated after application of observation error from 

CPUE, = 0.658222*AWCPUE,+0.34178*SSCPUE,; 
• AvBio: the mean of vulnerable A W biomass, 
• MinBio: the minimum of vulnerable A W biomass, 
• BioRange: the difference between minimum and maximum vulnerable A W biomass, 

Stability indicators 
• AA V: the average of annual percentage change in T ACC, 
• NChanges: the number ofTACC changes, 

• 
Performance indicators 
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• Near Targe t: the number of years in which A W epUE was within 10% ofthe target epUE, 
• GrNearTarget: the number of years in the run where AW epUE was above 90% of the target 

epUE, 

• ReBuildYr: the first year in which biomass exceeded the biomass associated with the target 
epUE. 

For comparing sets of rules, we also calculated the probability (percentage of runs in the set) that 
AWCPUE equalled or exceeded 0.8, 0.9, l.0 and 1.1 kg/potlift, the probability that AAV was less than 
0.10 and 0.20, the probability that AvCatch was greater than 450 t and the probability that biomass 
remained above Bmin. Not all these probabilities were necessarily used. 

2.8 Explorations with the operating model population 

The macroscopic behaviour of the operating model population was explored using simple constant
catch and constant-exploitation rate harvesting. These are not actual candidates for management 
procedures; they are used simply to explore the productivity of the operating model's lobster 
population. The constant-catch rule could be used as a real-life harvest control rule, although in many 
ways it wouldn't be a very good one, but a constant exploitation rate could not be used because 
vulnerable biomass is unknown at the start of each season. 

Sets of 1 OO-year runs were made with different values of annual specified commercial catches (SeC) 
at intervals from 0 to 900 t annually. A set of runs was 2000, comprising one run from each of the 
thinned set of base case joint posterior samples from the assessment. We used 100-year runs to give 
the model population ample time to equilibrate with the constant catches. 

In the second approach, the commercial catch target was calculated as a fixed proportion of the pre
season A W vulnerable biomass. Because recruitment occurs between the seasons, and females are 
available in the SS but not the A W season, the proportion used can reasonably exceed 1. 

In all these exploratory runs, MLS was fixed to 54 mm for males and 60 mm for females, and p was 

fixed at 0.30. 

In this part of the study we used the medians of indicators for rules, except for n<Bmin and 
Near Target, where the means were used. A selection of indicators obtained with specified constant 
catch are shown in Figure 5. 

Medians of the posterior distributions of indicators are shown in Table 4 and Figure 5. AvCatch 
increases as the specified constant catch (SeC) increases, but shows asymptotic behaviour when the 
see exceeds 700 t (Table 4). The MinCatch peaks at the current T Aee (540 t) and decreases 
towards 380 t when see exceeds 700 t. 

AvNCCatch is about 220 t with no commercial fishing, and decreases with increasing see, to 50 t at 
the 900 t see (Table 4). Decrease is linear with see until about 700 t. Another way of looking at 
this is: non-commercial catch increases linearly as see decreases. A reduced commercial catch is not 
completely taken by the non-commercial fishery; non-commercial catch increases by about 25% of 
the decrease in Sec. 

Mean n<Bmin increases steeply when see is greater than 600 t, to 35% when see is 700 t. 
A WCPUE and AvBio decrease with increasing Sec. A WCPUE is near 1 kg/potlift with a see of 400 
t and about 3 kg/potlift with zero see (but with adaptive non-commercial catch) (Table 4). 

MinBio decreases very sharply as see increases above 300 t. BioRange decreases linearly as the see 
increases. AA V is not shown because the see was a constant. 
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Table 4: Medians of the posterior distributions of indicators obtained under the specified constant-catch 
rule. 

Specified Min Av Min Av Av Av Min Bio 
catch rACC Catch Catch NCCatch n<Bmin CPUE Bio Bio Range 
0.0 I 0.01 0.01 0.01 225.8 0 3.008 2905 852 3342 
100 100 100 100 204.1 0 2.578 2533 852 2948 
300 300 300 300 157.6 0 1.692 1767 814 2172 
539 539.777 538.6 470.6 98.2 5 0.797 935 247 1700 
700 700 638.6 384.9 66.0 35 0.410 538 174 1242 
900 900 662.3 379.0 52.6 58 0.251 373 166 795 
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Figure 5: Medians of the posterior distributions of indicators at specified constant catch levels (heavy 
lines and diamonds) and the 5th and 95th percentiles (light lines). 
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Medians of indicators for rules with specified constant exploitation rate are shown in Figure 6 and 
Table 5. Medians of Min Taee, AvCateh and MinCateh all increase (at a decreasing rate) with 
increasing exploitation rate, and show asymptotic behaviour when exploitation rates exceed 0.8. 
MinTACC increases towards 350 t, the AvCateh increases towards 600 t and the MinCateh increases 
towards 350 1. 

AvNCCateh decreases with increasing exploitation rate; it is near 80 t with an exploitation rate of 0.9. 
Median n<Bmin is zero even at the highest exploitation rate of 0.9, although the 95th percentile 
reaches 7 years at high exploitation rates. 

AWCPUE and AvBio both decrease with increasing exploitation rate. AWCPUE is near 1 kg per potlift 
with exploitation rate of 0.4, with AvCateh near 450 1. When exploitation rate is 0.9, AWCPUE is 
near 0.5 kg per potlift and AvBio is near 500 1. 

MinBio and BioRange also decrease as exploitation rate increases: MinBio decreases towards 400 t 
and BioRange decreases towards 700 1. AAV increases towards 10% with increasing exploitation rate. 

Table 5: Medians of indicators with different constant seasonal exploitation rates. 
Min Av Min Av Av Av Min BiG 

ERate rACC Catch Catch NCCatch CPUE Bio Bio Range AAV 

o. I 85 2 I I 85 179 2.087 2 I 12 852 2319 0.058 
0.2 170 329 170 150 1.555 1647 848 1710 0.067 
0.3 240 407 240 131 1.235 1357 800 1372 0.075 
0.4 286 467 286 I 16 1.030 1167 715 1195 0.082 
0.5 312 513 312 105 0.886 1026 624 1080 0.088 
0.6 330 550 330 96 0.776 916 549 986 0.093 
0.7 343 579 343 89 0.688 827 490 907 0.098 
0.8 353 602 353 83 0.616 753 441 838 0.103 
0.9 360 620 360 78 0.555 689 400 777 0.107 
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Figure 6: Medians of the posterior distributions of indicators at specified constant seasonal exploitation 
rates (heavy lines and diamonds) and the 5th and 95th percentiles (light lines). 
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These explorations demonstrate again the benefits of constant-rate strategies over constant-catch 
strategies. All comparisons discussed here involve the centres of indicator distributions. A constant 
exploitation rate of 0.4 and a constant SCC of just over 400 t both deliver AWCPUE of 1 kg/potlift. 
Using this as point of comparison, mean catch is about 50 t higher under the constant-rate rule. Mean 
biomass is about the same (giving the same mean CPUE) but minimum biomass is much higher under 
the constant-rate rule (700 t vs. 425 t). The risk of falling below Bmin is zero with the constant rate, 
compared with about 5% for the constant-catch rule. The biomass range is substantially narrower. 
Thus, for the same average CPUE, the constant-rate strategy delivers more yield than a constant-catch 
strategy and does so with higher safety and stability. 

For both strategies, catch continued to increase as fishing pressure increased. No maximum was 
observed. This suggests that, ignoring economic and possible stock-recruitment effects, yield is 
maximised by fishing very hard, in turn suggesting that growth is less than natural mortality at the 
current MLS levels. This was explored further by making runs with different MLS regimes (Figure 7). 
The current MLS is 54 and 60 mm for males and females respectively; this was decreased to 44 and 
50 mm, then to 35 mm for both sexes. The model parameter for length at maximum selectivity, 
Se lee tMax , was also changed to these values. 

No maximum in catch was observed with any of these MLS levels. Reducing the MLS to 35 mm 
creates substantial additional catch, but of course would reduce egg production to very low values. 
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--- M LS 44, 50 
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Specified catch (t) 

Figure 7: Actual catch plotted against specified constant catch with different minimum legal sizes (male 
value listed first). 

Growth of the biomass of a single cohort, recruiting at a mean size of 32 mm, is plotted against time 
by sex (Figure 8) in the absence of fishing. This is taken from one randomly selected sample from the 
base case McMC from the assessment. Total cohort biomass peaks 1-2 years after recruitment of the 
cohort. Mature females (femmat) peak in the fourth year. This pattern is driven by the balance 
between the assessment model's estimates of growth and mortality. 
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Figure 8: Biomass of one cohort, in the absence of fishing, from one selected sample from the base case 
McMC, plotted against time. The x-axis shows model period, with recruitment to the model at the start 
of period 123. 

Mean length of this cohort over time for each sex is plotted in Figure 9 to show growth in size over 
time. Males grow fastest, then mature females . Mean length of the mature female starts in the second 
year (period 125) because all recruits are immature. 
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Figure 9: Mean length trajectory by sex in the single cohort (Figure 8) from one selected sample from the 
base case McMC. 

3. HARVEST CONTROL RULES 

In this section we discuss the harvest control rules used in the study and discuss some generic 
features. 

3.1 Latent year 

The NSS management procedure incorporates a "latent year" that precludes T ACC changes in two 
consecutive years. The effect is to reduce the number of T ACC changes, although this introduces a 
lag that decreases other aspects of rule performance (Breen et al. 2003a) . 
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CRA 3 industry, in discussions about development of a management procedure, requested an 
"asymmetric latent year", which would preclude a T ACC increase during the latent year but would 
allow aT ACC decrease. This concept was used in simulations for CRA 3 (Breen et al. 2005). 

NZ RLIC indicated that an asymmetric latent year was likely to be preferred by the CRA 4 industry. 
The operating model was modified to accept an input switch value for the latent year concept: 0, no 
latent year and T ACe changes allowed every year; 1, symmetric latent year; 2, asymmetric latent 
year, used as the default in this study. 

3.2 Preliminary latent switch trials 

Preliminary testing of the latent switch effects was made with 5 B rules and 5 E rules (these are 
described below) . Rules were chosen that appeared to have good all-round performance in 
preliminary trials, made earlier than the primary rule trials described below. Details will not be given 
here, and only a summary of the results will be provided in this section. 

The asymmetric latent switch decreased AvCatch (from the no latent switch trials) for both families of 
rules, while the symmetric latent switch had no effect. This is intuitively satisfying: the asymmetric 
latent switch increases the difficulty of increasing catch. MinCatch was highest with the symmetric 
latent year. For the B rules, symmetric and no latent years gave the same results; for the E rules, a 
symmetric latent year gave higher MinCatch . 

For both rules, AWCPUE was highest with the asymmetric latent year (note the trade-off with mean 
catch) and the other two options gave the same result. As would be expected, AAV was lowest for the 
symmetric latent year and highest for no latent year; NChanges also followed this pattern. 

These results are summarised in Table 6; they exemplify the trade-off between stability and catch 
(higher stability and lower catch go together), and trade-off between CPUE and catch (higher catch 
and lower CPUE go together). 
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Table 6: Effects of the latent switch =1 (symmetric) or 2 (asymmetric) compared with no latent year on 
the indicators shown. 

Latentswitch 

symmetric asymmetric 
AvCatch same lower 

MinCatch higher still higher 
AvNCCatch same higher 

AvBio same higher 
same (8 rules) 

MinBio lower(E rules) highest 
BioRange- 8 rules lower higher 
BioRange- E rules higher higher 

n<Bmin same same 
AvCPUE same higher 

AAV lowest lower 
NChanges lowest lower 

NearTarget rule-specific rule-specific 

3.3 B series rules 

One member of the "Bentley rule" family is the basis of the NSS management procedure. It 
comprises a target level of CPUE and a target rebuild year. The rule was fully described by Bentley 
et al. (2003a) and appears in each Plenary Report (e.g., Sullivan et al. 2005). For simplicity we call 
this the B rule family. One rule, such as that in the NSS management procedure, has specific 
parameter values; other members of the family have at least one parameter with a different value. 

Each year, observed CPUE is compared with the target CPUE, and a status indicator is calculated. 
The observed gradient of CPUE is compared with the target CPUE trajectory. These are both 
averaged over time, then a weighted average is taken of the two mean indicators. This value is 
translated into a response, in the form of a multiplier applied to the current T ACe. 

Parameters of this rule are: 
• 1*, the "target CPUE", 
• Y*, the target rebuild year 
• N, the number of years over which status and gradient indicators are averaged, 
• W, the relative weight given to the status indicator (the gradient indicator is given weight 1-

W), 
• S, a sensitivity parameter used to determine the response, 
• Min, a threshold response level (no change is made when the response value is less than this) 

and 
• Max, the maximum permitted response. 

We made sets of runs for 192 family members, comprising all combinations of parameters in Table 7. 
For this rule, if the 2005 AW CPUE is greater than 90% of target CPUE, the target trajectory is made 
flat at the target CPUE to avoid very shallow or declining target trajectories. 
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Table 7: Parameters used to make a set of members of the B rule family. Values in bold are those used in 
the NSS management procedure. 

Parameter Values 
Projections to 2025 

P 0.30 
()1/,1Yi/ 0.15 

()AWprIJp 
0.40 

/* 0.8 0.9 1.0 1.1 
y* 2012 

N 2 3 

W 0.2 0.4 0.6 

S 0.25 0.5 0.75 1.0 

Min 0.05 

Max 0.25 0.50 

LatentSwitch 2 

Sets of 20-year runs were made. Summaries of the posteriors for indicators are illustrated for each 
rule (where rules are plotted in arbitrary order) in Figure 10 and means are summarised in Table 8. 

The various B rules show little contrast in the safety indicator, n<Bmin, with almost all rules showing 
very low rates of falling below this reference. There is similar low contrast in n<Bref Most rules 
show means of 10-12 changes, with some rules as low as 3. There is low contrast in NearTarget, 
with means of 2-4 years, but much better contrast in GrNearTarget, with means from 4-15. Most 
mean AAV is below 10%. Good contrast in shown in other indicators. 

The various values for J* affect the AWCPUE directly, as they should, although mean CPUE has a 
narrower range than the input parameter value. The mean catch is inversely related, ranging from 488 
tat J* = 0.8 to 415 t when J* = 1.2; AAV and safety indicators are also inversely related to J*. 

The choice of n had only a small effect in these comparisons, except that n<Bref changed from 0.78 
to 1.01 when n increased from 2 to 3. Increasing W tended to decrease mean catch while increasing 
CPUE, and larger values were safer, but the effects were not great. 

The parameter S had the greatest effect on indicators. Higher S implies lower catch, greater CPUE 
and safety but higher AA V. 
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Figure 10: Indicator values from each of the 192 versions of the B rule tested with the base case operating 
model. Circles show the means of the indicators and the dashed lines show the 5th and 95th percentiles. 
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Table 8: B series rules: mean values of the posterior distributions for indicators shown for each value of 
the variable rule parameters. 

Min Mean AW Bio n GrNear 
/* TACC Catch n<Brej CPUE Range AAV Change Target TACC06 

0.8 381 488 1.22 0.91 1053 4.9% 7.6 12.3 564 
0.9 361 471 1.03 0.95 1105 5.3% 8.1 11.0 566 
1.1 324 433 0.71 1.06 1207 5.9% 9.1 9.3 558 
1.2 308 415 0.61 l.l1 1260 6.1% 9.4 8.8 555 

n 
2 340 449 0.78 1.01 1142 5.8% 8.9 10.6 548 
3 347 455 1.0 I 1.00 1170 5.3% 8.2 10.1 574 

W 
0.2 380 470 1.07 0.95 1056 4.7% 8.1 9.5 551 
0.4 344 452 0.86 1.00 1156 5.4% 8.4 10.4 562 
0.6 306 433 0.74 1.06 1256 6.6% 9.1 11.2 569 

S 
0.25 443 506 2.09 0.84 1035 2.0% 5.0 7.3 577 
0.50 352 455 0.77 0.99 1151 4.7% 8.6 10.1 568 
0.75 305 431 0.42 1.07 1202 6.9% 10.0 11.6 553 
1.00 273 416 0.29 l.l2 1236 8.6% 10.5 12.4 544 
Max 

0.25 344 451 0.89 1.01 1158 5.4% 8.6 10.4 561 
0.5 342 453 0.89 1.00 1154 5.7% 8.5 10.3 561 
All 343 452 0.89 1.01 1156 5.5% 8.5 10.4 561 

3.4 E series rules 

The E rule is a simple constant-rate rule. The concept is that the stock assessment provides 
information about the relation between mean CPUE and mean catch: the industry could choose an 
informed combination of target catch and target CPUE. The combination defines a proportional 
relation that can be used in a harvest rule. 

The E rule has five parameters: 

• "target CPUE", FalX" , 
• a level of catch, T' , that is assumed to be associated with Faf)',ei , 
• a power term, p 
• Min, a threshold response level (no change is made when the response value is less than this) 

and 
• Max, the maximum permitted response. 

These parameters define a family of candidate harvest control rules. For each year, the rule's 
suggested catch, sec' , is calculated from T' , the ratio between observed and target CPUE in the 
prevIOus year: 

Eq 1 SCC' =T' -Y-( 
Johs JP 

y+l ]largel 

Essentially, a target exploitation rate is defined by T' and rrgel. The shape parameter p allows the 

rule to change the catch limit linearly with CPUE (p=l) or exponentially (p>l). The new catch 

limit is determined from the suggested rule output, SCC~+I' and values of Max and Min. Max 

determines the range of possible new catch limits: 
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SCCy +! = SCC;~~ 

scc = sccmax 
y+! y+! 

and these are used to limit the new catch limits: 

sccy +! = scc;~~ 
for 

sCC' < sccmm 
y+! y+! 

scc = sccmax 
y+! y+! scc' > sccmax 

y+! y+! 

No change is made if the new catch differs from the old by less than Min: 

sccY+1 = SCCy 

We ran 192 family members of this rule, defined by the parameter values shown in Table 9. Runs 
were made for 20 years. 

Table 9: Parameter values used for the E rule family. 
Parameter Values 

Projections to 2025 

P 0.30 
(JlPl1lj 0.15 

(JAWprop 
0.40 

Ilargd 0.8 0.9 1.1 
T' 400 450 500 

P 1 1.2 1.4 
Min 0.05 

Max 0.25 0.50 0.75 
LatentSwitch 2 

1.2 
550 

1.00 

Summaries of the posteriors for indicators are illustrated for each rule (where rules are plotted in 
arbitrary order) in Figure 11 and means are summarised in Table 10. There was no contrast among 
rules in the safety indicator n<Bmin: all runs had zero 5th percentiles. Very low contrast was seen in 
n<Bref also. Mean number of changes was 10-12, as in the B rules. AA V tended to be higher than in 
the B rules, with means from 8-18. Other indicators showed good contrast. 

As the rule parameter Farge! increases, so does AWCPUE (Table 10), and again the range of AWCPUE 

is less than the range of Farge!. AvCatch and MinCatch decrease as Farge! increases, in a classic trade

off. TACC06 is much larger at smaller values for Farge! . Conversely, increasing the rule parameter 

T' increases mean catch and TACC06 and decreases AWCPUE. AAV increases with Farge! and 

decreases with T'. Increasing the shape parameter, p, increases AAV but has little effect on other 

indicators. Max acts similarly, but Max has a large effect on TACC06, which is much larger when 
Max is small. 
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Figure 11: Indicator values from each of the 192 versions of the E rule tested with the base case operating 
model. Circles show the mean of the indicator and the dashed lines show the 5th and 95th percentiles. 
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Table 10: E series rules: means of the posterior distributions for indicators for each value of the variable 
rule parameters. 

Min Mean AW Bio n GrNear 
J* TACC Catch n<Bref CPUE Range AAV(%) Change Target TACC06 

0.8 300 460 0.19 0.98 970 12.2 9.9 4.4 
0.9 284 440 0.09 1.04 993 13 .1 10.3 4.7 
1.1 253 405 0.02 1.15 I 057 14.4 11.0 4.7 
1.2 239 389 0.01 1.20 1094 14.9 11.2 4.6 
T* 

400 248 399 0.02 1.17 1076 14.6 11.0 4.6 
450 263 416 0.05 1.11 I 038 13 .9 10.7 4.7 

500 277 432 0.09 1.07 1011 13.3 10.4 4.6 
550 288 446 0.15 1.03 991 12 .8 10.1 4.4 

Max 
0.25 285 418 0.09 1.11 I 076 10.4 11.0 4.3 
0.50 266 422 0.07 1.10 I 029 13.6 10.5 4.6 

0.75 263 426 0.07 1.08 I 009 15.0 10.4 4.7 

1.00 263 427 0.07 1.08 I 001 15 .6 10.4 4.7 

P 
1.0 288 430 0.09 1.07 1009 12.3 10.6 4.5 

1.2 268 423 0.07 1.09 I 028 13.7 10.6 4.6 
1.4 251 417 0.06 1.11 1049 15.0 10.5 4.6 

Overall 269 423 0.08 1.09 I 029 13.6 10.6 4.6 

Differences among rules, measured by the means of indicators, are important and real, because results 
from each rule's set of runs are based on the same stochastic events: every rule is dealt the same hand, 
and some rules do "better" in some sense, as measured by the means of indicators. However, the 
random noise within a set of rules is considerable. The overall mean catch for BRule 93 is 452 t, and 
overall mean CPUE is 1.02, but individual runs vary widely around these means (Figure 12). 
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Figure 12: From BRule93, the mean catch from each run in the set (upper) and mean CPUE (lower). 

4. TOWARDS CHOOSING A RULE 

Choosing a rule must involve the NRLMG and CRA 4 stakeholders. The various major trade-offs 
(yield vs. abundance, yield vs. safety, yield vs. stability) must be discussed and resolved; specific 
performance targets must be agreed. 

This process was begun in a set of industry meetings in August 2006. 

The work described above, and the results from robustness trials described later in this report, will be 
used as the basis for choosing a specific rule for implementation in CRA4. This section illustrates 
how the process might develop, and makes a preliminary selection of rule candidates as the basis for 
initial discussions. 

4.1 Trade-offs 

It is useful to look first at some of the major trade-offs involved in choosing a rule. Figure 13 shows 
some of the major indicators plotted against each other for all 384 rules. AvCatch represents yield, 
n<Brefrepresents safety, AWCPUE represents abundance and so on. 

The most important and clear-cut trade-off is between abundance and yield. The mean values of 
AvCatch and AWCPUE display a linear relation with little variation: high mean CPUE is associated 
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with low catch; high mean catch is associated with low CPUE. This is also reflected In the 
performance indicator, GrNearTarget, which decreases as mean catch increases. 

Another trade-off is between stability and yield. When the mean catch is very high, AAV tends to be 
low. This is also shown by the decreasing relation between BioRange and AvCatch, and it reflects the 
decreasing abundance associated with high mean catches. Strategies that promote high catch also 
promote low abundance, in turn producing a low fluctuation in both T ACC and biomass. 

Safety is inversely related to yield: high mean catches are associated with steeply increasing means 
for of n<Bref 
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Figure 13: Bivariate plots of the means of some major base case indicators. Each point shows the values 
for one rule of the x-axis indicator listed at the right-hand edge of the plot and the y-axis indicator listed 
at the top of the plot. 
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Some approaches that might be used in choosing a rule have been discussed by Bentley et al. (2003a) 
and Breen et al. (2005). In brief, they are: 
1. inspection of the summary tables of posteriors of indicators from each rule, 
2. defining and calculating a utility function that encapsulates the major indicators, 
3. winnowing, by discarding rules that perform badly in a key indicator, 
4. inspecting "choice frontiers" by examining bivariate plots of indicators and 
5. screening, by calculating a joint probability for key indicators to give one overall probability 

that a rule will meet key objectives. 

The high numbers of rules and indicators preclude using option 1 as a primary tool. Bentley et al. 
(2003a, 2005) discussed the problems with defining utility functions for indicators: problems relate to 
precise definition of the importance and weight for different indicators. These first two approaches 
are considered unworkable, although inspection of the matrices of indicators for rules is useful when 
only a few candidate rules remain in contention. 

4.2 Winnowing 

Winnowing is a feasible approach. Table 11 shows the base case extreme values and means for 
indicators across all 384 rules explored. One could define a minimum acceptable performance 
standard for any indicator and reject rules that didn't meet this. For instance, unacceptable 
performance might be a mean AvCatch less than 350 t, mean GrNearTarget less than 7, or 
P(AvCPUE>O.8) less than 50%. One could reject rules on the basis of one or many such standards, 
and one could use the 5th and 95th percentiles matrices as well as the mean. The criteria listed as 
examples above would reject, in their own right, 107, 104 and 26 rules respectively. If used together 
(a rule is rejected if it fails anyone of the three) they would reject 163 rules. 

Winnowing only decreases the pool of candidates, and another procedure must be used to select 
candidates. 
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Table 11: From 384 rules, the minimum, maximum and means of the performance indicators shown. 
Min Max Mean 

minTACC 136.2 514.2 267.3 
AvCatch 276.3 549.6 398.2 

MinCatch 136.2 509.9 267.2 
AvNCCatch 79.7 130.9 102.1 

n<Bmin 0.00 1.16 0.08 
n<Brej 0.00 3.56 0.45 

AWCPUE 0.664 1.322 0.928 
SSCPUE 0.943 1.785 1.313 

CPUE 0.765 1.480 1.061 
AvBio 754.0 1420.1 1031.4 

MinBio 414.9 766.7 588.4 
Biorange 442.8 1536.7 834.9 

AAV 0.9% 13.1% 6.5% 
nchanges 2.65 12.01 7.83 

NearTarget 1.00 4.25 2.28 
grNearTarget 2.00 14.76 8.77 

TACC06 211.0 577.0 469.2 
P(AvJ>0.8) 32.1% 100.0% 88.6% 
P(Avl>0.9) 19.5% 100.0% 74.2% 
P(Avl> 1.0) 11.2% 99.8% 55.8% 
P(Avl> 1.1) 6.4% 93.1% 37.4% 

P(AAV<O.I) 0.8% 100.0% 55.0% 
P(AAV<0.2) 47.0% 100.0% 95.2% 

P(AvCatch> 450) 2.8% 98.7% 44.0% 
p(B<Bmin) 0.0% 31.2% 2.8% 

4.3 Choice frontiers 

The choice frontier concept (Bentley et al. 2003a) is best explained with the trade-offs discussed 
above; mean CPUE vs. minimum catch is shown again in Figure 14. As mean AWCPUE increases, 
the mean of MinCatch decreases. Strategies that give a high abundance also tend to produce low 
T ACCs, which is intuitively obvious. 

However, there is much variation in rules that give the same CPUE: for a mean A WCP UE of 1.1, 
some rules have a mean MinCatch as low as 250 t, while others have mean MinCatch of about 350 t. 
So, within the trade-off between abundance and stability, some rules are doing a "better" job, at least 
with respect to this issue. The best combinations are found at the upper edge, indicated by the black 
line: rules close to the edge have the highest MinCatch that is possible for the chosen abundance level. 
Conversely, for a given MinCatch, the choice frontier is near the rules that produce the highest 
AWCPUE. If this is an important trade-off for fishers, a rule can be chosen from near the choice 
frontier. 
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Figure 14: Plot of mean CPUE against minimum catch for the rules examined in the base case. Each 
symbol represents the medians of the posterior distribution for one rule, and the line represents the 
choice frontier. 

Other candidates for choice frontiers probably include AvCatch plotted against n<Bref the choice 
frontier would run along the bottom edge, where rules have the least risk for the highest yield, and 
A WCPUE plotted against AA: the choice frontier would run along the bottom edge, where rules give 
the selected mean abundance with the least amount of T ACC change). 

Which choice frontiers are considered most important depends first on how much contrast is present 
among rules, and which indicators are most important to the industry. An industry might not be 
interested in stability, but might be willing to accept whatever annual change was necessary to deliver 
abundance and yield goals, in which case stability would not be useful in a choice frontier. 

4.4 Screening 

This approach was also described by Bentley et al. (2003a). It involves: 
• identifying two to four key outcomes from the management procedure, such as "AAV should 

be less than 1 0%", 
• calculating the probability that each rule will deliver that objective, by examining the 

individual runs (as is done in the indicator P(AAV<O.I), 
• for each rule, multiplying the probabilities for all key outcomes to obtain a single probability 

that a rule will deliver the key outcomes, 
• ranking rules based on this single probability. 

Results are completely dependent on the key outcomes chosen, as illustrated by Breen et al. (2005). 

An example can be made, based on the 384 rules, although a realistic screening of rules can be made 
only in cooperation with the industry. 

Suppose the key outcomes are: 
• safety: biomass should not fall below Bmin, 
• abundance: mean CPUE should be above 0.90, 
• yield: mean catch should be above 450 t 

The probability that a specific rule will deliver on these three outcomes is the product of: 
(l-P(B<Bmin)), P(AWCPUE>0.90) and P(AvCatch>45 0). The top 20 rules, ranked according to that 

statistic, are shown in Table 12. Among these 20 rules, there is limited contrast in many indicators 
(the rules do about equally well): such indicators include AvCatch (435 to 470), AAV (6% to 15%), 
nChanges (9 to 10.5) and GrNearTarget (12 to 15). Rules do differ more substantially in MinCatch 
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(273 to 338), AWCPUE (0.95 to 1.05) and TACC06 (428 to 577). In this example, the first three rules 
might be passed over in favour of BRule93, which has higher minimum catch values, and which gives 
a moderate T ACC reduction for the first year. 

Table 12: The top 20 rules after screening as described above, and mean values of some associated 
indicators. Keys are the probabilities that biomass will be greater than Bmin, that mean CPUE will be 
greater than 0.9 and the mean catch will be greater than 450 t. 

min Av Min A W Bio n GrNear 
Rule TACC Catch Catch CPUE RangeAA V(%) Changes Target TACC06 key 1 key 2 key 3 

BRule90 287 442 287 1.04 I 207 8 9.2 12.7 577 98% 84% 50% 

BRule78 287 439 287 1.05 I 136 9 10.3 13 .2 527 99% 86% 47% 
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The scores (Figure 15) appear to depend on all three key criteria, and are not driven by one at the 
expense of the others, as sometimes happens. Overall scores decline very quickly (3%) over the top 
10 rules, and then decline much more slowly. 
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Figure 15: The three key criteria and the overall screening plotted against rank for the top 100 rules: top 
left - P(B>Bmin), lower left - P(AVCPUE>0.9), top right - P(AvCatch>450), bottom right - score. 
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Figure 16 through Figure 18 show the behaviour of the two highest-ranked rules in this example 
screening in three randomly chosen runs. The biomass is shown, but the rule acts on observed CPUE, 
which may have a somewhat different trend. 

Both rules behave very similarly. In the first run, both rules decrease the catch target over several 
years; biomass begins a strong increasing trend in year 8 and peaks in year 15, then biomass declines 
and both rules decrease the catch, but they do so with a lag. In the second run, biomass begins at a 
reasonably high level; both rules decrease the catch slightly. Both respond to a biomass decrease after 
8 years, but do so with a lag, and so on. The first rule is slower to respond to decreasing biomass in 
year 12 than the second rule. 

In the third run, both rules respond to declining biomass and decrease the catch, then biomass 
increases very strongly and both rules increase catch to the maximum of 577 t. 
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Figure 16: Behaviour of the top two B series rules in a randomly chosen run (34): the solid line shows the 
rule output (allowed catch) and the dashed line shows biomass (CPUE may differ because of observation 
error). 
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Figure 17: Behaviour of the top two B series rules in a second randomly chosen run (84). 

2: 2000 400 

'" -
~ 1500 0 
E 0 
0 <{ 

iii 1000 200 f-

500 
- - - Biomass 
- TACC 

0 0 

5 10 15 20 

Project Year 

300 
BRule78 

2500 

2: 2000 400 

'" "" 
~ 1500 0 
E 0 
0 <{ 

iii 1000 200 f-

500 - - - Biomass 
- lACC 

0 0 

10 15 20 

Project Year 

Figure 18: Behaviour of the top two rules B series in a third randomly chosen run (6). 

Both rules discussed above were B series rules; the top B series and E series rules are compared for 
the same runs in Figure 19 through Figure 21. In the second and third runs the two rules behave 
similarly, but in the first run, ERule 110 prevents the strong biomass increase that BRule 90 allows; 
catch is altered in much larger increments. These differences are not general differences between the 
two series: they differ with the specifics of each rule. 
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Figure 20: Comparison of the top Band E series rules in run 84. 

39 



3000 
Bru e 

2500 

2: 2000 400 
if> ~ 

:G 1500 () 

E () 

0 <t 
iii 1000 200 f-

500 
- - - Biomass 
- rACe 

0 0 

5 10 15 20 

Project Year 

3000 
eRule110 

2500 

2: 2000 400 
if> -
:G 1500 () 

E () 

0 <t 
iii 1000 200 f-

500 
- - - Biomass 
- TACC 

0 0 

10 15 20 

Project Year 

Figure 21: Comparison of the top Band E series rules in run 6. 

5. ROBUSTNESS TRIALS 

We made three robustness trials. The first trial involved arbitrarily reduced recruitment, as might 
occur with climate change or if the assessment (and hence the operating model) were somehow badly 
over-optimistic. The second trial used a constant non-commercial catch instead of the exploitation 
rate approach used in the base case, and the third was based on a pessimistic set of joint posterior 
samples that had been obtained during base-case explorations in the assessment (Breen et al. 2006). 

For the reduced recruitment trial (Rl), we reduced the recruitment by 30% by multiplying the 
recruitment scalar for each run by 0.7. 

For the constant non-commercial catch trial (R2), we used the 2005 level of non-commercial catch: 20 
t for customary catch, 46.7 t for recreational catch and 60 t for illegal catch, for all projected years. 
Recreational and customary catches were divided into 90% SS and 10% A W catches. Illegal catch 
was divided among seasons in the same proportion as the previous year's commercial catch. 

The pessimistic base case trial (R3) was based on the very pessimistic Run 4 (PJS2) trial shown in 
table 19 of Breen et al. (2006). 

The gross performance, averaged over all rules, is summarised in Table 13. Rl (reduced recruitment) 
was clearly a pessimistic trial, producing lower CPUE, lower catches (both commercial and non
commercial), lower safety, lower MinCatch, higher change indicators and fewer years near the target. 

R2 (constant non-commercial catch) led to increases in both catch and CPUE, similar safety, higher 
change indicators and more years near the target. R3 (pessimistic posterior samples) was also a 
pessimistic trial in that commercial catch was slightly less and non-commercial catch was 
substantially less, but mean biomass was nearly the same as the base case; both A WCP UE and AAV 
were substantially higher than in the base case, safety indicators were lower. 
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Table 13: Gross summary of the means of indicators, averaged across all rules, in the three robustness 
trials compared with the base case. 

Indicator Base Rl R2 R3 
minTACC 267.3 211.9 298.6 200.0 

AvCatch 398.2 334.8 434.8 387.7 
Min Catch 267.2 211.1 298.4 198.5 

AvNCCatch 102.1 85.1 106.0 141.2 
n<Bmin 0.08 0.67 0.15 0.30 
n<Brej 0.45 2.36 0.68 3.57 

AWCPUE 0.928 0.792 1.077 1.413 
SSCPUE 1.313 1.104 1.537 2.024 

CPUE 1.061 0.898 1.234 1.622 
AvBio 1031.4 875.7 1206.7 1028.8 

MinBio 588.4 525.0 677.4 234.5 
Biorange 834 .9 790.6 1183.8 1705 .6 

AAV 6.5% 11.9% 9.7% 14.5% 
nchanges 7.83 11.48 9.55 10.27 

Near Target 2.28 3.15 3.71 1.94 
grNearTarget 8.77 6.31 11.67 12.29 

TACC06 469.2 469.2 469 .2 469.2 
P(Avl>0.8) 88.6% 47.5% 87.9% 9l.3% 
P(Avl>0.9) 74.2% 25.3% 74 .7% 84 .8% 
P(Avl> 1.0) 55.8% 11.1% 58.3% 76.3% 
P(Avl> 1.1) 37.4% 4.2% 41.7% 66.8% 

P(AAV<O./) 55 .0% 41.7% 54.6% 27.8% 
P(AAV<0.2) 95.2% 89.0% 95.2% 78.2% 

P(AvCatch>450) 44.0% 5.4% 43 .1% 16.1% 
p(B<Bmin) 2.8% 16.4% 4.9% 13 .0% 

When the mean catch from the RI trial is plotted against the mean from the base case trial for each 
rule (Figure 22), the relative performance of rules appears to be similar to the base case (rules with the 
lowest mean in one trial had the lowest mean in the other), but the absolute performance is degraded 
(mean catch is lower in trial RI). Relative CPUE performance is also similar but absolute 
performance is lower. 
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Figure 22: Mean catch (upper) from the Rl trial, plotted against the base case value for each rule, and 
mean A W CPUE (lower) plotted in the same way. The solid lines are the 1: 1 lines. 
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Rankings from screenings based on the robustness trials are shown in Table 14. There was very high 
agreement between the base case and the R2 trial: over all rules the correlation was 98%. This 
suggests that our choice of an exploitation rate to model non-commercial catches, as opposed to 
constant non-commercial catches, is a pessimistic choice but not one that has a substantial effect on 
the behaviour of rules. 

About half the top 20 rules from the base case were also in the top 35 of the rankings based on Rl, 
and the correlation over all rules was 78%. Some of the rules perform as well, relative to other rules, 
under reduced recruitment. However, performance in trial R3 was not well correlated with that in the 
base case: over all rules the correlation was 62%, and none of the the top six rules from the base case 
appeared in the top 50 under R3. 

Table 14: The top 20 rules from the base case screening, and rankings based on the robustness trials. 
Shaded cells are rankings less than the top 50. 

Rule base Rl R2 R3 
BRule90 1 8 
BRule78 
BRule74 
BRule93 

BRule174 
BRule186 

BRule26 
ERulell0 
ERule190 
ERule53 

ERule169 
ERule9 

ERule126 
ERule30 
BRule30 

BRule189 
BRule62 
ERule37 
BRule42 

ERule174 

2 
3 
4 
5 
6 
7 

15 
16 

16 
33 
4 
9 
3 

35 

31 

11 65 
12 47 
15 42 
14 5 

The robustness trials would best be used to compare specific rules after a short list of rule candidates 
has been agreed. 

6. WHERE TO? 

It is difficult to proceed further without industry involvement. We suggest that the CRA 4 industry 
first needs to be informed about the advantages of management procedures over the current 
management, with reference to the history of management in the NSS under the 1997 and 2003 
decision rules. A logical progression would then be: 
• to winnow the rules by discarding those with very high and low mean catches and CPUE, 

unacceptably low MinTACC, etc., 
• to discuss the remaining candidates with industry, with reference to comparisons of specific 

rules such as shown in Figure 16 through Figure 21, 
• to identify the critical indicators from the stakeholder viewpoint, 
• to make a short list of 10 to 20 rules, and compare them on a wide range of points, including 

robustness trial performance, 
• to choose a final harvest control rule. 
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7. DISCUSSION 

In New Zealand's quota management system, TACC (or TAC) changes are relatively rare but they are 
extremely time-consuming for all parties when assessment results cause them: many parties must be 
formally consulted through a comprehensive Initial Position paper (IPP), their comments must be 
summarised and MFish must develop comments in a Final Advice Paper. With on the order of 300 
stocks in the QMS, the frequency of change for any stock is severely restricted. The default 
management strategy for most stocks is therefore maximum constant yield (MCY), although it is well 
known that MCY delivers substantially lower yields than would be available under other strategies: 
that is demonstrated in Section 2.8. 

Management procedures are a relatively new tool for fisheries management, with clearly 
demonstrated benefits. 10hnston & Butterworth (2005) described the reduction of time spent 
discussing catch limit proposals each year for South African rock lobsters. The NSS management 
procedure produced two decreases and two increases in TACC since 1997: these were accompanied 
by very little of the debate and controversy that is usual when such changes are made ad hoc 
(although much of the accompanying paperwork was required nonetheless). 

A quota-shelving management procedure, operating along the lines of those explored in this study, 
would provide a mechanism for changing catches in response to biomass changes without the inertia 
caused by thick paperwork, consultation and other stocks competing for attention. Much consultation 
would be required on the management procedure before it was accepted, but afterwards it would run 
automatically until a scheduled review in five or so years. 

Potentially the most important benefit of management procedures lies in forcing stakeholders to 
confront management objectives: clear definitions are required (Robb & Peterman 1998). There must 
be a shift from "tactical" thinking ("what should the T ACC be?) to "strategic" thinking ("what should 
the harvest control rule be?") (Butterworth & Punt 1999) and "what balance do we want between 
yield and CPUE?" 

Results of this study are only the beginning of the process for adoption of a management procedure in 
CRA 4. In a previous study (Breen et al. 2005) we demonstrated that altering the set of screening 
indicators altered the ranking of rules. Having an agreed set of criteria by which to evaluate 
competing rules is essential, and we hope to obtain these after a series of meetings in CRA 4. 

Complexity of management procedures is a problem for explaining rules to stakeholders, who must 
understand and accept them. The technical complexity of evaluation is beyond the majority who are 
not conversant with current assessment technology. Some rules require understanding a set of 
equations, and even purely arithmetic equations put off many, not all of them stakeholders. In a 
system where a single management goal, "Bmsy", has been the main focus of legislation for a decade, 
many are confused to be confronted with a choice of alternative management goals. 

Simulations conducted during this study comprised more than 4 million operating model projection 
runs, including exploratory work not reported. The rules tested showed a wide range of performance: 
many seemed acceptable and many showed poor performance. The study explored only two 
generalised rule families (if constant catch is eliminated), which is small given the variety of possible 
families and the variety of ways to buffer rule behaviour (Breen et al. 2003a). However, expansion of 
rule families causes enormous magnification of the number of runs required. It was encouraging that 
the "best" rules identified in base case evaluations were a mixture of rules from the two families: this 
suggests that choice of rule family may not be critical if a wide enough range of members is 
considered. 

The rules we describe and evaluate here all compare CPUE with a target. The B rule series also uses 
rate of change of CPUE. The E rule series does not estimate biomass, but does attempt to maintain a 
constant catch rate strategy (or, with p > 1, an adaptive rate strategy in which fishing rate increases 

with biomass). It might be possible to include the pre-recruit index derived from catch sampling as an 
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index, as suggested by Bentley et al. (2005), but the most recent stock assessment (Breen et al. 2006) 
suggested that the pre-recruit index in CRA 4 may not contain much information. 

In this and our previous study we modelled non-commercial catches, we believe, in the most realistic 
way . It is very likely that these fisheries are adaptive: catch increases as biomass increases. 
Recreational fishers are more likely to target lobsters when they know they have a reasonable chance 
of catching some, and they are more likely to take their bag limit when lobsters are more abundant. 
As abundance increases, so will numbers of fishers, fishing days and lobsters per trip; similarly for 
illegal fishers. The robustness trial R2 suggests that our choice does not have much effect on the 
results. 

If non-commercial fisheries do operate adaptively, in the way we modelled them, then commercial 
stakeholders must consider their CPUE target carefully. A lower abundance target effectively 
"allocates" less catch to the non-commercial sector, and vice-versa. There is scope (although not 
here) for a bio-economic examination of the balance between yield and costs under various 
management procedures. 

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. The robustness testing reported here is not 
fully representative of that range because of time constraints. 

In the trials we report, and with the screening criteria we chose as an example, rules performed 
generally similarly except for trial R3: a "good" rule in the base case tended to be "good" in the 
robustness trials RI and R2 (Table 14). 

This study explored only the medium-term performance of harvest control rule candidates. 
Management procedures are unlikely to remain in place for longer than about five years without a 
review, because in five years the operating model used to evaluate rules will be obsolete and 
performance should be re-evaluated. Such a review was written into the 2002 NSS management 
procedure (Bentley et al. 2003b). It can be argued, therefore, that only the short-term behaviour of a 
rule is important. 

Against this view, Breen et al. (2003a) explored harvest control rules with a simple model over 100 
years, and showed that some families demonstrate very poor long-term stability. The worst rules get 
out of phase with biomass and create oscillations with increasing amplitude, often crashing the fishery. 
Many rules, although not as pathological, create rather than damp oscillations, or are slow to react to 
long-term change in biomass. In the short term, such rules may behave apparently acceptably, but 
such rules can produce a balance between biomass and catch that is not optimal. 

This study has identified a range of candidate harvest control rules that could be used in a CRA 4 
management procedure. These, combined with much educational effort, should enable a choice to be 
made by the CRA 4 stakeholders. 
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