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EXECUTIVE SUMMARY 

This paper examines potential biases in stock assessment conclusions drawn from surplus 
production modelling in an important New Zealand fishery with a long time series of 
catch and effort data. We describe the assessment procedure, discuss what might be the 
most serious potential problems with the model and data series, then describe an age 
structured data simulator with biological inputs from one area. We used the simulator to 
generate catch and effort time series with various kinds of systematic error. Five 
indicators were estimated with the assessment model and compared with the 'true' values 
from the simulator. 

The assessment model performed reasonably well when the data were simulated without 
systematic error, despite several potentially serious structural problems with the model. 
The choice of model 'shape' influenced the results, but not seriously and not consistently. 
The various indicators were estimated with different accuracy: the ratios of current to 
optimum biomass (Burr IB,,,) and effort (Ecurr /EMS,) were estimated less well than virgin 
biomass (B, ) , maximum sustainable yield (MSY) and curretnsurplus production (CSP) . 

Errors in early catch data and systematic error in CPUE caused the greatest bias in 
results. MSY and CSP were highly robust to these errors, especially in the stressed- 
fishery cases. Although the ratio B,, lBMsy was sensitive to these errors, the indicator 
remains useful in the stressed-fishery cases. The ratio was over-estimated when 
systematic errors were present, so conclusions based on this ratio in stressed-fishery cases 
are credible. 

The ratio Ecurr /Em, was generally badly estimated, sensitive to the errors simulated, and 
performed better in the lightly-fished cases. We suggest this indicator should not be used 
as a basis for stock assessment advice. 

1. INTRODUCTION 

1.1 Overview 

This paper examines potential biases in stock assessment conclusions drawn from surplus 
production modelling in an important New Zealand fishery. We describe the assessment 
model used in the Jasus edwardsii fishery, describe the most likely potential problems 
with the model and fishery data, describe an age-structured data simulator, then describe 
the performance of the assessment model on simulated data with and without systematic 
errors in the input data. We undertook this work to evaluate how the specific problems 
with rock lobster biology and data interact with the specific techniques that have evolved 
in our assessment, and to evaluate how robust the stock assessment conclusions are. 



1.2 Description of the fishery 

The fishery for the spiny lobster Jasus edwardsii, locally called 'red rock lobsters', is the 
most important inshore fishery in New Zealand, with recent landed values of about $100 
million (Booth & Breen 1994). The species is also important to recreational fishers and 
to Maori. - 

For a comprehensive recent description of the fishery and its management, see Breen & 
Kendrick (1 995). The fishery is managed under individual transferable quotas (ITQs) , 
and the management goal is to use a constant harvest strategy to return stocks to optimum 
biomass (Bmy ) (National Rock lobster Management Group, unpub. report l994). This 
requires annual assessments (e.g. Breen & Kendrick 1994, 1995) to compare total 
allowable catches with estimated sustainable yields and to compare current biomass with 
reference levels such as BMsy. 

The most recent assessment for the southern substock, about which managers are most 
concerned, exemplifies the kinds of conclusions from stock assessment that are used by 
managers. The assessment suggests that current biomass (B,,) is only 7% of virgin 
biomass (B,) and 30% of Bmy, maximum sustainable yield (MSr) is about 1980 t, 
exploitation rate and effort are both higher than optimum; but that expected current 
surplus production (CSP) is greater than current removals (Breen, Kendrick et al. 1994). 

From the first fishery analysis (Saila et al. 1979), surplus production analysis based on a 
long time series of catch and effort data has been a mainstay of the assessment (Booth & 
Breen 1994). A variety of surplus production approaches have been used (e.g. Annala & 
Esterman 1986, Fogarty & Murawski 1986, Breen & Stocker 1994). Surplus production 
analysis has also been used for other lobster fisheries (e.g. Marchessault et ul. 1976, 
Morgan 1979, Jensen 1986, Yoshimoto & Clarke 1993). Assessments for Jasus 
edwardsii also examine yield- and egg-per-recruit analyses (Breen & Kendrick 1994), 
economic analysis (Breen, Gilbert & Chant 1994b), and age-structured modelling 
(Maunder et al. in prep.). 

The simplicity of surplus production modelling contains inherent problems (e.g. Roff 
1983). For instance, annual productivity is assumed to be related to population biomass. 
But the relation may be made more complex by time lags, effects of population structure, 
and distortions caused by size limits and other fishing restrictions. These are described in 
more detail below. Historical time series of fishery data may contain systematic bias. 

There are a confusing array of models available, different approaches to fitting, various 
ways of specifying the error, many possible performance indicators. Comparative studies 
of performance are sometimes convincing (e.g. Punt 1992; Polacheck et al. 1993 with 
respect to observation-error time-series fitting), but the best choice of model and other 
trade-offs appear to remain open (e.g. Ludwig & Walters 1989, Prager 1994). 

Managers, fishers and conservationists all need to know whether biases in conclusions 
drawn from simple models and uncertain data are serious or minor, and to know in which 



direction possible biases lie. They need to know this to avoid using a badly flawed tool 
and, equally, to avoid discarding a valuable one. 

2. DESCRIPTION OF THE SURPLUS PRODUCTION MODEL 

2.1 Model specification 

Breen & Kendrick (1995) described the observation-error time series (Polacheck et al. 
1993) version of the Pella-Tomlinson model used to assess the fishery in 1994. The 
Pella-Tomlinson model was chosen to address the issue of 'shape' of the production 
function, i.e. the relation between BMsy and B,. The Fox model implicitly assumes that 
BMsy is 37% of B,. With a generalised model, different shapes can be assumed. 
Although we suggest below that shape is difficult to estimate from catch and effort data, 
additional information can be used to constrain the possibilities. 

The model used was 

(1) production, = rB, ((KIB, ) - 1) 

where r is a productivity parameter, K is the average virgin biomass, B, is recruited 
biomass at the beginning of year t, and p determines the shape. (The parameters r and p 
are confounded: a change in p requires a change in r to produce the same production at 
B,,,.) At p = 0, the ratio BMsyIBo is 37%, as in the Fox model; as p approaches 1 .O, 
BMsyIBo approaches zero). The shape is given by 

Each year's biomass B, is estimated from the previous year's: 

where C, is the catch in year t. A simplifying assumption is that 

CPUE is used as an index of abundance. The CPUE in year t, I*, , is assumed to be 
related to biomass through the catchability coefficient, q: 

2.2 Input data 

The model was fit to a 50-year series of catch and effort data from a substock of New 
Zealand Jasus edwardsii. Breen & Kendrick (1995) give the entire data series for all 
three substocks of the North & South Islands stock (NSI) and also data for the Chatham 
Islands stock (CHI). 



Because the quality of effort data is suspect for the early years, catch data are used from 
the whole 50-year series, but CPUE estimates from the first 18 years are not used. 

In the fitting procedure, an estimate of average recent exploitation rate is used as 
auxiliary information as described by Hilborn & Walters (1992). The estimate is obtained 
from a length-converted catch curve analysis of size data obtained from sampling at sea. 

2.3 Fitting 

The model is fit by minimising the objective function T in 

where I*,,obs is the observed CPUE for year t and I*,,,, is the predicted CPUE from (3) 
and (5) for year t ;  similarly ERate ,,,, and ERate , , ,  are the observed and predicted 
values of exploitation rate in year t. The weight wtl, was set to 0.0 for years before 
1963, and to 1.0 for later years, recognising the suspected poor quality of early CPUE 
data. The weight wt2, was set to zero for all except the most recent 5 years; it was set to 
1.0 in these years for which an estimate of ERate, is available. The weight wt3 is used to 
control the relative contribution of the two components of T. Results are not sensitive to 
wt3 (Breen & Kendrick 1995); wt3 was used only to force both contributions to have the 
same order of magnitude. 

Parameters were estimated using least-squares estimation with the minimising package 
Microsimplex (Schnute 1982, Mittertreiner & Schnute 1985). The procedure found 
values for r, q and K that minimised T in equation (6). 

2.4 Potential problems with the model 

There are several potential problems with the procedure just described. We divide these 
into 'structural' problems, which cause the assessment model to differ from reality, and 
problems with the input data. 

The model assumes that production is related to biomass, without considering the age or 
size structure of a unit biomass. In reality, the age structure affects productivity. Fig. 1 
shows the equilibrium productivity as a function of biomass in the age-structured model 
described below. It also shows productivity vs biomass for populations declining and 
rebounding at reasonably fast rates, i.e. populations well out of equilibrium. These non- 
equilibrium effects represent a potentially serious structural problem. 

The model also assumes that CPUE is an index of 'biomass', in other words, that 
productive biomass is the same as recruited biomass. This assumption is violated by 
minimum legal sizes (MU) in the fishery (see Booth et al. 1994 for details), so the 
biomass of sublegal lobsters is not indexed by CPUE. Another violation is caused by a 



ban on landing egg-bearing females. The ovigerous period is about 6 months and the 
season is year-round, so there is substantially more mortality on males than females. 

A third structural problem may be caused by assuming a production function with the 
wrong shape. In fitting the New Zealand data, we do not obtain credible results when 
estimating p as a free parameter (Breen & Kendrick 1995), so we assume a shape based 
on an age-structured model such as described below. The assumed shape may be 
incorrect. 

This list of structural problems is not exhaustive, but the four problems listed may be the 
most serious. 

2.5 Potential problems with the data 

Fishery data have many potential problems. For the New Zealand data we believe the 
two worst problems may be under-estimates of catches in the post-war years when the 
fishery began and possible systematic changes in the relation between recruited biomass 
and CPUE. 

Since 1979, fishers have reported catches and effort to the government under fishery 
rules. Reported catches can be compared with exports and, since 1990, with processor 
reports. Estimates of the unreported catch and the non-commercial catches can be made 
(see Breen & Kendrick 1994). By contrast, catches in the early years of the fishery were 
estimated by inspectors in various ports (Annala & Esterman 1986), and could easily have 
been significantly under-estimated. 

The relation between CPUE and recruited biomass is influenced by a multitude of factors 
(e.g. Hilborn & Walters 1992), including fish and fisher behaviour. The relation between 
abundance and CPUE is unlikely to be linear, but the direction of departure is unknown. 
For lobsters, the efficiency of fishing has increased dramatically over time as a result of 
improved technology best documented in Western Australia (Brown et al. 1994). The 
likely pattern is one in which nominal fishing effort increasingly underestimates effective 
effort; i.e. one in which catchability increases during the time series. 

Finally, there could be errors in the auxiliary information, estimated exploitation rate. 
These could be caused by a number of problems, especially biased growth rate estimates 
and irregular recruitment. 

3. DATA SIMULATOR 

3.1 Model structure 

We constructed an age-structured population model to generate catch and abundance data 
for use in testing the model described above. Essentially the same model was fully 
described by Breen & Kendrick (1995). 

The model simulated 50 age-classes of both males and females. Each age had a sex- 
specific mean individual length and weight, described by von Bertalanffy growth 



equations and length-weight relations. Egg production was determined from the number 
of females in an age-class, the percentage maturity as a function of length based on an 
ogive, and the individual fecundity of a female of the appropriate length. 

Initial recruitment (the number of individuals in year t = 1 for each sex) was set 
arbitrarily at one million. Subsequent recruitment was determined from a Beverton-Holt 
stock-recruitment function based on the egg production. This incorporated the 'steepness' 
parameter s of Francis (1992). Recruitment could then be modified by generating random - 
variations log-normally distributed about expected recruitment. 

Nothing is known about steepness in Jasus edwardsii except that an apparent high 
resilience to fishing suggests a high steepness. Two values were used as described below. 

The model calculated the numbers in each cohort in each year from the same cohort in 
the previous year. Natural mortality, fishing mortality, handling mortality, the MLS, and 
the protection of egg-bearing females for half the year were all incorporated (see Breen & 
Kendrick 1995 for details). 

The model was driven by effort. An effort time series (50 years) of the general form 
seen in New Zealand substocks (Booth & Breen 1994) was generated (Figure 2) and 
fishing mortality rate F was generated from: 

(7) F = q effort, 

where q is the catchability coefficient. 

The model calculated catch for each year from F and the appropriate catch equations, 
taking into account the protection on berried females (see Breen & Kendrick 1995). 

3.2 Data simulation model inputs 

The data simulator was run with biological estimates from Fiordland. In this area, 
females mature at a size larger than the MLS. In North Island areas, females mature and 
breed for several years at sizes less than the MLS (Annala et al. 1980, Breen & Kendrick 
1995). 

The specific biological parameters used are given in Appendix 1. 

3.3 Relation between simulation model steepness and assessment model shape 

Relations among the steepness value, the ratios of MSY and BMSyto B, , and the shape 
parameter p from equations (1) and (2)are illustrated in the table following. These were 
obtained from the data simulator with the Fiordland data described above. 



steepness 1 MSY/B, (%) 1 B,, /B, (%) 

As steepness decreases, MSY decreases as a percentage of B,, BMsy increases as a 
percentage of B,, and the shape parameter p decreases. Results such as these were used 
to constrain the value of p used in the real stock assessment (Breen & Kendrick 1995). 

4. INDICATORS 

We chose five indicators for comparison between the simulated population and the 
assessment model output. These were virgin biomass B,, MSY, CSP, the ratio of current 
biomass Bcurr to BMsy, and the ratio of current effort to optimum equilibrium effort 
Ecurr JEMW 

In the assessment model results, B, was estimated as K. MSY was estimated by 
substituting BMsy (from (2) into (I)), and CSP was estimated from (1). 

In the data simulator, B, was a constant determined by the input parameters described in 
Appendix 1. MSY, BMsy and Emy were constant for a given value of steepness. CSP was 
a function of steepness and population size and structure. 

5. PERFORMANCE OF THE ASSESSMENT MODEL 

5.1 General methods 

We drove the model with the effort time series. From the single time series of simulated 
effort (Figure 2) we could generate a variety of population trajectories in the data 
simulator by varying q. We chose a range of q values to give a range of population 
trajectories. The table below shows the values of q chosen, the population biomass after 
50 years in the simulator (B,,), and the ratios B,, IB, and B,,IBMS,. 



As the table shows, the range of q values provides a range of simulated situations: at low 
q, the population is well above BMsy after 50 years; at high q the population is only 25% 
of BMsP We chose qs to give a roughly even spacing of BJOIBm so that the results could 
be summarised by looking at the mean bias across all q. In real data analyses, the real 
ratio of current to optimum biomass is unknown, so we chose a range including both 
over- and under-fished simulated situations. 

Figure 3 shows three of the trajectories generated with no stochastic recruitment 
variation. 

We generated data sets (catch and effort time series plus exploitation rate for the last five 
years) from the 6 q values and two values of steepness, with or without stochastic 
variation in recruitment. When randomly varying recruitment was simulated, the 
coefficient of variation, CWect, was assumed to be 0.4. 

Steepness values of 0.9 and 0.7 were chosen arbitrarily. 'True' values for the five 
indicators described above were recorded for each data set. Figure 4 shows a typical data 
set. 

Then we estimated values for the indicators with the assessment model, using both the 
correct and incorrect shape parameter for the value of steepness used in the data 
simulator. The appropriate value of p in the assessment model for data generated with a 
steepness of 0.9 was 0.51; the value appropriate for steepness of 0.7 was 0.37. We 
analysed data generated with both steepness values with both the correct and incorrect of 
these two values of p ('correct' and 'incorrect' model respectively). 



5.2 Results from deterministic data without error 

The estimates for each of the five indicators, made with the correct and incorrect model, 
are shown in Figs 5 through 9 for data generated from one steepness value. These plots 
are made with q as the x-axis: q was used to obtain a variety of population trajectories as 
described above. In these figures, the higher values of q, and hence more heavily fished 
simulations, are on the right-hand side of the figure. 

B, estimates were accurate in the lightly fished situation, then decreased when data were 
generated with a higher q. The correct model was more accurate for data generated from 
s = 0.9 (Figure 5a), but the incorrect model was more accurate when data were 
generated from s = 0.7 (Figure 5b). 

In contrast to B,, MSY estimates were most accurate in the stressed-fishery situation 
(Figure 6). Whether the correct or incorrect model performed better depended on both q 
and s used in the data simulator. 

For CSP (Figure 7), the choice of correct or incorrect model made little difference to the 
estimates. For MSY, the accuracy generally improved for stressed-fishery 'situations. 

The ratio B,, 1 BMsy(Figure 8) behaved much like MSY: accuracy improved from the 
lightly to heavily fished situations, and the relative accuracy of model choices was 
inconsistent among the various q and s values. 

The ratio Ecu, I EM, (Figure 9) became inaccurate in the stressed-fishery situation, 
especially for data generated from s = 0.7. 

The following table shows the mean and maximum percentage bias for each indicator, 
combining the results from both steepness values and across all q. Percentage bias was 
calculated as 100 times ('true' value minus estimated value)Ibtrue' value. In Figs. 5-9, 
most results lie on one side of the 'true' values, so summarising in this way is realistic. 
In some situations, eg Figure 7b, estimates lie on one side or the other, depending on q. 
In such cases, the mean bias may be somewhat misleading. 

Indicator 1-1- 
Bo 

MSY 

CSP 

Bcu, 1 BMSY 

4,“w 1 E m  

-5.5% 

-7.2 

-7.8 

-6.0 

8.4 

-4.9% 

-8.1 

-8.6 

-6.5 

10.35 

-15.1% 

-17.2 

-14.4 

-1 1.2 

28.1 

-24.6% 

-18.1 

-14.4 

-22.5 

52.8 



The model performed reasonably well on these data sets. When the correct value of p 
was used: maximum biases were all less than 15 % except for the indicator Ecurr / EMS,. 

Results from this part of the study can be summarised as follows. 

1) The model can estimate the five indicators with generally good accuracy from data 
with no stochastic recruitment or other error. 

2) The effect of using the incorrect model is not consistent. 

3) The incorrect model tends to produce higher mean bias and greater maximum bias. 

4) Bo and E,,,, 1 EMS, are estimated badly in stressed-fishery data situations; the other three 
indicators are estimated best in the stressed-fishery situation. 

5.3 Results from stochastic data without error 

We next generated stochastic data sets by setting CVRect to 0.4. The scale of variability 
caused by this is illustrated in Figure 10. For each value of q at each value of steepness 
we generated 19 different data sets. The random number sequences were different for 
each data set: we made no attempt to use the same sequences for each value of q. Figs. 
11 through 14 show the estimates made with the correct and incorrect models. 

These figures show generally the same pattern as the deterministic results. The correct 
and incorrect model results form highly overlapping distributions at a particular q value: 
the differences caused by model choice tend to be lost in the variabiiity of estimates 
caused by stochastic recruitment. Detailed comparison of the correct and incorrect model 
results will not be discussed further. 

For two of the indicators, MSY and Bcu, / BMsy, variation of the estimates is greatest in 
the lightly-fished situation and is less in the stressed-fishery situation. More replication 
would be required to explore this. 

The table below shows the mean and maximum bias for each indicator, as for the 
previous table. 

Indicator I*/-I 
Bo 

MSY 

Bcurr I B ~ Y  

Ecw 1 Em, 

-10.3% 

-6.7 

-17.2 

20.3 

-19.6% 

-17.7 

-21.6 

50.3 

-9.4% 

-6.1 

-4.1 

5.1 

-15.7% 

-12.8 

-8.5 

22.6 



These results are generally similar to those from deterministic data in the preceding table. 

The indicator CSP could not be examined stochastically. 'True' CSP in each stochastic 
run depended on the strength of the model year-class that would recruit in the next year. 
'True' CSP varied substantially simply because recruitment was varying unpredictably; so 
comparing CSP from the assessment and simulation models was not meaningful (Figure 
15). In all comparisons described below, bias in CSP was therefore examined by 
comparing results from the assessment model using data simulated without stochastic 
recruitment. 

Results from this section can be sumrnarised as follows: 

5) Results from data generated from stochastic recruitment had roughly the same average 
bias as the deterministic results. 

6) Differences in results caused by the choice of correct or incorrect model tended to be 
lost in the variability of results caused by stochastic recruitment. 

5.4 Results from stochastic data with catch errors 

We generated four kinds of error in the input data: errors in the catch time series, errors 
in the CPUE caused by increasing catchability, errors in the estimated exploitation rate 
used as auxiliary information, and all three errors simultaneously. In this part of the 
study we generated five data sets at each value of q. 

We simulated under-reported catch data for the early years that gradually changed to 
perfectly reported data. The simulator reported only 35% of the 'true' catch in the first 
year, rising to 100% reporting in year 25. This pattern was arbitrary. 

For each indicator we calculated the mean bias (Table 1) in each error experiment as the 
simple mean of biases, averaged over all q values and both the correct and incorrect value 
of p. Similarly the maximum bias (Table 2) is the maximum of the average biases 
observed at each value of q and p. 

The performance of the assessment model in estimating B, was degraded substantially by 
errors in the catch time series (see Tables 1 & 2, also compare Figure 16 with Figure 
11). For B,, this experiment produced the worst performance in estimating B,. The 
maximum bias in MSY was also increased a lot, but this occurred mostly in the lightly- 
fished cases, where performance was always poor (Figure 17 vs Figure 12). BWrr/ BMsy 
was always over-estimated (Figure 18) and the effect was worst in the lightly-fished 
cases. Estimates of E,,,/ EM, became highly unreliable, and this was worst in the 
stressed-fishery situation (Figure 19). 



Summary: 

7) Errors in early catch data had a major impact on B,, B ,  1 BMsy and Ecu, 1 EMS,. For 
Ecurr 1 EMS,, the effect was greatest in the stressed-fishery cases; the others were affected 
most strongly in the lightly-fished cases. 

8) MSY and CSP estimates were not badly affected by errors in catch data. For MSY, 
most of the impact was in the lightly-fished cases where performance was poorest in the 
error-free situations described above. 

5.5 Results from stochastic data with CPUE errors 

To simulate the effects of catchability increasing over time we changed the effective value 
of q linearly to 2.5 times the first-year value by the fiftieth year. This was based on 
estimates of the annual rate of increase in gear efficiency in the Western Australia rock 
lobster fishery (Brown et al. 1994). When we analysed these data, we first used the 
whole time series of both catch and CPUE, then we used CPUE only from the second 
half of the time series, as we do in the real assessment. 

It was necessary to use a different series of q values to obtain the same range of final 
population sizes as in the work described above. This was done by experimenting with 
the deterministic data simulator to obtain the corresponding values of q. 

The pattern of bias for B, was changed by this kind of error: compare Figure 20a with 
Figs. 11 and 16; mean bias was also increased from the error-free situation (Table 1). 
When only the second half of the data set was used, bias improved in the lightly-fished 
cases (Figure 20 a vs b). 

For MSY, the CPUE errors caused large bias in the lightly-fished cases only (Figure 21a 
vs Figure 12). For the stressed-fishery cases the estimates remained good. Using only 
the second half of the CPUE data improved the bias (Figure 21a vs 21b). 

For B,,/ BMsy, the effects were as described for MSY, but with some bias created by 
CPUE error in the stressed-fishery cases (Figure 22a vs Figure 13). For Emrr / EMS,, 
CPUE errors caused the ratio to be underestimated (Figure 23). This was worst in the 
stressed-fishery cases and the effect was ameliorated by ignoring the early CPUE data. 

These results can be surnmarised as follows. 

9) Errors in CPUE affected all indicators. The bias created was worst in stressed-fishery 
cases for Em, I EMS,, for the others it was worst in lightly-fished cases. 

t 

10) Discarding the first half of the CPUE time series improved estimates and reduced the 
worst bias caused by this CPUE errors. 



5.6 Results from errors in estimated exploitation rate 

To simulate bias in exploitation rate we simply modified the 'true' exploitation rate 
(ERate) by 0.85 and 1.15; these values were arbitrary. The effects were not great 
(Tables 1 & 2) and will not be shown in figures. 

5.7 Results from three simultaneous errors 

When all errors were simulated together, the high ERate error combinations had generally 
greater bias than the low-ERate situations (Figure 24a vs Figure 24b, etc.). 

For B,, bias was least in the middle of the q value range (Figure 24). For Ecurr 1 EMSy, 
bias was worst in stressed-fishery cases (Figure 27); for MSY and B,,, 1 BMsy bias was 
least in stressed-fishery cases (Figs. 25 & 26). Mean bias was less than 15% for B,, MSY 
and CSP (Table I), but was higher for the remaining two indicators. 

Bias is plotted for each indicator for the non-error and error situations in Figs. 28 through 
32. B, (Figure 28) is generally under-estimated, the bias increases as q increases in the 
simulator (i.e. as the final population declines), and catch errors have by far the greatest 
impact . 

MSY and CSP respond in the same way: they are estimated with bias that has no trend, 
but depends on the error situation, when q is low in the simulator; then they are well 
estimated at high q (i.e. when final populations are small). Both are affected by all error 
situations at low q, but are robust at high q. 

Bcurr 1 BMsy was estimated well when there are no errors, or only ERate error, but is 
strongly affected by catch and CPUE errors in the data. Both these errors caused the 
ratio be overestimated. 

ECurr 1 EMS, was well estimated only when there are no errors, or ERate error only, and 
when q was high (final population size small). The ratio was poorly estimated at low q 
and was sensitive to catch and CPUE errors. 

Summary : 

11) Simultaneous errors affected all indicators. The ratios Bawl BMsy and Ecurr 1 EMS, were 
worst affected in terms of mean bias. 

12) MSY, CSP and Bcurr 1 BMsy were least affected by simultaneous errors in the stressed- 
fishery cases. 



6 .  DISCUSSION 

The results suggest that surplus production modelling is a useful tool for this fishery. 
Several potentially serious structural problems with the assessment model were described 
above. However, estimates from error-free data sets, generated with and without 
randomly varying recruitment, were encouraging. When the correctly shaped model was 
used, mean bias was less than 10% and maximum bias less than 20% for each indicator 
except the ratio E,,, 1 EMS, . 

The generally low mean bias in results from error-free data sets suggests that the 
structural problems identified are not a major source of error in using the assessment 
model. 

Bo is almost always under-estimated: this could have been predicted from the regulations 
protecting small lobsters and ovigerous females. The recruited biomass apparent to the 
fishery through CPUE data is less than the true productive biomass. 

Although the structural problems seem benign for the substock examined here, the 
procedure should probably be repeated for other substocks. For the Gisborne area, for 
instance, females mature at a size much smaller than the MLS. Thus the productive 
female biomass is different from vulnerable biomass to a far greater extent than in the 
Fiordland fishery examined here. 

Using the incorrectly-shaped model generally increased mean and maximum bias, but the 
effect in any specific situation was unpredictable, and the incorrect model performed 
better than the correct model in some situations. In real practice, results should be 
obtained from a range of model shapes. However, the consequences of using the 
incorrect model shape do not appear to be very serious, at least within the range 
examined here. This is supported by Breen & Kendrick's (1995) experiences with real 
data from the NSS substock. 

Of the three possible errors in data we simulated, errors in estimated ERate had the least 
effect; systematic errors in catch and CPUE had the greatest impact, especially on Bo and 
the two ratios B,,, 1 BMsy and Ecurr 1 Emy . The effect of systematic errors in CPUE could 
be reduced by standardising effort against known changes in technology (Brown et al. 
1994). The sensitivity to errors in early catch data, and the impossibility of recovering 
early data, suggest that our assessment should explore a range of possibilities with respect 
to early catch errors. However, in stressed-fishery situations, MSY and CSP have robust 
performance. 

In all situations, the importance of having data from contrasting stock sizes is shown in 
these results (e.g. Figure 7). This has been recognised for a long time (e.g. Ludwig & 
Walters 1989). 

The most important indicator used for Jasus edwardsii assessments is Bcu,l BMsy. The 
bias associated with this is higher than for MSY and CSP, and the sensitivity to errors is 
also higher. However, Figure 26 suggests this is a still a useful indicator, especially 



when Bc,,,/ BMsy is low. For the NSS substock, the estimated ratio is very low: 0.30 
(Breen & Kendrick 1995). The work presented above suggests this is likely to be an 
over-estimate given the likely form of major errors, so the indicator should be treated 
seriously. 

The indicator Ecu, I EMS,, used as the basis for management advice in the past, is poorly 
estimated and should probably not form the basis of management advice. This would be 
more important in fisheries where effort restrictions form a major part of the management 
strategy, such as in Australia. 

The process of evaluating assessment models with simulated data from different 
assumptions is an essential element of the assessment process. Without doing this, the 
credibility of indicators is highly uncertain. 
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Table 1. Mean percentage bias for each indicator estimated from the data sets described 
in the text. Number of replicates, n, is the number of data sets made for each value of q 
in each experiment. Means were taken over q values and over the correct and incorrect 
values of p. CSP estimates were made from deterministic recruitment data sets (n = 1) 
and from steepness of 0.9 only. 



Table 2. Maximum percentage bias for each indicator estimated from the data sets 
described in the text and as for Table 1. The maximum bias shown is the maximum of 
mean bias estimates from data generated from one value of q. 

I Indicator 

experiment 

deterministic 
n = l  

no errors 
n = 19 

catch errors 
n = 5 

CPUE errors 
n = 5 

ERate errors 

B,, ~ B M Y  

-22.5 % 

-21.6 

65.4 

37.8 

-10.5 

66.6 

CSP 

-14.4% 

-14.4 

12.0 

19.1 

-23.7 

Bo 

-24.6% 

-19.6 

-46.5 

-24.9 

15.4 

35.3 

MSY 

-18.1 % 

-17.7 

26.5 

35.1 

-27.5 

all errors -31.2 18.6 
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Figure captions 

Figure 1 .  Annual production (change in biomass plus catch) in the simulation model 
described in the text, plotted as a function of recruited biomass. The smooth line 
shows equilibrium production, the lower curve describes production from a model 
population in decline from a high exploitation rate, the upper curve describes 
production from a depleted population increasing rapidly under low exploitation. 

Figure 2. The time series of effort used to generate catch and CPUE data in this study 
The series was arbitrary, but was deliberately designed to mimic the NSS effort 
(Breen & Kendrick 1995). 

Figure 3. Model population trajectories generated from three different q values: from 
upper to lower they are 1.8 x lo", 3.0 x and 1.0 x lo4.  The model was run 
for 50 years with the standard effort data set, steepness of 0.9 and with no 
stochastic recruitment variation. The horizontal line is BMsy . 

Figure 4. A typical time series of catch and effort data from the data simulator. These 
data, plus the estimated ERate for the last five years of the series, were the only 
data inputs for the assessment model. 

Figure 5.  B, estimated from data simulated with deterministic recruitment and a range of 
q values. The circles show estimates made using the correct value of p; small 
squares the incorrect value. The horizontal line indicates the 'true' value. 
a) s = 0.9; b) s = 0.7.  The final model population size is inversely related to the 
value of q used in the data simulator, so final population size declines from left to 
right. 

Figure 6 .  MSY estimated from data simulated with deterministic recruitment and a range 
of q values. The circles show estimates made using the correct value of p; crosses 
the incorrect value. The horizontal line indicates the 'true' value. 
a) s = 0.9; b) s = 0.7.  

Figure 7 .  CSP estimated from data simulated with deterministic recruitment and a range 
of q values. The circles show estimates made using the correct value of p; small 
squares the incorrect value. The horizontal line indicates the 'true' value. 
a) s = 0.9; b) s = 0.7.  

Figure 8. The ratio B ,  IBMsy estimated from estimated from data simulated with 
deterministic recruitment and a range of q values. The circles show estimates 
made using the correct value of p; small squares the incorrect value. The 
horizontal line indicates the 'true' value. a) s = 0.9; b) s = 0.7.  

Figure 9 .  The ratio Ecu, /EMS, estimated from estimated from data simulated with 
deterministic recruitment and a range of q values. The circles show estimates 
made using the correct value of p; small squares the incorrect value. The 
horizontal line indicates the 'true' value. a) s = 0.9; b) s = 0.7.  



actual recruitment, both plotted against biomass. There is a time series from the 
right-hand end of both curves to the left area of the figure. 

Figure 11. B, estimated from data simulated with stochastic recruitment, a steepness of 
0.9 and a range of q values. The circles show estimates made using the correct 
value of p; small squares the incorrect value. The horizontal line indicates the 
'true' value. 

Figure 12. MSY estimated from data simulated with stochastic recruitment, a steepness of 
0.9 and a range of q values. The circles show estimates made using the correct 
value of p;  small squares the incorrect value. The horizontal line indicates the 
'true' value. 

Figure 13. The ratio Bcurr lBMsy estimated from data simulated with stochastic recruitment, 
a steepness of 0.9 and a range of q values. The circles show estimates made using 
the correct value of p; small squares the incorrect value. The horizontal line 
indicates the 'true' value. 

Figure 14. The ratio Ecu, /Em, estimated from data simulated with stochastic recruitment, 
a steepness of 0.9 and a range of q values. The circles show estimates made using 
the correct value of p; small squares the incorrect value. The horizontal line 
indicates the 'true' value. 

Figure 15. CSP estimated from data simulated with stochastic recruitment, a steepness of 
0.9 and a range of q values. The circles show estimates made using the correct 
value of p; small squares the incorrect value. The horizontal line indicates the 
'true' value. 

Figure 16. Bo estimated from data simulated with stochastic recruitment and errors in the 
catch data, a steepness of 0.9 and a range of q values. The circles show estimates 
made using the correct value of p; small squares the incorrect value. The 
horizontal line indicates the 'true' value. 

Figure 17. MSY estimated from data simulated with stochastic recruitment and errors in 
the catch data, a steepness of 0.9 and a range of q values. The circles show 
estimates made using the correct value of p; small squares the incorrect value. 
The horizontal line indicates the 'true' value. 

Figure 18. The ratio BCu, lBMs, estimated from data simulated with stochastic recruitment 
and errors in the catch data, a steepness of 0.9 and a range of q values. The 
circles show estimates made using the correct value of p; small squares the 
incorrect value. The horizontal line indicates the 'true' value. 

Figure 19. The ratio E,,, /Ern, estimated from data simulated with stochastic recruitment 
and errors in the catch data, a steepness of 0.9 and a range of q values. The 
circles show estimates made using the correct value of p; small squares the 
incorrect value. The horizontal line indicates the 'true' value. 

Figure 20. Bo estimated from data simulated with stochastic recruitment and errors in the 
CPUE data, a steepness of 0.9 and a range of q values. The circles show 



estimates made using the correct value of p; small squares the incorrect value. 
The horizontal line indicates the 'true' value. a) estimates made using the whole 
series of CPUE data, b) estimates made using only the second half of the CPUE 
data. 

Figure 21. MSY estimated from data simulated with stochastic recruitment and errors in 
the CPUE data, a steepness of 0.9 and a range of q values. The circles show 
estimates made using the correct value of p;  small squares the incorrect value. 
The horizontal line indicates the 'true' value. a) estimates made using the whole 
series of CPUE data, b) estimates made using only the second half of the CPUE 
data. 

Figure 22. The ratio Bcurr I&, estimated from data simulated with stochastic recruitment 
and errors in the CPUE data, a steepness of 0.9 and a range of q values. The 
circles show estimates made using the correct value of p; small squares the 
incorrect value. The horizontal line indicates the 'true' value. a) estimates made 
using the whole series of CPUE data, b) estimates made using only the second half 
of the CPUE data. 

Figure 23. The ratio Ecurr /EMS, estimated from data simulated with stochastic recruitment 
and errors in the CPUE data, a steepness of 0.9 and a range of q values. The 
circles show estimates made using the correct value of p; small squares the 
incorrect value. The horizontal line indicates the 'true' value. a) estimates made 
using the whole series of CPUE data, b) estimates made using only the second half 
of the CPUE data. 

Figure 24. B, estimated from data simulated with stochastic recruitment and simultaneous 
errors in the input data, a steepness of 0.9 and a range of q values. The circles 
show estimates made using the correct value of p;  small squares the incorrect 
value. The horizontal line indicates the 'true' value. a) with low ERate, b) with 
high ERate. 

Figure 25. MSY estimated from data simulated with stochastic recruitment and 
simultaneous errors in the input data, a steepness of 0.9 and a range of q values. 
The circles show estimates made using the correct value of p; small squares the 
incorrect value. The horizontal line indicates the 'true' value. a) with low ERate, 
b) with high ERate. 

Figure 26. The ratio B,,, lBMsy estimated from data simulated with stochastic recruitment 
and simultaneous errors in the input data, a steepness of 0.9 and a range of q 
values. The circles show estimates made using the correct value of p; small 
squares the incorrect value. The horizontal line indicates the 'true' value. a) with 
low ERate, b) with high ERate. 

Figure 27. The ratio Ecu, /EMS, estimated from data simulated with stochastic recruitment 
simultaneous errors in the input catch data, a steepness of 0.9 and a range of q 
values. The circles show estimates made using the correct value of p;  small 
squares the incorrect value. The horizontal line indicates the 'true' value. a) with 
low ERate, b) with high ERate. 



Figure 28. Bias in the indicator B, under each of the situations examined, based on data 
generated with s = 0.9. 

Figure 29. Bias in the indicator MSY under each of the situations examined, based on 
data generated with s = 0.9. 

Figure 30. Bias in the indicator CSP under each of the situations examined, based on 
data generated with s = 0.9. Unlike the other indicators, CSP was examined for 
bias only with the deterministic model (see text). 

Figure 31. Bias in the indicator Be,, lBMsy under each of the situations examined, based 
on data generated with s = 0.9. 

Figure 32. Bias in the indicator Ecurr /EMS, under each of the situations examined, based 
on data generated with s = 0.9. 
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I Appendix I. Biological data used in data simulator 

For growth, the von Bertalanffy equation was used: 

@I) lsa,k = La s a  - ex~(-Ksa (k - to ))) 

where 1 is the mean length (in mm CL) of animals of sex indexed by sex and of age k 
years. Growth constants are shown in the table below. Constants were estimated from 
tag-return data sumrnarised in Annala & Breen (1988). 

Weight was estimated from length (mm CL), using a power function 
where a2 and b2 are the constants published by Saila et al. (1979) and shown in the table 
following. 

The model used lengths in both carapace length (CL), for instance in growth and length- 
weight calculations, and in tail width (TW), for instance in separating legal and sublegal 
sized fish. The morphometry is described by Breen & Kendrick (1995): 

043) Is,,, (mm TW) = a3 + b3 I,,,, (mm CL) 

The relation between the proportion of females mature, APr, at each size mw (in rnrn tail 
width) was described by: 

(A41 APr, = exp(a4 + 64 mw) 1 (1 + exp(a4 + b4 mw)) 

The constants al and bl were estimated using least-squares estimation with Microsimplex 
(Schnute 1982, Mittertreiner & Schnute 1985) from observations of females with and 
without setose pleopods (a reliable index of maturity) in catch sampling in Fiordland, 
1989-94 (Breen & Kendrick 1995). 

Fecundity of individual mature females as a function of length ml (mm CL) was described 
by Annala & Bycroft (1987). The relation is 

Natural mortality rate M was based on a literature review (Breen & Anderson 1993). 

Appendix Table 1. Parameter values used in the data simulator. 
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- 
Equation 

von Bertalanffy 
Growth 

Females 

to 

L,  

0.10 

-0.5 

225 

0.08 

-5 

140 

L 



0.00055 

2.99 

-18.27 

0.7495 

-22.614 

0.401 18 

0.0567 

3.18 

0.1 

0.1 
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Length-weight 

CL-TW sue 
conversion 

Proportion mature 
(APr) 

Fecundity 

Natural Mortality 

Handling Mortality 

Minimum Legal Size 

a2 0.00050 

3.01 

a3 

b3 

a4 

b4 

a5 

b5 

M 

h 

TW (mrn) 

5.42 

0.4880 

0.1 

0.1 
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