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EXECUTIVE SUMMARY 

1. The MIAEL estimation method is contrasted with a least squares estimator and 
two Bayesian estimators using Monte Carlo simulation. The sensitivity of the 
results of the MIAEL estimation method to the specifications of the true 
model, used to generate artificial data sets, is examined. 

2. It was not possible to replicate all of the results of Cordue (1993a, b). This 
needs to be examined. 

3. The Information Indices are sensitive to the specifications of the true model 
and are not comparable among management related quantities. 

4. The MIAEL estimates are sensitive to the specifications of the true model. 
Although the MIAEL estimates are "optimal" for the scenario for which they 
are derived, this is not the case for other (plausible) scenarios. In some of the 
latter, other estimators outperform the MIAEL method. The relative 
performances of alternative estimation methods are particularly sensitive to 
assumptions regarding the "priors" for the quantities of interest to 
management. Unless the issue of appropriate "priors" can be resolved, it will 
be impossible to address the problem of selecting the best estimation method. 

5. The estimates provided by the MIAEL method are not self-consistent. This 
could lead to difficulties in selecting an appropriate TACC. 

6.  The minimum and maximum possible values for the management related 
quantities are particularly sensitive to the assumptions of the model used to 
evaluate them. If the values are based on a model which assumes that 
recruitment is stochastic, then the maximum risk is almost unity for all harvest 
strategies. 



1. INTRODUCTION 

Cordue (1993a, b) defined the MIAEL (Minimum Integrated Average Expected Loss) 
estimation method and used it to estimate biomass and fishery indicators for New 
Zealand's western stock of hoki Cordue (1993b). MIAEL estimation involves 
selecting the best estimator from a prespecified class, for each quantity of interest to 
management. The selection takes account of the definition of best ( e g ,  minimum 
MSE), and of the quality and quantity of the data (Cordue 1993b). One of the 
byproducts of the method is the Information Index which measures the information 
content of the data for each management related quantity. The method is described in 
detail by Cordue (1993a, b). Appendix I gives the technical details of the method used 
to select the best estimator in this paper. 

Comparison of the performance of fisheries estimation procedures by Monte Carlo 
simulation is by no means unusual ( e g ,  Uhler 1979, Mohn 1980, de la Mare & 
Cooke 1983, de la Mare 1984, 1986, Ludwig & Walters 1985, Pope & Shepherd 
1985, Punt 1988, 1989, Ludwig et al. 1988, Polacheck et al. 1993). However, the 
selection of the best method within a class of estimators is novel in fisheries and, to 
the best of our knowledge, has never been attempted before. One of the reasons for 
this is that the definition of best which is usually applied in Monte Carlo performance 
studies is that the estimator should perform adequately in all plausible situations, 
making the selection of the best estimator computationally impossible. Cordue 
(1993a, b) defined best in terms of a single true model of the resource (see Appendix 
I) rather than in terms of a wide range of true models, so that it is computationally 
possible to select a best method. 

During the 1993 Hoki Working Group meetings, the University of Washington (UW) 
team expressed a number of reservations about the use of the MIAEL methodology 
for the western stock of hoki, but in the time available it was impossible to determine 
whether these reservations were of qualitative importance. This paper assesses 
whether the reservations raised by the UW team, as well as some additional concerns, 
are important to the stock assessment and decision analysis for hoki. 

Unless stated otherwise, in all the calculations reported in this paper the structure of 
the estimator is taken to be identical to that used by Cordue (1993b). The parameter 
values and assumptions used by Cordue (1993b) are listed in Tables 1 and 2, the catch 
data in Table 3, and the indices of relative abundance and their CVs in Table 4. 

2. NOMENCLATURE 

A number of terms are used throughout this document. These are defined here to ease 
reading. 

a) The true model is the populations dynamics equations and parameter 
values used when generating the 100 artificial data for each value of $ 
(see Appendix I, step 5). 

b) The base case specifications are a combination of the population 
dynamics equations and parameter values used by Cordue (1993b) in 



his base case analysis; these parameter values are given in Tables 1 to 
4. 
The base case results are the results of analyses which are based on 
the base case specifications. 
If the values of the parameters a and b (see Equations 1.3 and 1.4) have 
been selected to minimise the IAEL for a particular true model, then 
the estimates obtained using those values of a and b are said to be 
tuned to that true model. 
The base case estimator is the MIAEL estimator tuned to the base 
case specifications. 
The best estimator for a management quantity is one which minimizes 
the selected measure of difference between the estimates and the true 
values for that management quantity. 
The least squares estimate (LSE) of a management quantity is 
obtained from the estimate of Bo calculated by minimizing the value of 

s(&) (see page 5 of Cordue (1993a)). 
The true range for a quantity is the maximum and minimum values 
the true model can predict for it across the range of B0s considered (the 

extreme values usually occur at the largest value of bo considered (3 

000 000 t) and the lowest value of Bo consistent with the catch 
history). 

3. THE BASE CASE RESULTS 

Table 5 lists the base case results of this paper as well as the corresponding quantities 
obtained by Cordue (1993b). For each of the 13 management related quantities, the 
values of the parameters a and b (see Appendix I, Equations 1.3 and 1.4), the least 
squares estimate (LSE), the MIAEL estimate, and the Information Index associated 
with the MIAEL estimate, are given. 

For &o, the estimates of a and b and the value of the Information Index obtained in 
this study and by Cordue (1993b) are identical (rounding errors aside). There is a 
slight difference in the LSEs for Eo, the reason for which needs to be examined. The 
results for most other quantities differ by no more than a few percent, probably 
because of the differences between the two LSEs for Bo. However, the discrepancies 
between the MIAEL estimates obtained in this study and by Cordue (1993b) for 
h19g8 I BMy and for Elgg8 I Bo seem to be too large to attribute solely to the differences 

in the LSEs for Bo. This merits further investigation. 

Although there are some discrepancies between the base case results of this paper and 
those of Cordue (1993b), they are sufficiently small that the qualitative conclusions of 
this paper still stand. 

Table 6 provides Root Integrated Average Expected Losses (RIAELs - defined as the 
square roots of the IAELs) and Information Indices for four estimation methods in 
addition to one which uses no data (see Appendix I, step 8). In this instance, a model 



based on the base case specifications was used to generate the artificial data sets. The 
four methods are: 

a) the MIAEL method; 
b) the least squares estimates; 
c) the deterministic Bayesian method of Pikitch et al. (1993), using priors on the 

catchability coefficients which are uniform on a log scale and a prior for jo 
which is uniform from 0 to 3 000 000 t; and 

d) the Bayesian method of Punt et al. (1993), using priors on the catchability 
coefficients for the CPUE and trawl survey indices which are uniform on a log 
scale, a prior on the acoustic catchability coefficient which is lognormal with 
the correct median (1) and a CV of 0.715, and a prior for B0 which is uniform 
from 0 to 3 000 000 t. When implementing this method, 10 000 stochastic 
projections are performed - the results of Punt et al. (1993) are based on five 
times this number - the differences in results would be slight if the number of 
projections was increased from 10 000 to 50 000. 

For most of the 13 quantities, the LSE method and the two Bayesian methods have 
Information Indices which are negative. This suggests that they perform worse than a 
method which ignores the data altogether but is aware of the definition of the best 
estimator. The MIAEL estimators have the lowest RIAELs and hence the highest 
Information Indices. This is to be expected as the values for the parameters a and b 
have been selected to minimiszthe IAELs for each management quantity. 

The RIAELs for jo and B;&, I jo for all but the LSE method are similar to the 
estimated expected relative error for the estimate of the ratio of the current to the 
virgin biomass for the stock of Cape hake off northern Namibia (Punt & Butterworth 
1993). This hake resource has been managed for over 10 years using estimates with 
RIAELs 10-30% so it would seem that this level of error is acceptable for 
management purposes. The high RIAELs for qgg3 (an average error of over 40%) 
hardly come as a surprise given the results of other simulation exercises (e.g., see Punt 
& Butterworth 1993) which suggest that estimating this quantity well is extremely 
difficult. 

The wide range of magnitudes of the RIAELs (and hence predictive ability) for B,,, - 
Blgg3, and BZ, I j0 for each estimator is not reflected in the Information Indices, 
which are of similar magnitude. This is because the no data method also has a large 
RIAEL for jlgg3 and the Information Index is based on the ratio of the IAELs. This 
suggests that the Information Index is unable to provide a measure of predictive 
ability which is comparable among estimated quantities, even though the 1993 Hoki 
Working Group discussed the Information Indices obtained by Cordue (1993b) as if 
they were comparable. [Note: this point was acknowledged by the Hoki Working 
Group during its 1994 meetings.] 

Table 6 also gives the ratios of the RIAELs for the 10 quantities related to risk (5 for 
each harvest policy) to their Table 5 MIAEL estimates. These ratios can be interpreted 
(approximately) as average relative errors. For the MIAEL estimators, the two risks 
have an expected error of over 50% and this is reflected by low Information Indices. 



However, the RIAELs for the status quo strategy are small (less than 0.05) so the low 
Information Indices for this quantity hardly seem to be a major concern. The ratio of 
the RIAELs for P(& > B,,,) to the MIAEL estimates differ markedly between the 
two catch strategies (for the status quo strategy, this ratio is 11.2% whereas for the 
increased TACC strategy, it is 34.7%). Similar, but not as extreme, behaviour is 
evident for I BMSu and iilg9, I bo. 

The stochastic Bayesian method achieves lower RIAELs than the deterministic 
Bayesian method for 10 of the 13 performance indices. However, the improvement in 
estimation ability achieved by moving from the deterministic to the stochastic 
Bayesian method exceeds 10% for only one statistic (B;& IBo). Both Bayesian 
methods outperform the LSE method on the bulk of the performance indices. Note 
that the stochastic Bayesian method is at a disadvantage in these trials because it takes 
account of randomly fluctuating recruitment when the true situation involves 
deterministic recruitment. The deterministic Bayesian and MIAEL methods are based 
on the same specifications as the true model. Hence, these methods cannot predict 
values for the performance indices which are greater than Q; or less than Q:,. On 
the other hand, the stochastic Bayesian method is not based on the same specifications 
as the true model, being based instead on a model which allows recruitment to be 
stochastic throughout the time period considered. This method can therefore produce 
values for the performance indices which are greater than Q;, or less than Q;, which 
in turn can lead to higher IEALs. This is probably why the stochastic Bayesian 
method performs poorly at estimating the fishery risk for the status quo strategy - the 
true range for this quantity is 0 to 0.16 whereas the stochastic Bayesian method can 
select any value between 0 and 0.92. 

4. SENSITIVITY TO PARAMETERS ASSUMED KNOWN 

One of the concerns expressed by the UW team is that the base case estimator makes a 
number of assumptions which are unlikely to be correct. In particular, it is assumed 
that the form of the model is correct, and that the values of several of the model 
parameters are known exactly. If the base case estimator were robust to these 
assumptions, the RIAELs I Information Indices for the base case estimator should not 
differ markedly from those for estimators tuned to alternative true models. 

To examine whether the results are robust to these assumptions, RIAELs and 
Information Indices were calculated for the values of a and b in Table 5 (i.e., the base 
case estimator) for seven scenarios in which the true model differs from that used 
when performing the base case calculations. The seven alternative true models are all 
slight variants of the base case true model. 

a) M m  =0.35~r-'; M f  =0.3~r-', 
b) M m  = 0.25yr-'; M f  = 0.2yr-', 
c) or = 0.36 (0.36 is the lower 2.5%ile of the prior distribution for or 

used by Punt et al. (1993)), 
d) or = 1.09 (1.09 is the upper 2.5%ile of the prior distribution for or 

used by Punt et al. (1993)), 



e) steepness (h) = 0.5, 
f )  steepness (h) = 0.95, and 

g) historic recruitment residuals ( E ~ )  are stochastic (see appendix I of 

Punt et al. (1993) for details). 

For scenario (g), the number of values of Bo considered (see Appendix I, step 2) is 

smaller than is the case in the other scenarios, and the number of simulations per Bo 
(see Appendix I step 5.) is only 20, to keep computational demands within reasonable 
limits. 

A A 

When performing these calculations, Qi, and Q,, in Equations (1.5) and (1.6) are 
replaced by QL, and QL so that the no data method is based on the true ranges for 
the performance indices rather than on the ranges for one of the estimators. This is 
because, while the values of &, and &, depend on the form of the model used in 

the estimator, QL, and Q:, depend only on the true model. 

For each true model considered, Table 7 presents the RIAELs and Information Indices 
for the base case values for a and b for the 13 quantities (Inf* and RIAEL in Table 7). 
It also gives MIAEL estimates and Information Indices for estimators tuned to the true 
model. The RIAELs for the LSE estimator and the deterministic Bayesian estimator 
are also given for each management quantity. Results are not presented for the 
stochastic Bayesian method in Tables 7 and 8 due to the computational demands 
associated with testing this method. 

As expected, the Information Indices for the MIAEL estimators tuned to a scenario 
(Inf in Table 7) are higher than the Information Indices for the base case (Table 5) 
values for a and b (Inf* in Table 7). Some of the values of Inf in Table 7 are negative. 
This is because the true ranges of some of the management related quantities (Q:~, to 
Q : ~ )  differ markedly from those assumed by the estimator (G~, to Q,): this is 
particularly so for risk. The value of the Information Indices for the base case values 
of a and b are very sensitive to the definition of the true model. For example, the 
Information Index for B:&, 1 i0 ranges from -123 to 2 1.8 across the eight true models. 
The Information Indices for some, of the risk-related statistics are even more sensitive 
than this. 

The MIAEL estimates are sensitive to the choice of the true model. For example, the 
stock risk associated with the status quo strategy ranges from 0.058 to 0.157 (note that 
0.157 is the maximum that this risk can take according to the estimator). Had the 
MIAEL parameters a and b been based on a model with stochastic recruitment, the 
decision analysis results would have been much more pessimistic than those given in 
Cordue (1993b) (see Table 7(stochastic recruitment)). 

The Deterministic Bayesian and LSE methods sometimes outperform the MIAEL 
estimators of Table 5. This suggests that, for some management quantities and 
scenarios, the MIAEL estimators based on the base case values for a and b are not 
"optimal". 



The selection of the MIAEL estimators is based on the assumption that the true CVs 
are identical to those assumed when applying the estimator. To examine the 
sensitivity of the results to this assumption, the MIAEL estimates and the Information 
Indices were computed for situations in which the true CVs differed from those 
assumed by the estimator. In addition to results for the base case CVs listed in Table 
4, Table 8 presents results for CVs which are lo%, 50%, and 150% of these values. 

As expected, the Information Indices increase markedly as the CVs are reduced and 
vice versa. The Information Indices more than double when the CVs are reduced by 
half and decrease by slightly less than half when the CVs are increased by 50%. The 
Information Indices for stock risk, fishery risk, and ~ ( i i ] ~ ~ ~  I BMsy) for the status quo 
strategy are most sensitive to decreases in the CVs, increasing from 0.1, 3.3, and 4.7 
to 33.4, 70.9, and 82.4 respectively as the CVs are reduced to 10% of their base case 
values. These results suggest that the Information Indices are not robust to the CVs 
assumed. 

The MIAEL estimates exhibit trends as the CVs are varied. As the true CV is 
increased, the estimates of &, &,,,, and B:& 1 Bo, increase. Surprisingly, there is 

also an increasing trend in risk, and a decreasing trend in P(&,,, 1 Bmy) as the CVs 

are increased. The MIAEL estimates of Blw8 1 BMsy and &998 I Bo for the status quo 
strategy increase as the CVs are increased. This is surprising because the other three 
risk related performance indices are less optimistic as the CVs are increased. The 
results for the increased TACC strategy are more consistent, with all the risk-related 
statistics becoming more optimistic. Thus, the stock assessment and decision analysis 
results are sensitive to the true CVs. 

5. CONSISTENCY BETWEEN DIFFERENT ESTIMATES 

The UW team noted that the method of Cordue (1993a. b) could lead to 
inconsistencies among the various estimates because different estimators are used for 
each management quantity. For example, although the stock risk is calculated from 
the estimate of Bo, the MIAEL methodology is such that the MIAEL estimate of stock 

risk and that of $ could be incompatible. To examine whether this is so, four 

management quantities ($, B1,,,, and the stock risks for the status quo and increased 

TACC strategies) were selected. The values of Bo which correspond to the base case 
MIAEL estimates for these quantities were then determined and the estimates of the 
other quantities which correspond to these $s computed. If the MIAEL estimates are 
consistent, the value of the performance index should not depend on which of the four 
management quantities are used to calculate it. 

Estimated risk is subject to some Monte Carlo variability. This means that the 
estimates of risk and Bo do not have a one-one relationship. In order to overcome this 

problem, a model (Bo = a+ PQY) was fitted for each quantity Q (assuming a normal 

error structure) and the value of ho predicted for each of the four quantities. The 
predicted Sos should be fairly accurate, as the r 2 s  for the relationships are all larger 



than 0.99. However, these relationships are not exact. When a quantity, say B,,,,, is 

used to predict Bo, the value of B,,, predicted from that $ differs very slightly (the 
maximum difference for any of the four quantities is only 2.7%) from the actual value 
in Table 5. 

The estimates of the management related quantities are inconsistent (see Table 9). For 
example, when the MIAEL estimate of go is used to predict the management 
quantities, risk is (almost) zero for both strategies. On the other hand, using the 
estimate of the stock risk for the status quo strategy to predict the management 
quantities leads to a much more pessimistic assessment, with a stock risk for the 
increased TACC strategy of some 40.8% (the base case MIAEL estimate for this 
quantity is only 27.8%). As the risk-related quantities are less optimistic for low $ 
and vice versa, the results conditioned on the MIAEL estimates of a,,, and stock risk 
for the increased TACC strategy are intermediate between those conditioned on the 
MIAEL estimates of Bo and the stock risk for the status quo strategy. 

The qualitative behaviour evident in Table 9 is not surprising: some inconsistency is 
to be expected. However, the quantitative differences in the estimates are staggering - 
totally different interpretations result from the four different sets of results. Note that 
the LSE and the two Bayesian methods are by design totally self-consistent, because 
only one estimator is used for all management related quantities. 

6. INCORPORATION OF ALTERNATIVE PRIOR DISTRIBUTIONS 

The UW team noted that the MIAEL estimation method implicitly assumed a uniform 
"prior" distribution across the range of each management quantity when calculating a 
and b (see Appendix I, step 7b). They argued that the MIAEL estimates would be 
sensitive to the selection of a "prior" distribution. To examine this issue, the approach 
in Appendix I was altered slightly so that the means for each segment (see Appendix 
I, Step 7b) were weighted and then added together (Appendix I corresponds to 
selecting equal weights of 0.05). The sensitivity to two alternative "priors" is 
examined. These priors have been constructed by placing a prior on Bo and then 
calculating the priors on the other management quantities which correspond to this 
prior. The two priors are: 

a) a uniform prior on Bo ; and 

b) a prior on ho equal to the posterior for this quantity obtained from the 
base case stochastic Bayesian estimator of Punt et al. (1993). 

To calculate the 20 weights for each quantity, the results of the fits of the 
Bo = a + PQY model were used to calculate the bounds, in $ terms, of each of the 20 
(equal) segments for each management quantity. Even though the sizes of the 
segments are equal in terms of the quantities themselves, when transformed into B0s 

they can be of different sizes because Bo is not linearly related to most of the 
quantities. In case (a) above, the weight given to each segment is proportional to the 



fraction of the go space covered by that segment, whereas in case (b) the weight also 
depends on the fraction of the posterior obtained by Punt et al. (1993) which falls 
within the go range covered by the segment. 

Table 10 contains RIAELs for MIAEL estimators based on the Table 5 values of a 
and b for the base case "priors", and for cases (a) and (b) above. Results for these 
three cases are also presented for the LSE estimator, the two Bayesian estimators, and 
for MIAEL estimators calculated taking the various "priors" into account. 

The results in Table 10 for cases (a) and (b) give a qualitatively different impression 
of the relative performances of the four methods than do the results for the base case. 
The most important change is the performance of the base case MIAEL method (i.e., 
using the values of a and b from Table 5). This method is outperformed by the 
deterministic Bayesian method for 11 of the 13 performance indices for case (a) and 
for 7 of the 13 for case (b). It performs slightly better relative to the stochastic 
Bayesian method. However, it is still outperformed for 9 of the 13 performance 
indices for case (a) and 8 for case (b). This would suggest that the relative 
performance of different estimators depends on the "priors" for the performance 
indices. 

The performance of the MIAEL estimators tuned to cases (a) and (b) is, as expected, 
better than that of the base case MIAEL estimators. However, even these estimators 
are outperformed by the two Bayesian methods for over half of the performance 
indices. 

7. SENSITIVITY OF MAXIMA AND MIMIMA TO MODEL ASSUMPTIONS 

Table 11 lists the maximum and minimum values for B",,,,, the stock risk for the 
status quo strategy, and the stock risk for the increased TACC strategy for the base 
case model and for the seven other true models considered in this analysis (see 
Section 4). As might have been expected, the maximum stock risks are very sensitive 
to the specifications of the true model. The stock risk for the status quo strategy 
ranges from 0.02 to 0.92 and the stock risk for the increased TACC strategy ranges 
from 0.19 to 0.95. The range for the minimum and maximum values for are 
relatively much narrower than for stock risk (although the minimum and maximum 
values for B",,,, are quite sensitive to whether recruitment is assumed to be stochastic 
or not). 

Cordue (1993b) provided minima and maxima as indications of the possible ranges 
for the estimates of some quantities. However, the results in Table 11 suggest that if 
recruitment is allowed to be stochastic, the conclusion is that "anything is possible". 
This implies that the maxima and minima of quantities of interest do not provide 
much information for decision makers. 



8. DISCUSSION 

The MIAEL method is based on the premise that it is possible to select an "optimal" 
estimator. However, to do this certain assumptions have to be made and these may 
(and often do) turn out to be invalid. If the "optimal" turns out to be robust to this 
problem (i.e., almost "optimal" in most cases or "Minmax" "optimal"), this is not a 
problem. Otherwise, an estimator which is not "optimal" for any situation, but is 
insensitive (robust) to a wide range of uncertainties, should be used instead. For 
example, Punt & Butterworth (1989) and Cooke (1992) developed management 
procedures for baleen whale stocks which were not optimal for any of the many 
situations in which they may be used but were robust to a very wide range of 
uncertainties. Allison (1990) examined the performance of a whale management 
procedure which was designed to be almost optimal for one situation and found that it 
performed very poorly in many others. 

The MIAEL method is, by design, the "optimal" estimator for the base case true 
model. However, it is clear that the products of this method are not "optimal" for all 
situations. In some situations they perform more poorly than the deterministic and 
stochastic Bayesian methods. As it is impossible to specify the correct true model, it 
does not seem appropriate to refer to the MIAEL method as the "optimal" estimator 
although it is clearly an "optimal" estimator. Although the MIAEL estimators often 
outperform other estimators, there is insufficient evidence to conclude that the method 
is preferable to other approaches. 

It was impossible to test the stochastic Bayesian method extensively due to its 
computational demands. For the cases in which this method was evaluated, the 
alternative methods had the somewhat unrealistic advantage that they "knew" that 
recruitment was deterministic. The performance of the MIAEL method was very poor 
when recruitment was stochastic (Table 7(stochastic recruitment)). Unfortunately, it 
was computationally impossible to determine whether the stochastic Bayesian method 
outperforms the MIAEL method markedly for this scenario. 

The factor which led to the largest changes in the relative performances of the various 
estimators considered was the choice of a "prior" distribution for the performance 
indices. Choosing uniform priors for these quantities separately leads to the MIAEL 
estimators performing best, whereas the choice of a uniform prior on $ or a prior on 
this quantity which is equal to the posterior for Bo obtained by Punt et al. (1993) leads 
to Bayesian methods performing best. There was substantial disagreement at the 1993 
Hoki Working Group when the issue of selecting an appropriate "prior" for Bo for 
testing alternative estimation approaches was discussed. Unless this problem can be 
satisfactorily resolved, the problem of selecting a best estimator cannot be addressed. 

The Information Indices are designed to measure the information content of the data 
for each management related quantity. Unfortunately, the value of this statistic is very 
sensitive to the values of the model parameters and is not comparable amongst 
different performance indices. 

This study has demonstrated that the MIAEL estimates obtained by Cordue (1993b) 
are not self-consistent. If managers are to make rational decisions regarding 
appropriate TACCs, then it would seem sensible that the estimates provided to them 



are self-consistent. There would not be a problem if an estimate for a single parameter 
only was presented to the decision makers. Unfortunately, this is not the case for hoki 
because the decision makers have indicated an interest in several parameters. To 
overcome this problem, it would seem appropriate to consider a variant of the MIAEL 
approach in which the estimates are self-consistent. 

MIAEL estimators perform poorly because the maximum and minimum risks are 
sensitive to assumptions regarding the values of the model parameters and whether 
historic recruitment is assumed to be stochastic. The premise that maximum and 
minimum values should be presented if Information Indices are low does not appear 
to be appropriate, because these maxima and minima are very sensitive to the 
selection of values for model parameters. 
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Table 1 : The values of the model parameters used in the assessments of the 
western stock of hoki (source, Sullivan & Cordue 1994) 

Steepness, h 
Fraction spawning, p (%) 

L, (cm) 
K (yr-9 
to  (Y') 

el (gm cm-3) 

e2 

or 
plus-group, m (yr) 

max catch I biomass, cp 
1986 year-class strength 
1987 year-class strength 

Male 
0.3 
0.75 
NI A 
102.8 
0.199 
-1.01 
0.006 
2.85 
0.65 
20 
0.8 
0.45 
3.55 

Female 
0.25 
0.75 
70 
112 

0.172 
-1.13 
0.006 
2.85 
0.65 
20 
0.8 
0.45 
3.55 

Table 2 : Estimates of vulnerability- and maturity-at-age used in the assessments 
of the western stock of hoki (source, Sullivan & Cordue 1994). Note 
that the fraction of the population which actually spawns in any year is 
assumed to be less than the total number of mature animals (see Table 
1) 

Age 
1 
2 
3 
4 
5 

6+ 

Relative maturity 
Females 

0 
0 
0 

0.0714 
0.4290 

1 

Vulnerability 
Males Females 

0 0 
0 0 

0.0714 0 
0.4290 0.07 14 

1 0.4290 
1 1 



broken down into that taken before the spawning season and that taken 
during the spawning season. The estimates of the proportion of the 
spawner biomass outside the 25 nautical mile fishing boundary are also 
given (source, Sullivan & Cordue 1994). Units are '000 tonnes 

Year 
197 1 
1972 
1973 
1974 
1975 
1976 
1977 
1978 
1979 
1980 
1981 
1982 
1983 
1984 
1985 
1986 
1987 
1988 
1989 
1990 
1991 
1992 

Catch 
(pre-spawning) 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
5 
8 
12 

- 

* assumed 

Catch 

- 

- 

L 

(spawning) 
0 
5 
5 
10 
10 
30 
60 
5 
18 
20 
25 
25 
30 
40 
40 
82 
158 
240 
192 
175 
1 64 

Proportion outside 
the 25 mile fishing 

boundary 
0.57" 



Table 4 : Indices of relative abundance and their associated (assumed) CVs used 
in the assessments of the western stock of hoki. The trawl survey 
indices were obtained using the data for all fish larger than 55 cm 
(source, Sullivan & Cordue 1994) 

Acoustic 1 CPUE 1 Trawl survey 

Table 5 : Comparison of the base case results with those of Cordue (1993b). 

Index 
- 

Biomass units are '000t 

Quantity 

ij, 
'1993 

~ $ 4  1'0 

Status quo 
Stock risk 

Fishery risk 
p(B199, > B ~ s r  

6 9 9 8  B M S ~  

'1998 I EO 

[ncreased TAC( 
Stock risk 

Fishery risk 
~('19% - > B~~~ ) 

B1998 I B M S ~  

'1998 I ' 0  

CV 
- 

er - 
LSE 

- 
1 143 

681.1 

0.829 

0.042 
0.000 
0.852 
1 S56 

0.403 

0.348 
0.298 
0.4 16 
1 .O55 

0.273 - 

Inf 
("/.I - 
18 
- 

- 

2 
0 
3 
23 

23 

5 
2 
5 
20 

20 - 

Index 
1.335 

Cordue ( 1  

-- 

- 

93b) - 
LSE 

- 
1 160 

- 

- 

- 
0.06 
0.00 

- 
- 
- 

0.3 1 
0.24 

- 
- 
- - 

CV 
0.35 

Index 
- 

CV 
- 



I Table 6 : RIAELs and Information indices (Inf) for five estimation methods. The 
true model incorporates the base case specifications. The ratio of the 
RIAEL to the MIAEL estimates in Table 5 expressed as percentages 
are given in parenthesis for MIAEL method 

Status quo 
Stock risk 

Fishery risk 

Increased TACC 
Stock risk 

Fishery risk 

Inf 
LSE 

Inf 

Deterministi 

Bal 
UAEI 

sian 
Inf 

Stochastic 
;ian - 

Inf - 
4.7 

-21.6 

2.1 

-82.0 

6493.: 

-68.2 

14.9 

15.0 

- 196.0 

-238.0 

-180.2 

-69.6 

-69.7 

- 
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Table 7 : Results for a number of alternative true models. For each true model, a 
MIAEL estimate and its Information Index (columns estimate and Inf) 
are given for each quantity. These values are based on estimators tuned 
to the true model. In addition, the Information Indices and the RIAELs 
associated with the base case values for a and b are given (columns 
Inf* and RIAEL). Finally, the RIAELs for the LSE and the 
deterministic Bayesian methods are given. The Information Indices in 
this table are based on the true ranges for the quantities rather than the 
ranges assumed by the estimators (see text for details). Biomass units 
are '000t 

Quantity - 
Bo - 

4 9 9 3  

~ P 9 + 9 4 /  BO 
Status quo 
Stock risk 

Fishery risk 

~ ( ~ 1 9 9 8  > BMSY) 

& 998 BMSY - 
B1998 1 2 0  

Increased TACC 
Stock risk 

Fishery risk 
'('1998 > B ~ ~ ~ )  

4 9 9 8  B~~~ 
4 9 9 8  1 Bo 

Estimate 
1 464 

1 090 

1.133 

0.058 
0.007 
0.960 
2.392 

0.62 1 

0.292 
0.282 
0.769 
1.994 

0.517 

MI 
Inf 
11.4 

11.6 

12.8 

-847 1 
0.0 
1.7 
13.2 

13.1 

-627.2 
-635.4 

3.9 
12.6 

12.6 

LSE 
RIAEL 
0.483 

0.692 

0.191 

0.068 
0.005 
0.138 
0.728 

0.188 

0.212 
0.222 
0.293 
0.847 

0.219 

)eterrninistic 
Bayesian 



(Table 7 Continued) 

Status quo 
Stock risk 

Fishery risk 
'('1998 > B ~ . S ~ )  

Increased TACC 
Stock risk 

Fishery risk 
'('1998 > B ~ ~ ~ )  

'1998 B~~~ 

Estimate 
1 575 

862.5 

0.780 

0.157 
0.014 
0.845 
1.959 

0.508 

0.458 
0.41 1 
0.56 1 
1.647 

0.427 

M 
Inf 

22.2 

24.1 

23.5 

-37.1 
-1 11.4 
-59.1 
13.9 

14.0 

9.6 
6.9 
-0.5 
13.7 

16.5 

EL 
Inf* 
17.1 

22.7 

-65.3 

-130.5 
-163.2 
-69.1 
11.1 

11.2 

-35.7 
-24.5 
-2.2 
12.8 

15.6 

LSE 
Ieterministi~ 

Bayesian 



(Table 7 Continued) 

Quantity - 
Bo 

$993 

B P A 4  1 ' 0  

Status quo 
Stock risk 

Fishery risk 

'('1998 > B ~ . W )  

6 9 9 8  B M S ~  

8 9 9 8  '0 

Increased TACC 
Stock risk 

Fishery risk 
'('1998 > B ~ ~ ~ )  

4 9 9 8  B M S ~  

'1998 &I 

Estimate 
1 480 

934.2 

0.93 1 

0.078 
0.007 
0.935 
2.077 

0.537 

0.269 
0.274 
0.593 
1.708 

0.442 

LSE 
RIAEL 
0.4 18 

0.701 

0.207 

0.102 
0.007 
0.183 
0.739 

0.191 

0.246 
0.265 
0.352 
0.855 

0.22 1 

Determinist 
Bayesian 



I 

(Table 7 Continued) 

Status quo 1 Stock risk 
Fishery risk 

'('1 998 > 'MSY ) 

'1998 B~~~ 

&998 1 go 

Increased TACC 
Stock risk 

Fishery risk 
p(B1998 > BMSY ) 

8,998 1 BMSY 

4 9 9 8  1 g o  

Estimate 
1 480 

934.2 

0.932 

0.157 
0.014 
0.838 
2.083 

0.539 

0.346 
0.338 
0.584 
1.758 

0.454 

MI 
Inf 
18.2 

19.3 

21.8 

-5.9 
-173.2 
-3 1.9 
20.9 

20.9 

10.6 
7.7 
11.4 
19.0 

18.9 

EL 
Inf * 
18.2 

19.3 

21.8 

-95.8 
-217.4 
-32.0 
20.9 

20.9 

-0.3 
-2.1 
11.1 
18.8 

18.8 

LSE 
Ieterministi 

Bayesian 

RIAEL 
0.295 

0.553 

0.186 

0.200 
0.084 
0.254 
0.59 1 

0.153 

0.341 
0.367 
0.392 
0.827 

0.214 



(Table 7 Continued) 

teepness = 0.5 

Quantity - 
Bo 

Status quo 
Stock risk 

Fishery risk 
'( 6 998 > B~~~ ) 

&99s BMSY 
'1998' '0 

Increased TACC 
Stock risk 

Fishery risk 
'('1998 > B~~~ ) - 

BFNS 1 BMSY 

B,99* /  Bo 

Estimate 
1506 

908.3 

0.872 

0.157 
0.014 
0.840 
2.029 

0.526 

0.433 
0.42 1 
0.588 
1.701 

0.44 1 

Inf 
18.8 

19.7 

22.7 

-28.4 
-107.5 
-70.1 
8.4 

8.4 

8.2 
6.3 
-8.7 
11.9 

12.0 

LSE 
>eterministi~ 

Bayesian 

RIAEL 
0.28 1 

0.572 

0.24 1 

0.25 1 
0.055 
0.341 
0.797 

0.206 

0.442 
0.465 
0.510 
1 .O27 

0.266 



(Table 7 Continued) 

iteepness = 0.95 

Status quo 
Stock risk 

Fishery risk 
p(&m > BMSY 

'1998 B~~~ 

4 9 9 8  '0 

Increased TACC 
Stock risk 

Fishery risk 
~ ( ~ 1 9 9 8  > BMSY 1 - 

B1998 B~~~ 

6 9 9 8  1 i o  

Estimate 
1 477 

955.4 

0.966 

0.074 
0.007 
0.91 1 
2.229 

0.578 

0.273 
0.275 
0.664 
1.828 

0.473 

MI 
Inf 
17.3 

18.3 

20.5 

-655.1 
-2417 

3.9 
20.1 

20.1 

-47.8 
-66.5 
7.6 
18.5 

18.5 

EL 
Inf* 
17.3 

18.2 

17.4 

-655.2 
-2433 
-191.9 
14.9 

14.9 

-5 1.5 
-66.8 
-5.5 
16.5 

16.5 

- 

LSE 
RIAEL 
0.424 

0.697 

0.199 

0.082 
0.008 
0.158 
0.732 

0.190 

0.233 
0.253 
0.318 
0.845 

0.219 

22 

leterrninisti~ 
Bayesian 



(Table 7 Continued) 

Stochastic recruitment 

Quantity 

' 0  - 
4 9 9 3  

~P9'94 1 ' 0  

Status quo 
Stock risk 

Fishery risk 
f'(&998 > BMSY 

'1998 B h 4 ~ ~  

a 9 9 8  ' 0  

Increased TACC 
Stock risk 

Fishery risk 
~ ( & 9 9 8  > BMSY ) 

'1998 B~~~ 

' 1  998 ' 0  

Estimate 
1 263 

760.9 

0.798 

0.157 
0.014 
0.839 
2.782 

0.715 

0.52 1 
0.539 
0.600 
2.61 1 

0.676 

MI 
Inf 
14.7 

LSE 
RIAEL 
0.561 

0.77 1 

0.298 

0.477 
0.467 
0.443 
2.043 

0.529 

0.395 
0.42 1 
0.4 16 
2.083 

0.540 

23 

Deterministi 
Bayesian 

RIAEL 
0.457 

0.701 

0.336 

0.52 1 
0.472 
0.52 1 
1.990 

0.515 

0.538 
0.578 
0.536 
1.857 

0.48 1 
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Table 8 : MIAEL estimates and Information Indices for 13 management related 
quantities for four alternative percentages of the CVs in Table 4 

Quantity - 
Bo 

a 9 9 3  

~ P 9 + 9 4 /  i o  

Status quo 
Stock risk 

Fishery risk 
p(B199,  > BMSY 1 

'1998 B~~~ 

6 9 9 8  '0 

Increased TACC 
Stock risk 

Fishery risk 

~('1998 > B~~~ 1 
&I998 B~~~ 

&I998 "0 

1 ' - 
Inf - 

93.3 

94.7 

97.1 

33.4 
70.9 
82.4 
96.8 

96.3 

83.0 
88.5 
91.0 
96.3 

96.3 

51 - 
Inf - 

46.9 

50.8 

56.7 

3.6 
9.5 
16.4 
55.5 

55.3 

16.1 
22.5 
27.6 
51.5 

5 1.5 

15 - 
Inf - 
9.9 

7.5 

11.7 

0.0 
2.2 
2.5 
11.4 

11.3 

3.1 
3.7 
4.1 
10.2 

10.2 



Table 9 : Values of the 13 management related quantities corresponding to fixed 
values for 4 of the management related quantities. "Stock riskl" is the 
stock risk for the status quo strategy and "Stock risk2" is the stock risk 
for the increased TACC- strategy.- The values fixed are given in bold 

Quantity 

ho - 
4 9 9 3  

~ $ 4  1 ho 

Status quo 
Stock risk 

Fishery risk 

'('1998 > ' M S Y )  

~ 1 9 9 8  1 B ~ s r  

4 998 ~ 0  

Increased 
TACC 

Stock risk 
Fishery risk 

'('1998 > ' M S Y )  

~ 1 9 9 8  B~~~ 

Results co 

3,993 

1 334 

934.6 

0.957 

0.000 
0.000 
0.996 
2.02 1 

0.523 

0.049 
0.008 
0.828 
1.552 

0.402 

litioned on 
Stock riskl 

1 116 

644.2 

0.806 

0.072 
0.00 1 
0.794 
1.467 

0.380 

0.408 
0.378 
0.3 62 
0.989 

0.256 
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Table 10 : RIAELs for the 13 management quantities for three different "prior" 
distributions and for 4 alternative estimation approaches. The results 
indicated by an asterisk are for MIAEL estimators which are tuned to 
achieve the minimum IAEL for the case concerned. Case (a) involves 
assuming a uniform prior on Bo and case (b) the posterior distribution 
obtained by Punt et al. (1993) for $ 

Quantity 

'0 

4 9 9 3  

B A - 2  B O  

Status quo 
Stock risk 

Fishery risk 
'('1998 > BMSY 1 - 

B1998 I B~~~ 

' 1  998 '0 

Increased TACC 
Stock risk 

Fishery risk 
'('1998 > B~~~ ) - 

B1998 I B~~~ 
4 9 9 8  1'0 

MIAEL 
Base I Case I Case I Case I Case 
case (a) (b) (a)* (b)* 

0.265 0.265 0.233 0.265 0.227 

- 

LSE 
Base 1 Case 1 case  



(Table 10 Continued) 

Quantity - 
Bo - 

B1993 

'0  

Status quo 
Stock risk 

Fishery risk 
~ ( 4 9 9 8  > BrnY ) 

'1998 B h 4 ~ ~  

'1998 '0 

Increased TACC 
Stock risk 

Fishery risk 
~ ( 4 9 9 8  > BMSY) 

'1998 I B~~~ 

- - -  

Deterministic 

- 
Base 
case - 
0.295 

0.553 

0.187 

0.075 
0.008 
0.156 
0.598 

0.154 

0.289 
0.302 
3.393 
3.866 

3.224 - 

layesii 
Case 
(a) - 

0.295 

0.549 

0.138 

0.020 
0.001 
0.048 
0.478 

0.124 

0.110 
0.101 
0.164 
0.646 

0.167 - 

- 
Case 
(b) - 

0.295 

0.539 

0.126 

0.014 
0.001 
0.036 
0.437 

0.113 

0.082 
0.070 
0.133 
0.659 

3.171 - 

- 
Base 
case - 
0.286 

0.505 

0.163 

0.062 
0.036 
0.125 
0.557 

0.144 

0.260 
0.286 
0.359 
0.877 

0.227 

Stochastic 
layesi, 
Case 
(a) - 

0.286 

0.500 

0.1 17 

0.032 
0.0 19 
0.049 
0.397 

0.103 

0.100 
0.096 
0.150 
0.658 

0.170 - 

- 
Case 
(b) - 

0.299 

0.512 

0.113 

0.030 
0.0 18 
0.041 
0.392 

0.102 

0.075 
0.067 
0.120 
0.695 

0.180 - 



28 

Table 11 : Minima and maxima for 3 of the 13 management related quantities for 
the 8 true models considered in this analysis. "Stock riskl" is the stock 
risk for the status quo strategy and "Stock risk2" is the stock risk for 
the increased TACC strategy 

True model I 
I Base case 

Steepness = 0.5 
Steepness = 0.95 

I Stochastic recruitment 

k 9 3  

582 

729 
489 

582 
582 

553 
605 

366 

3094 

3336 
2824 

3092 
3094 

3045 
3115 

4130 

Stock Risk' 

0 

0 
0 

0 
0 

0 
0 

0 

Stock ~ i s k '  

0.16 

0.02 
0.48 

0.02 
0.37 

0.46 
0.06 

0.92 

0 

0 
0 

0 
0 

0 
0 

0 

0.52 

0.19 
0.82 

0.40 
0.59 

0.79 
0.36 

0.95 



APPENDIX I : SELECTION OF THE BEST ESTIMATOR 

The following algorithm is used to estimate the parameters which define the best 
estimator. 

1. A set of values for the biological parameters of the population dynamics model 
are specified. These parameters define the true model. This model may differ 
from that underlying the estimator. 

2. Values of B0 from Bo mm . (1000 t) and Bo max (3 000 000 t) are selected. The 

actual values used are 1000 t up to 1 080 000 t in steps of 500 t, then up to 
1 300 000 t in steps of 2500 t, then up to 1 400 000 t in steps of 5000 t and 
finally up to 3 000 000 t in steps of 25 000 t. This particular selection was 
made so that more values are considered in the range of B0s where risk is non- 
zero for the two fixed-catch strategies examined by the 1993 Hoki Working 
Group. 

3. For each value of B0, the age- and sex-structured population dynamics model 
(see appendix I of Punt et al. 1993) is projected from 1970 to 1992. Unless 
stated otherwise, recruitment is taken to be deterministically related to the 
value predicted by the spawner biomass-recruitment relationship, except that 
the 1986 and 1987 year-class strengths are taken to be 0.45 and 3.55 times the 
value predicted by this relationship. If, during this projection, the fishing 
mortality (either on the Southern Plateau or off the west coast) rises above the 
critical level (see Equation 1.12 of Punt et al. 1993), the associated value of B~ 
is ignored. 

4. Five fishery indicators are calculated for each value of go for two future 
fixed-catch strategies (i.e. 140 000 t in all future years, and 140 000 t in 1993 
followed by 190,000t thereafter). The projection period is the next 5 years. 
The 1993 catch is split 40 000 t / 100 000 t between the Southern Plateau 
and the west coast. After 1993, 50 000 t is taken on the Southern Plateau and 
the balance off the west coast. When calculating these indicators, the sizes of 
age-classes 0 to 3 at the start of 1993 are assumed to be log-normally 
distributed about the deterministic values (with CV (0,) = 0.65). The biomass 
and fishery indicators are : 

- 
Bo - the virgin biomass in the middle of the spawning 

season. - 
4 993 - the biomass in the middle of the 1993 spawning 

season. 

~ % 9 4 /  20 - the 4+ biomass at the start of 1994 expressed as a 
fraction of the virgin biomass in the middle of the 
spawning season. 

Fishery risk - the probability that the catch in any year after 1993 is 
smaller than 80% of the TACC. 

Stock risk - the probability that iiI9,, < 0.2E0. 



P ( ' ~  > B y )  - the probability that the biomass in the middle of the 
1998 spawning season is greater than the midseason 
biomass at which MSY is achieved (taken throughout 
to be 0.259'~). 

'1998 B ~ s ~  - the ratio of the biomass in the middle of the 1998 
spawning season to the midseason biomass at which 
MSY is achieved. 

'1998 '0 - the depletion during 1998. 

The true range of values for each of the 13 fishery indicators across the range 
of values for go (QL,, Q:~) is determined. 

5. For each value for bo, 100 artificial data sets are generated by adding noise 
about the population trajectory (i.e., q = 1). Each artificial data set contains a 
point for a year and abundance index if the actual data set (see Table 4) 
contains a point for that year and index. The CVs assumed for the abundance 
indices are given in Table 4 unless specified otherwise. 

6. For each of the data sets generated, the least-squares estimates of E0 and the 
fishery indicators are obtained (the quantity minirnised is given by the 
equation at the top of page 5 of Cordue 1993a). In the calculations reported in 
this paper, estimates of go are determined to the nearest 1000 t. The maximum 

possible value for the least squares estimate of go is 3 000 000 t. The values 
for the model parameters are taken to those listed in Tables 1 and 2 even if the 
values for these parameters specified at step 1) above are different from those 
in Tables 1 and 2. 

7. For each of the 13 biomass and fishery indicators, the following steps are 
carried out to select the best estimators. 

a) Select a metric. For the quantities: $, a,,,, and B;&, I $, the true 
range excludes zero so a relative metric is used: 

Loss = 
(eT - Q)' 

(QTI2 
where QT is the true value of the quantity Q, and 

Q is an estimate of Q. 

For the other quantities, an absolute metric is used: 

Loss = (QT - Q ) ~  

The estimate of Q is obtained using a lumped normal distribution 
estimator, the form of which depends on the metric selected above 



A 

where Qmin is the lowest value of Q which can be predicted by the 
estimator (this value may differ from the lowest true 
value if the model underlying the estimator differs from 
the true model used to generate the data), 

A 

QIW is the maximum value of Q which can be predicted by 
the estimator, 

Q" is the least squares estimate of Q, 
a is the bias parameter, and 
b is the spread parameter. 

for an absolute metric, and 

for a relative metric. 

b) For each quantity, Q, the following steps are carried out for each value 
o f a a n d b  

i) The true range for Q (Q;,, Q:,) is divided into 20 segments. 

ii) The mean loss for each segment is calculated. 
iii) The means for each segment are averaged to obtain the 

Integrated Average Expected Loss (IAEL). 

The combination of a and b which corresponds to the lowest IAEL (the 
MIAEL) is then determined. [Computationally, this step involves applying a 
non-linear minimisation approach to estimate the values of a and b which 
minimise the IAEL.] 

8. The Integrated Average Expected Loss is calculated for the following 
estimator (the no data estimator): 

for an absolute metric, or 

A A A !n(~- 1 Q,,) 
Q'=Q,, Q,, - A A 

(Q,, - Q,, ) 

for a relative metric. 

One minus the ratio of the MIAEL to the IAEL calculated above provides the 
Information Index. 


