
New Zealand Fisheries 
Assessment Report 

2006/48 
November 2006 

ISSN 1175-1584 
 
 
 
 
Optimum design for catch-at-age sampling  
 
 
 
 
R. I. C. C. Francis 



Optimum design for catch-at-age sampling 

R. I. C. C. Francis 

NIWA 
Private Bag 14901 

Wellington 

New Zealand Fisheries Assessment Report 2006/48 
November 2006 



Published by Ministry of Fisheries 
Wellington 

2006 

ISSN 1175-1584 

© 
Ministry of Fisheries 

2006 

Citation: 
Francis, R.I.c.c. (2006). 

Optimum design for catch-at-age sampling. 
New Zealand Fisheries Assessment Report 2006148. 46 p. 

This series continues the informal 
New Zealand Fisheries Assessment Research Document series 

which ceased at the end of 1999. 



EXECUTIVE SUMMARY 

Francis, R.I.C.C. (2006). Optimum design for catch-at-age sampling 
New Zealand Fisheries Assessment Report 2006148. 46 p. 

A simulation experiment was used to determine whether stock assessments using catch-at-age data 
could be improved, at no extra cost, simply by modifying the sampling design for these data. Of 
particular interest was the sample of otoliths collected for use in an age-length key. Should the 
number of otoliths from each length class be proportional to the size of that length class, or should 
more or less emphasis be placed on the tails of the length frequencies (i.e., length classes with fewer 
fish)? Simulations were based on recent assessments for snapper (SNA), hake (HAK), and southern 
blue whiting (SBW) and on five modifications to these assessments. Improvements in stock 
assessments were measured in terms of the relative root-mean square error of estimates of current 
stock status and the strength of recent year classes. 

Changes in sample design tended not to have a large effect on the accuracy of estimates of stock 
status, but the direction of the effect was consistent within each species. For all variants of both SNA 
and HAK assessments accuracy was best when the tails were over-sampled, whereas for SBW it was 
better to under-sample the tails. It is unclear what characteristics of these species (or their 
assessments) caused this difference. Two surprising additional findings concerned the effect of 
changing the size of the otolith sample. This had less effect on the accuracy of estimates of stock 
status than did changes to sample design, and the direction of the effect (whether accuracy increased 
or decreased) was unpredictable. 

Results relating to recent year-class strengths were more clear cut. These were generally better 
estimated when tails were over-sampled, and increasing the size of the otolith sample tended to 
increase accuracy. These conclusions probably also apply to another stock-assessment output: 
forward projections (because the accuracy of these projections is related to the accuracy of estimates 
of recent year-class strengths). 
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1. INTRODUCTION 

This study is concerned with cost-effective sampling for catch-at-age data used in New Zealand stock 
assessments. In particular it addresses the question as to whether these stock assessments could be 
improved, at no extra cost, simply by modifying the sampling design for the catch-at-age data. This 
type of data is important in stock assessments because it allows the estimation of year-class strengths 
(YCSs), selectivity curves, and natural mortality rates. 

We will be concerned only with catch-at-age data collected using age-length key CALK) sampling. 
This type of sampling, first described by Fridriksson (1934), involves two sets of samples. The first 
comprises length and sex data, together with catch rates, and is used to estimate the overall length 
frequency (LF) of the catch: PLs (see Table 1 for an explanation of the notation). The second 
comprises the age, length, and sex of each of a series of fish, and this is used to construct the ALK, 
which we denote by PLsA. The age frequency (AF) of the catch is then estimated as 

PAs = L ~sPLSA (sometimes sex is ignored, so the subscript s is dropped). The main alternative 
L,s 

method of collecting catch-at-age data, commonly called direct sampling, requires only age and sex 
data. This method is not considered in this study because it allows very little flexibility in sample 
structure. 

Table 1: Some notation used throughout this report. In some places, for simplicity, the subscript s for 
sex is dropped. 
Topic 
Length frequency (LF) 
Age frequency (AF) 
Age-length key (ALK) 

Symbol 

PLsA 

Explanation 
estimated proportion of fish of length L and sex s in the catch 
estimated proportion of fish of age A and sex s in the catch 
proportion of fish of length L and sex s in the otolith sample that are 
of age A 
number of fish of length L and sex s in the otolith sample 
total number offish in the ALK sample (= LL,s nLs) 

The ALK approach allows a great deal of freedom in the structure of the ALK sample. Within each 
combination of length and sex, sampling must be random (i.e., all fish of a given length and sex 
should have the same chance of being sampled), but the researcher has the freedom to decide how 
many fish should be selected from each of these combinations. Thus the sample structure is defined 
by specifying the ALK sample size, nL" for each combination of length L and sex s. In this study 
there is just one constraint on this structure: nLs > 0 whenever PLs > O. 

Previous studies on the optimal design for catch-at-age sampling have differed from the present study 
by considering the AF as an end in itself, rather than as just one step towards a stock assessment. It's 
not immediately clear how to define optimality when estimating a vector, like an AF. Some authors 
(e.g., Baird 1983, Schweigert & Sibert 1983) have side-stepped this issue and simply discussed what 
is the optimum design for each age in the AF. The only single-criterion definition of optimality for an 
AF appears to be that of Kimura (1977), who assumed that our aim in estimating an AF was to 

minimise the sum of variances, vartot = L A.s V (~s ). Other authors (Smith & Sedransk 1982, Jinn 

et al. 1987, Lai 1987) have used a generalisation of vartot, which allows different weights at be 
applied to each age (and, if desired, the inclusion of covariances between ages). This seems to be of 
little more than theoretical interest because there is no obvious way to decide what weights to use for 
each age. 

Another relevant measure of how well we estimate an AF is the mean weighted coefficient of 

variation (c.v.), mnwtcv = L A s PAS C. v.( P A,) . This is used by the Ministry of Fisheries in defining 

target levels of precision for catch-sampling projects. We can rewrite this definition as mnwtcv = 

L [V (~s )JO.5 , which shows that mnwtcv is closely related to vartot. I will show below how 
A,s 
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both these measures relate to the measure of optimality used in this report. In that comparison it will 
be useful, for scaling purposes, to replace vartot by its square root, which I denote svartot. 

This study addresses the only objective of Ministry of Fisheries project SAM200402: To determine 
the optimal design in sampling for catch-at-age data. The approach used is a simulation experiment 
based around three New Zealand stock assessments and their associated data sets. Simulated data 
using a variety of alternative ALK sample structures were fed into these assessments to see how the 
accuracy of the assessment changed with the structure of the ALK sample. The ultimate aim was to 
see whether there is an optimal ALK sample structure for all assessments. Both types of catch-at-age 
data - that associated with the commercial catch and that with the catch from a random trawl survey
are included in the present study. Thus, the term 'catch', as used in this report, will refer to what was 
caught either in a commercial fishery during the course of one fishing year, or in a trawl survey, 
depending on which type of catch-at-age data is involved. 

2. PREPARATION FOR SIMULATIONS 

2.1 Three assessments 

In selecting assessments for this study the main desiderata were the acceptability of the assessment to 
the relevant Working Group, a catch-at-age data set covering many years, and a contrast between the 
selected assessments in terms of model structures and data sets. From the many New Zealand stocks 
whose assessments have used catch-at-age data (Armala et al. 2004) three were selected - HAK4, 
SNA8, and the Campbell Island Rise SBW stock - all with a catch-at-age data set with of least 12 
years duration, and all using the stock assessment program CASAL (Bull et al. 2004), which was also 
used in this project (Table 2). 

The contrast between assessments was deemed important because it seemed likely that the effect of 
ALK sample structure on assessment outputs would depend on some model assumptions and what 
other data sets were used. One contrast is in model complexity, as measured by the number of 
parameters estimated beyond those normally required (unfished biomass (Bo), year-class strengths 
(YCSs), and catchabilities). By this measure the SNA assessment was simplest, with no additional 
parameters, and the SBW assessment was most complex, with 26 (18 for the initial numbers at age, 6 
for selectivities, and 2 for natural mortality). Another contrast is in the number and variety of data 
sets besides the catch-at-age data. Here, SNA was the most complex, with two absolute biomass 
estimates, two relative biomass series, two relative number series, and two catch-at-Iength data sets, 
whereas the HAK assessment was the least complex with only one relative biomass series. 

For the two assessments with more than one catch-at-age series, one series was designated as the main 
one. For HAK, this was the survey series (12 years), which was chosen because it was much longer 
than the commercial series (5 years). For SNA, it was the single-trawl series (13 years). Although the 
pair-trawl series was almost as long (11 years), the first five years ofthis series were not amenable for 
use in this study (because the sampling scheme used is not covered by current catch-at-age software) 
and the remaining years were not consecutive (they included a 9-year gap). In the simulation 
experiment below, alternative sample structures were simulated only for these main data sets. 
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Table 2: Some details of the three stock assessments used in this report. 
Species code HAK SNA 
Stock HAK4 SNA8 
Reference Dunn (2004) Annala et al. (2004) 
Run used1 Base case (HAK4 only) WCref 
Model partition (ages 2-30) x sex (ages 3-20+) 
Period (years of catch history) 1975-2003 1931-2003 
Number of fisheries 1 4 
Observations (no. of years in each data set)2 

absolute biomass 
relative biomass 
relative number at age 1 

12 

catch-at-age (commercial) 5 (ages 3-20+) 
catch-at-age (survey) 12 (ages 3-20+) 
catch-at-length (survey) 

Parameters (effective number of parameters estimated)3 
unfished biomass (BO) 1 
year-class strengths (YCS) 25 
initial numbers at age (Cinit) 
selectivities 
natural mortality 

2 
18, 8 
6, 6 

11, 13 (ages 4-20+) 

2 

29 

catchabilities5 (q) .-l ~ 
total 35 34 

SBW 
Campbell Island Rise 
Hanchet et al. (2003) 

Base Case 1 
(age 2-11+) x sex 

1979-2002 
1 

6,6,6 

23 (ages 2-11+) 

1 
24 
18 
6 
2 

---.l 
54 

1 Identifies which of several model runs described in the assessment document was used in the present study 
2 For at-age data, the age-range of the data set is added in parentheses; where there was more than one time 
series the number of years for each is given, separated by commas 
3 Not including parameters constrained to take a specific value; where a polynomial smoother was applied to 
ogives the effective number of parameters was taken to be one greater than the degree of the polynomial 
4 Two cubic smoothers applied 
5 Always treated as nuisance parameters 

There are some contrasts between the main catch-at-age data sets (Figure 1). The SBW data show 
very clear evidence of variability in YCSs (e.g., compare the strong 1991 year-class with the weak 
one in 1989) and the HAK data show the least variability. In all assessments, zero proportions at age 
were replaced by a small number (see below). The incidence of these zeroes was much less for SBW 
(an average of 0.3 per year) than for HAK (2.8 per year) and SNA (1.7 per year). 

The estimated biomass trajectories for these three stocks are also quite different. HAK has undergone 
a long slow decline but is not currently very depleted, SNA declined much further but has been 
relatively stable (at a low level) for the last 20 years, and SBW has undergone large fluctuations 
(Figure 2, upper panels). The model estimates confirm that variability in YCS is strongest in SBW 
and weakest in HAK (Figure 2, middle panels). 

SBW seems the most promising of the three assessments for the purposes of this project. This is the 
one whose fishery is most affected by variation in YCSs, and it is the catch-at-age data that is the 
primary source of information about YCSs. Therefore there are some grounds for believing that it is 
the SBW assessment that is most likely to be affected by changes in the structure of these data. 
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Figure 1: Bubble plots of main catch-at-age data set in each of the assessments, plotted by year class and 
year sampled, with both sexes combined. Each column of bubbles represents one year's sample, with the 
area of each bubble being proportional to the associated proportion at age in that year. 
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Figure 2: Some outputs from the three assessments: SSB (spawning-stock biomass) trajectories (top 
panels); YCSs (year-class strengths) (middle panels); and, for SBW alone, Cinit (numbers of fish, by age, 
in the initial population) (bottom panel). Outputs in black are from the original assessments; those in 
grey are from the slightly modified assessments that were starting points in this study. 
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2.2 Modifications to the assessments 

It was deemed important to refrain, as much as possible, from changing the input files for these 
assessments. These files (given in Appendix 1) document the many assumptions - some minor, 
others important - that underlie the assessments. The set of assumptions for each assessment has been 
judged, after scrutiny by the assessment scientists and the relevant Working Group, to be the best for 
that stock (or at least one of the best, when several alternative sets have been found acceptable). Thus 
it would be unwise to make major changes in them without good reason. However, it was necessary 
to make some slight changes to the input files so that the main catch-at-age data were treated more 
consistently across the three assessments. 

The first change was to use the same error assumptions for the main catch-at-age data set in each 
assessment: robustified_lognormal with the robustifying constant, r, set to 0.01 (its default value, see 
Bull et al. (2004». This required no change for HAK, a slight change for SBW (where the lognormal 
distribution had been used), and a bigger change for SNA (where the original assumption was 
multinomial). The reason for using the robust version of the lognormal is that this reduces the 
likelihood of assessments being disproportionately affected by a few outliers. The multinomial 
distribution is not appropriate for a project like this because it doesn't allow us to make changes in our 
input files to reflect changes in the ALK sample structure. 

The second change was to replace the catch-at-age data, and the associated c.v.s, with new values 
calculated, using NIW A's catch-at-age software (Bull & Dunn 2002), from the original raw data files. 
The changes in the proportions-at-age were very slight (Figure 3, upper panels). The new c.v.s were 
broadly similar to the original ones for HAK and SBW, but they were much smaller than was implied 
by the assumed multinomial distributions and effective sample size for SNA (Figure 3, lower panels). 

The third change concerned the treatment of zero proportions. In the original assessments these were 
replaced by an arbitrary constant (10-4 for HAK, 10-6 for SNA, and 2 x 10-4 for SBW) and then 
assigned a c.v. (3 for HAK, 11.5803 for SNA, 1.5 for SBW). These c.v.s were changed to values 
calculated from a regression of loge c.v.) on log(proportion) (Figure 4), the new values being 6.0 for 
HAK, 8.5 for SNA, and 1.6 for SBW. When, in the simulation experiment, new c.v.s were generated, 
this regression was repeated and the c.v. associated with zero proportions was changed accordingly. 

A further change was to ignore ageing error. This affected only the HAK assessment, where a normal 
error distribution with c.v. 0.08 was originally assumed. This was dropped in the present study 
because of problems with the software for simulating ageing error. 

The final change was to the process errors for the main catch-at-age data sets. New model runs were 
made with the above changes and a process-error c.v. was estimated for the main catch-at-age data 
sets. The new values (0.01 for HAK (the lower bound), 0.14 for SNA, and 0.27 for SBW) were then 
fixed for the rest of this project. In the original assessments the process errors were always fixed, 
with c.v.s 0.001 for HAK and 0.40 for SBW (for SNA, with multinomial error, Nyrocess_error was 
set to 30). 

The effect of all these changes on the assessment output was small (compare black and grey lines in 
Figure 2). 
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2.3 Structure of the ALK samples 

There are two simple ways of depicting the ALK sample structure. Plotting sample size against fish 
length (Figure SA) clearly shows the relationship between the LF and this sample structure, with ALK 
sample sizes increasing as LF proportions increase. This also shows how the ALK is forced to over
sample the tails of the LF because of the need to have at least one fish in each length class, even when 
the proportion of the catch in a length class is very low. (In principle, this over-sampling could be 
reduced, and even avoided, by having wider length classes in the tails of the LF, but this is not a 
common practice, and does not appear to have been done in New Zealand.) For the present study a 
more useful way to depict this structure is to plot sample size against proportion at length (Figure SB). 
This allows easier comparison between data sets, and between years in a data set. This way of 
plotting shows that the ALK sample structure used in each assessment varied widely from year to year 
(Figure 6). 

The HAK assessment stands out from the other two with respect to sample sizes and structures. It had 
both the smallest sample sizes and the largest ALKs, which meant that it had a much lower average 
number of otoliths per ALK cell (Table 2). The sample sizes were so small because they were 
constrained by the availability of fish: in the surveys from which the HAK ALK data came, almost 
every individual of this species that was caught was aged. 

Table 2: Characteristics of the ALK samples from the three assessments. 

Average number of otoliths per year 
Average size of ALK (number of non-empty length-sex cells) 
Average number of otoliths per ALK cell 
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Figure 6A. 
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2.4 Precision of the AFs 

The catch-at-age data enter the assessments as AFs (expressed as proportions at age and sex, or, for 
SNA, at age alone) and the precision of these AFs is represented by C.v.S of the observation errors. As 
is typical with such data, these c.v.s tend to decrease as the proportions at age increase (e.g., Figure 
7 A). The rate of this decline is of central importance in this study because it is through changes in 
this rate that changes in the ALK sample structure will affect stock assessment outputs. A useful 
point of reference when considering this relationship is the decline that would have occurred if the 
AFs had been calculated from a single simple random sample of the catch. In this case the sampling 
distribution for the proportions would be multinomial and the relationship between a proportion p and 
its C.v, c, would be c = [(1-p)/(pN)]O.5, where N is the sample size. When a line representing such a 
relationship is fitted to the present catch-at-age data it tends to be above the observed c.v.s at low 
proportions and below it at high proportions (as in Figure 7 A). This indicates that the catch-at-age 
data set plotted in Figure 7 "over-samples the tails" of the AF. That is, it has lower c.v.s for ages in 
the tails of the AF (i.e., ages with low proportions) than would be expected from a simple random 
sample. 

Almost all the catch-at-age data used in these assessments over-samples the tails in this way. A 
convenient way to show this is illustrated in Figure 7B, where the positive slope on the regression line 
indicates over-sampling of the tails. A plot of the analogous regression line for each year of the main 
catch-at-age data sets showed that there was a consistent but slight over-sampling of the tails for 
HAK, and a much greater, though more variable, over-sampling for SNA and SBW (Figure 8). (For 
the record, the median values of N for the multinomial lines fitted to these data were 123 for HAK, 
917 for SNA, and 631 for SBW). 
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Figure 7: Demonstration that sampling for the 1979 SBW AF over-sampled the tails (i.e., produced lower 
c.v.s for the small proportions at age than would a simple random sample of similar effective size). A, the 
c.v.s for the AF plotted against the proportions at age; the plotted line is the relationship between c.v. and 
proportion at age for a multinomial sample of size 156 (this sample size was chosen to make the line fit the 
data as closely as possible - see Appendix 2). B, the ratio of the observed and multinomial c.v.s from 
panel A plotted against proportion at age; the plotted line is a regression. 
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Figure 8: Demonstration that, for all three assessments, sampling for the AFs generally over-sampled the 
tails. There is one panel for each assessment, and in each panel a regression line, like that in Figure 7B, is 
plotted for each year's sample (the outlying line for SNA is from the first year, 1991). A positive slope for 
this line indicates over-sampling of the tails. 

2.5 Modifying the ALK sample structure 

We wished to simulate catch-at-age data (AFs) with ALK sample structures that differed from those 
used in the assessments. Changing the ALK sample structure means changing the actual sample sizes 
use in the assessment, nLs. to new values, n~s' say. This was done using the simple assumption that 

n~s ex ( ~s r ' with the constraint that n~s must be a non-zero integer for each length-sex class 

represented in the actual ALK. Initially, the total ALK sample size, ~ nL' ,was forced to be equal ~Ls s 

to the original sample size, n, because our concern was with changes that did not affect the cost of the 
ALK sample. We were interested in how changes in the sample-weighting parameter a affected the 
accuracy of the stock assessment. Setting a = I approximates simple random sampling (subject to the 
constraint that the nLs be non-zero); lower (or higher) values of a give more (or less) weight in the 
sample to the tails of the LF (Figure 9B). After examining the initial simulation results we also 
investigated changes to the ALK sample size by setting it equal to Nmu1tn; thus Nmuit = 0.5 (or 2) means 
that the ALK sample size was halved (or doubled) (Figure 9C). 

To simulate AFs based on these modified ALK sample structures we need to know the c.v.s of the 
AFs generated from the modified ALKs. A new analytical method of calculating these c.v.s was 
devised for this project (see Appendix 3). 

The relationship between these c.v.s and the parameters a and ~nult (illustrated in Figure 10) was a bit 
more complicated than expected. Halving a (from 1 to 0.5) had the expected effect: c.v.s for low 
proportions were reduced, and those for higher proportions were increased (Figure lOA-C). Note that 
halving a had a bigger effect for lower than for higher proportions. This is because it is easy to make 
a big change to the smallest sample sizes (e.g., changing nLs from 1 to 2) but the change to the largest 
sample sizes would be, proportionately, more modest (perhaps changing from 50 to 40). The effect 
was much less dramatic for HAK than for the other assessments because the much smaller number of 
otoliths per ALK cell for this assessment (see Table 2) means that there is much less flexibility to 
change the ALK sample structure. For SNA and SBW, doubling a (from 1 to 2) did not have quite 
the opposite effect of halving it (Figure lOE,F). We might have expected c.v.s for the lowest 
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proportions to increase when a was doubled, but this didn't always happen because the sample sizes 
for many of these proportions were already as small as they could be (i.e., nLs = 1) and so could not be 
further reduced. As expected, halving (or doubling) Nmult increased (or decreased) almost all c.v.s 
(Figure lOG-L). 

One of the reasons for this complicated behaviour is that changes in a apply in the length domain (i.e., 
they give more or less weight to the tails of the LF), but our interest is in the age domain (i.e., in the 
AF). The naive presumption is that these two domains are tightly linked. This would mean, for 
example, that giving more weight to the tails of the LF, by decreasing a, should have the same effect 
on the AF (which should result in lower c.v.s for low proportions at age (and sex) and higher c.v.s for 
the high proportions). This was true on average (Figure 10). However, it's interesting to note that it 
was not true for every data point because there is only a loose correspondence between the tails of an 
LF and those of the associated AF. In other words, decreasing a does not decrease c.v.s for all low 
proportions at age, nor does it increase c.v.s for all high proportions at age. 

As an aside, for those with an interest in technical details, I illustrate in Figure 11, the effect of 
changing a for one ALK (i.e., one year's data). As expected, decreasing a from 2 to 0.5 increases the 
ALK sample sizes for all lengths with low proportions in the LF, and decreases them for lengths with 
high proportions (compare Figure 1lA & B). Now, shifting from length to age, consider fish of age 2 
which are in the left tail of the AF (Figure 11 C). These behave as expected, with their representation 
in the ALK increasing about 3-fold (Figure lID) and their c.v.s almost halving (Figure lIE). 
However, proportions at ages 8 and 9 are similar to or lower than those for age 2 and yet their ALK 
sample sizes do not increase markedly (Figure lID), and their c.v.s increase slightly for males and 
decrease slightly for females (Figure lIE). This difference in behaviour is because the lengths of 2-
year olds are quite different from those of other age classes, but this is not true of ages 8 and 9. 
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Figure 10: Effect on AF c.v.s of changing the ALK sample-weighting parameter a or the sample-size 
parameter, N mu1t ' Each plotted point represents the ratio of a simulated c.v. to a reference c.v. for a 
specific age, sex, and year plotted against the associated proportion at age and sex, and the plotted line is 
a lowess line through the points. The simulated c.v.s in each panel were generated from ALKs for the 
specified values of a and N mu1t ; the reference c.v.s were all generated assuming a = N mult = 1. 
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Figure 11: Illustration, for the 2002 catch-at-age data from the SBW assessment of how decreasing the 
ALK sample weighting parameter a from 2 ("old" value) to 0.5 ("new") affects the ALK sample sizes (as 
a function of length, in panel B, or of age, in panel D) and changes the AF c.v.s (panel E). In all panels, 
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2.5.1 mnwtcv and svartot 

Since mnwtcv and svartot are measures of the precision of an estimated AF it is of interest to see how 
they change when a and Nmu1t change. For this project our interest is not in a single AF, but in the set 
of AFs (one per year) used in an assessment, and each of these AFs has its own value ofmnwtcv and 
svartot. However, as a and Nmult change, these values move in unison (Figure 12) so it is reasonable 
to consider just the median mnwtcv and svartot for each assessment. The behaviour of these medians 
in response to changes in Nmu1t is straightforward, and as expected: as Nmu1t increases, mnwtcv and 
svartot decrease (Figure 13). The response to a is more complex. For each assessment there is a 
value of a which produced the minimum value for each measure, but this value depends on the 
assessment and which of the two measures is considered. The use of mnwtcv, rather than svartot, 
tends to require more sampling weight in the tails (i.e., lower values of a) (Figure 14). 
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3. SIMULATION EXPERIMENT 

The primary aim of the simulation experiment was to determine how a change in the design of an 
ALK sample may affect how well we estimate the current status of a stock. For the purpose of this 
experiment the current status of a stock was defined as the ratio BcurrentfBo, an indicator of depletion, 
except for simulations associated with SBW, where Bcurrent was used, for reasons given below. 

The experiment consisted of a series of scenarios, each of which was defined by the choice of (a) an 
assessment and (b) a design for the ALK associated with the main catch-at-age data set. The chosen 
assessment was always one of the three initial assessments defined in Section 2.2, or some 
modification thereof, and was fully specified by the associated CASAL input files (population.csl and 
estimation.csl). The ALK design was either that in the initial assessment or was specified by given 
values of the parameters a and Nmult . 

The various modifications to the initial assessments (Table 3) were intended to increase the range of 
situations considered in the simulation experiment. The modifications all changed the current status 
of the fishery and/or the information available to assess it. These changes are of interest because they 
might be expected to alter the effect of changes in ALK structure on the assessment. Most of the 
changes are self-explanatory. For HAK, the idea of quadrupling the ALK sample sizes derives from 
the relatively small effect that changing a had with the original sample sizes (see Figure 10). With the 
quadrupled sample sizes the average number of otoliths per ALK cell increased to about the same 
value as for SBW (see Table 2). For SNA, the two biomass indices derived from tagging were very 
influential (they are absolute indices with small C.V.s: 0.18 in 1990, 0.12 in 2002) so it was of interest 
to see how the simulation results changed when these observations were dropped. 
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Table 3: The eight assessments used in the simulation experiment and a description of how they differ 
from the three initial assessments described in Section 2.2. 

Label 
HAK 
HAKx4 

SNA 
SNA98 
SNAnotag 

SBW 
SBW95 
SBW99 

Modification from initial assessments 
None 
ALK sample size quadrupled 

None 
All catches and observations after 1998 dropped 
All tag-related observations dropped 

None 
All catches and observations after 1995 dropped 
All catches and observations after 1999 dropped 

For each scenario, 200 sets of observations were simulated. Each set of observations included all the 
observation types (e.g., biomass indices, catch-at-age, etc) used in the original assessment (see Table 
2). These were generated assuming that the 'true' history of the fishery being assessed was that 
described by the MPD (mode of the posterior distribution) estimate for that assessment. Thus, the 
expected values of all observations were exactly what the assessment model predicted. How far each 
observation differed from its expected value depended on its c.v., which was either as specified in the 
input files or, in the case of the main catch-at-age observations, as calculated using the specified 
values of a and N.nu't. For each set of observations the assessment model was run to generate a new 
MPD estimate and, in particular, a new estimate of the current status of the stock. Thus, 200 
estimates of current stock status, denoted S" ... ,S200, were generated for each scenario. To ensure 
maximum comparability between scenarios the same random number seed was used for each 
scenario. An important consequence was that, for two scenarios based on the same assessment, the ith 
set of simulated observations was exactly the same for all observations except those for the main 
catch-at-age data set. 

Three performance measures were calculated for each scenario. The primary measure was the relative 

root-mean square error, defined as RRMSE = [mean; (( S; - Strue)/ Strue)2 rs 
, where Strue is the 'true' 

value of current stock status for that scenario (i.e., that calculated from the MPD). The other two 

measures were the relative bias, RBIAS = mean; (( S; - Strue) / Strue) , and the precision, CY = 

[ mean; ( ( S; - S) / Strue r TS , where S = mean; (S; ). RRMSE is a measure of the accuracy with 

which we can estimate current stock status, given the assumptions of the scenario. This is what we're 
most interested in. Its interpretation is straightforward. An RRMSE of 0.2, say, means that we can 
expect, on average, that the stock-assessment estimate of current stock status will differ from the true 
value, Strue, by about 0.2Strue . If the error distribution for S is approximately normal then we can be 
about 95% confident that our estimate will lie between 0.6Strue and l.4Strue . With the above 
definitions, RRMSE2 = RBIAS2 + Cy2, which allows us to separate accuracy into two components, 
bias and precision. This can be useful in determining whether a very inaccurate estimator is that way 
because it is badly biased or simply very imprecise. 

The following bootstrap test was used to determine whether there was a significant difference 
between RRMSE value from different scenarios. Let Sij represent the estimated current stock status 
from the ith data set (i = 1, ... ,200) for the jth scenario (j = 1,2), and suppose, without loss of 
generality, that RRMSE, < RRMSE2, where RRMSEj is the estimate from the jth scenario. Step 1: 
select a set r of 200 numbers, at random, with replacement, from the numbers 1, 2, ... , 200. Step 2: 
calculate RRMSEIj from the values {Sij: i £ r}, and the difference d, = RRMSE II < RRMSE'2' Step 3: 
repeat steps 1 and 2, 999 times, generating differences d2, •.• ,dIOOO ' RRMSE, and RRMSE2 were 
considered significantly different if at least 950 of the ds were negative. 
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3.1 Dealing with possible lack of convergence 

Lack of convergence can be a problem with simulation experiments of this type. For each scenario 
we simulate 200 sets of observations, and estimate current stock status for each one of these. The 
problem is, how do we know if each estimate is the best fit (i.e., the MPD) and not just some local 
minimum for the objective function? In an assessment, with only a single set of observations, we can 
spend some time examining the fit, and perhaps trying running the estimation from a range of starting 
points to ensure that we have found the best fit. This is not possible in a large simulation experiment 
with many scenarios. 

Two approaches were used to deal with this problem. First, the minimiser in CASAL has four kinds 
of exit status (Table 4) and only runs with Successful convergence status were used. This approach 
was used with all scenarios. The second approach was to look at the effect of starting the runs from 
two different points in parameter space, which I will label start and true. The former uses whatever 
starting values happen to be in the population.csl file, and the latter uses the MPD estimate from the 
initial assessment. This approach was normally used just for the initial scenario in each assessment 
(this is the scenario in which the ALK design was that used in the assessment). Whichever option, 
start or true, gave the better result was then used for all scenarios based on that assessment. 

Table 4: 
Level 
1 

2 

3 

4 

The four kinds of exit status produced from the CASAL mini miser 
Name Description 
Successful convergence The mini miser has found a possible solution with good 

convergence statistics 
Failure to converge The mini miser ran out of iterations before finding a possible 

solution 
Convergence unclear The minimiser has found a possible solution but the 

Error 
convergence statistics are poor 
Program crashed before reaching a minimum. Usually means 
that the minimiser has entered an 'impossible' region of 
parameter space (e.g., where the observed catch was not able 
to be caught) 

Convergence appeared to have been a serious problem only for the SBW assessment. Here, only 
about 90% of runs had status Successfitl convergence (Table 5), and this status was misleading. There 
were 171 data sets for which this status was achieved for both starting points - start and true - but the 
two objective-function values achieved for the same data set were often very different. Usually, but 
not always, the better fit (lower objective function value) was achieved using true (Figure 15). The 
situation was not improved by forcing CASAL to be more fussy about what it designated as 
Successfitl convergence by decreasing the control parameter grad_tol from 0.02 to le-6. This did not 
change the exit status of any run, and never changed the objective function value by more than 0.5. 
However, a comparison of the distributions of spawning biomass estimates resulting from the two 
starting values showed that these differed substantially for Eo and the early years of the biomass 
trajectory, but were almost identical for current biomass (i.e., that in 2002) (Figure 16). When the 
comparison true vs start was repeated for three other SBW scenarios - with ALK structures defined 
by a = 1, 2, and 0.25 and Nmult = 1 - results very similar to those in Figure 16 were obtained. I 
concluded that this model was somewhat unstable in estimating Eo but not for Ecurrent. and so decided, 
for SBW only, to define current status as E current. rather than EcurrentiBO. In all cases there were more 
Success fit! convergence runs with true than with start so the former was used for all SBW scenarios in 
the simulation experiment. 
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Table 5: Number of runs, by exit status, for each of the initial scenarios starting either from the start or 
true parameter values (start parameter values are those in the population.csl fIle; true values are those at 
the MPD). 
Exit status 
Level Name 
1 Successful convergence 
2 Failure to converge 
3 Convergence unclear 
4 Error 

start 
200 

o 
o 
o 

HAK 
true 
187 

o 
o 

13 

SNA 
start true 
200 200 

o 
o 
o 

o 
o 
o 

SBW 
start true 
172 188 

5 2 
23 
o 

10 
o 

There were no serious convergence problems for HAK and SNA. For HAK, runs sometimes crashed 
when the true starting point was used, but never did with start, and all runs were successful with SNA 
(Table 5). For data sets with Successful convergence, the biomass distributions from true and start 
were virtually identical (for Eo and all years) for both species (i.e., plots like Figure 16 showed no 
significant difference between true and start for these species). For all HAK scenarios start was used 
(to avoid crashes), and true was used for SNA scenarios. 

Figure 15: Improvement in model fit, for SBW, when 
estimation begins at the true value rather than the 
start value. Each point represents one simulated data 
set; points to the right of the vertical line are for data 
sets that were fitted better with true than start (only 
data sets for which Successful convergence was 
achieved with both starting values are plotted). 
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Figure 16: Comparison of the distributions of spawning biomass (SSB) estimates for SBW resulting from 
the two starting values: start and true. Each panel shows the cumulative distribution functions of SSB, 
either in the unfished population (Bo) or for a specified year, for each starting value (ignoring data sets 
for which Successful convergence was not obtained with both starting values). 

3.2 Simulation results 

The first set of results shows the effect of changes in ALK sample structure caused by varying the 
parameter a (Figure 17). The first question to ask is which value of a gave the best results (i.e., the 
lowest RRMSE)? It's noteworthy that the answer was the same for all assessments based on the same 
species: the low values of a were best for HAK- or SNA-based assessments, anda middle value was 
best for those based on SBW. (Note the uncertainty, for some assessments, about which is the best 
value of a; a line joining two scenarios in Figure 17 indicates that we cannot be sure which one has 
the lower RRMSE). One way to quantify the effect of a on each assessment is as the percentage 
improvement in RRMSE from the worst value of a to the best value. By this measure, the effect was 
always small (less than 5%) for the initial assessments, but larger (up to 16%) for the modified 
assessments (Table 6). 

There are two other pieces of information in Figure 17. First, the horizontal broken lines show that 
the RRMSEs for the initial assessments were always higher than the optimal value. Second, the grey 
lines allow us to compare the optimum values of a according to RRMSE with those based on mnwtcv 
and svartot. The relationship between these depended on the assessment. For all HAK- or SNA-

based assessments a opt < a opt < a opt whereas for the SBW -based assessments RRMSE - mnwtcv - svartot' 

opt < opt < aopt 
amnwtcv - asvartot - RRMSE' 

Why did the SBW -based assessments stand out from the others? It was not because they used a 
different measure of current stock status (BculTent rather than BculTen/ BO)' When RRMSE values for the 
HAK- and SNA-based assessments were recalculated using BculTent they showed patterns very similar 
to those in Figure 17. Two other possible explanations (not investigated for lack of time) are the 
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much greater variability in YCSs in SBW, and the fact that these assessments used only one catch-at
age data set. 
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Figure 17: Simulation results showing the effect of the ALK sample-weighting parameter, a, on the 
accuracy of stock assessments, as measured by RRMSE. Each panel gives results for one of the 
assessments in Table 3. A line joining adjacent points signifies that there was no significant difference 
between the RRMSE values. Also shown are the RRMSE value for the initial assessment (horizontal 
broken line, where available) and, as grey lines, the relationships between a and two measures of AF 
precision: median mnwtcv (dotted line) and median svartot (broken line) (these lines were earlier plotted, 
in Figure 14, for the three initial assessments; in the current plot they are rescaled to fit each panel). 

The second set of results, showing the effect of N;nult, was surprising in two ways. First, the expected 
pattern - RRMSE decreasing as Nmul! increases - occurred in only one of the eight assessments: 
SNA98 (Figure 18). That is, accuracy does not always increase as the ALK sample size increases. 
This is still true if we ignore bias, and just consider precision, although in this case the expected 
pattern does occur in three of the eight assessments (Figure 19). The second surprise, is that Nmu1l 

almost always had less effect on RRMSE than did a. The only exception was HAK, where the effect 
was small for both a and N;null (Table 6). 

Table 6: The degree of influence of a and N mult on the accuracy of an assessment, as measured by the 
percentage improvement in RRMSE: 100(Rhi-Rlo)/ Rhi> where Rhi and Rio are the highest and lowest 
RRMSE values for the range of a or Nmu )! examined. 

a CALK sample structure) 
H mul! CALK sample size) 

HAK HAKx4 
l.l 2.4 
1.7 2.1 

SNA SNAnotag SNA98 
4.5 9.2 15.6 
1.0 2.7 12.4 
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Assessment 
SBW SBW99 SBW95 
2.2 4.3 8.3 
l.3 2.3 4.7 
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Figure 18: Simulation results showing the effect of the ALK sample-size multiplier, N mult, on the accuracy 
of stock assessments, as measured by RRMSE. Each panel gives results for one of the assessments in 
Table 3. A line joining adjacent points signifies that there was no significant difference between the 
RRMSE values. 
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Figure 19: Simulation results showing the effect of the ALK sample-size multiplier, N mu1b on the precision 
of stock assessments, as measured by CV. Each panel gives results for one of the assessments in Table 3. 
(Bootstrap significance tests were not carried out for CV, so the lack of a line joining adjacent scenarios 
in this plot does not signify a significant difference). 
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For most assessments, bias in the estimation of 
current status was relatively small. The 
exceptions were SBW95 and SNA98 (Figure 
20). 

Figure 20: Contribution of RBIAS to RRMSE 
(calculated as RBIAS2/RRMSE2) in all scenarios. 
Each plotted point corresponds to one scenario. 

XX~ x~ 

x~ 

Contribution of RBIAS to RRMSE 

Having found that the ALK sample had so little effect on the estimate of stock status it seemed 
sensible to investigate other assessment outputs. Perhaps the second most important type of output in 
many New Zealand assessments is the results of forward projections with various alternative levels 
for future catches. This type of output is not easily investigated in the present framework but we can 
still make some inferences about it. Much of the uncertainty in these projections is associated with 
estimates of the relative strength of the most recent year classes. We may infer that the accuracy of 
our projections will be improved if we can improve our estimates of these recent YCSs. Thus it is of 
interest to see how changes to the ALK samples affect these estimates. For each of the scenarios 
already considered, RRMSEs were calculated for estimates of the four most recent YCSs. 

Results for the recent YCSs were more clear-cut than those for stock status. Values of a less than 1 
were best in most cases, although there is some uncertainty about this for the HAK-based assessments 
(Figure 21). Thus over-sampling the tails seems a good idea as far as forward projections are 
concerned. Also, it is reassuring to see that RRMSE usually decreased with increasing Nmu1t (Figure 
22), so there really is some payoff from larger ALK samples. Calculations analogous to those for 
Table 6 showed that the influence of Nmult on RRMSE was greater than that of a more often than not 
(in 18 of32 cases). 

4. DISCUSSION 

The simulation results have shown how changes in the design of the ALK sample can affect the 
accuracy of stock assessments without changing sampling costs. For the SBW -based assessments, the 
best sample structure somewhat under-samples the tails of the LF (sample-weighting parameter a 
between 1 and 1.5). That is, the number of otoliths collected for the smaller length classes should be a 
bit less than if it were strictly proportional to the number of fish in the length class (subject, of course, 
to the constraint that there must be at least one otolith per length class). In contrast, for the HAK- and 
SNA-based assessments it was found to be better to over-sample the tails (sample-weighting 
parameter a about 0.5, or lower). This difference, between SBW on one hand and HAK and SNA on 
the other, seems to be quite robust, because it persisted in all the assessment modifications (e.g., 
SNAnotag, SBW95, etc) that were considered. 

Unfortunately, we cannot generalise this result. That is, we cannot say whether, for an assessment 
different from those considered here, the optimum ALK sample structure should be like that for SBW, 
or that for HAK and SNA (or something different again). A much wider range of assessments would 
be needed to allow this generalisation. However, it is of some consolation that, in most cases 
considered, the effect on the accuracy of assessments (i.e., on RRMSE) of these changes in emphasis 
(more or less weight on the tails of the LFs) was not great. 
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Figure 21: Simulation results showing the effect of the ALK sample-weighting parameter, a, on the 
accuracy (as measured by RRMSE) of estimates of the four most recent YCSs. Each row of panels gives 
results for one of the assessments in Table 3, and each column of panels shows RRMSEs for one of the 
four most recent YCSs (for years m, m-l, ... , m-3). A line joining adjacent points signifies that there was 
no significant difference between the RRMSE values. 
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Figure 22: As for Figure 21, but showing the effect of the ALK sample-size multiplier, N mult ' 
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As is not infrequently the case, the most striking results in this study came from unplanned analyses. 
It was not part of the original design of this study to consider the effect of increasing or decreasing the 
ALK sample size. It seemed obvious that this effect would be both predictable (an increase in sample 
size producing a more accurate assessment) and greater than that from changing the sample structure. 
The above results show that both of these expectations were wrong. The effect was less than that 
from changing the sample structure, and its direction (whether it improved or degraded the assessment 
accuracy) was not predictable. 

The other area of unplanned work concerned estimates of recent YCSs. Here, as assumed, increasing 
ALK sample size does produce more accurate results. Also, there is some evidence that, to improve 
the accuracy of forward projections, it is better to over- rather than under-sample the tails of the LF in 
constructing an ALK. 

Finally, a comment about convergence. As mentioned above, it is not possible in simulation 
experiments of this sort to be certain that the minimiser has always found a global minimum. Even 
with a single minimisation it takes some time and exploration to achieve some level of confidence 
about this. In this study a total of 14 800 (= 74 x 200) minimisations were done, so this type of 
exploration was not possible. The best assurance that a lack of convergence has not compromised our 
results is the existence of smooth trends in our performance measures (RRMSE and CV) as a 
functions of the control parameters, a and N,nult. As we gradually change one of these control 
parameters we should expect our assessment estimates (whether of stock status or YCS), and thus our 
performance measures, to change gradually (recall that changing the control parameters affects only 
the main catch-at-age data set - all other data sets are unaffected). Thus, a lack of smoothness in this 
change is an indicator of possible convergence problems. The one place this occurred in the above 
results is for some of the HAKx4 scenarios (e.g., Nmu1t = 1.5 in Figures 18, 19,21, and 22). Another 
indication of a likely problem with the HAKx4 scenarios may be seen in the correlations between the 
200 estimates of stock status in each of adjacent scenarios. These correlations were always high 
(greater than 0.95) but took lower values for HAKx4 (Figure 23). 

Figure 23: Correlations between estimates of 
stock status in "adjacent" scenarios (adjacent 
scenarios are those plotted as adjacent points in 
Figures 18 or 19). 
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Appendix 1: Original CASAL input files 

This appendix contains the original input files for the three assessments as a way of documenting the 
assumptions underlying these assessments. To save space, all data, and some parts of little 
significance have been omitted. In these files text following the symbol # is treated as a comment and 
the symbol @ marks the beginning of a command block. 

A1.1.1 Population file for HAK 

#INITIALISATION 
@initialization 
BO 45000 

# PARTITION 
@size based false 
@min_age 2 
@max_age 30 
@plus group false 
@sex_partition true 
@mature_partition false 
@n areas 1 
@area names chat # Chatham Rise 
@n stocks 1 

# TIME SEQUENCE 
@initia1 1975 
@current 2003 
@final 2008 
@annual_cyc1e 
time_steps 3 # Oct-Feb, Mar-May, Jun-Sep 
recruitment time 1 
recruitment areas chat 
spawning tlme 1 
spawning_part_mort 0.5 
spawning_areas chat 
spawning_ps 1 
aging_time 3 
growth_props 0.25 0.50 0.00 
M_props 0.42 0.25 0.33 
baranov false 
midmortality_partition weighted_sum 
fishery_names chatF 
fishery_times 1 
fishery_areas chat 
n_migrations 0 
spawnlng_use_total B false 

@standardise YCS true -

# RECRUITMENT 
@y_enter 2 
@recruitment 
YCS _years 1973 1974 1975 1976 1977 
1990 1991 1992 1993 1994 1995 1996 
YCS 1. 00 1. 00 1. 00 1. 00 1. 00 
1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 
p_male 0.5 
SR BH 
steepness 0.9 
first free 1975 

-

last free 1999 -

#MATURATION 
@maturity_props 
male a1lvalues bounded 2 10 0.00 
female allvalues bounded 2 10 0.00 

# NATURAL MORTALITY 
@natural_mortality 
avg 0.19 
diff 0.02 

# FISHING 

1978 1979 
1997 1998 
1. 00 1. 00 
1. 00 1. 00 

0.00 0.02 
0.00 0.02 

1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 
1999 2000 2001 
1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 1. 00 
1. 00 1. 00 1. 00 

0.07 0.31 0.78 1. 00 1. 00 1. 00 
0.04 0.07 0.45 0.86 1. 00 1. 00 
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@fishery chatF 
years 1975 1976 1977 1978 1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 
1 992 1993 1994 19 95 1996 1997 1998 1999 2000 2001 2002 2003 
catches 191 488 1288 34 609 750 997 596 302 344 544 362 509 574 804 950 907 
2417 2801 2933 3386 3755 3694 3942 3389 2943 2491 1782 1782 
selectivity chatFsel 
U max 0.5 
future years 2004 2005 2006 2007 2008 

# SELECTI VITIES 
@se1ectivity_names chatTANsel chatFse l 
@selectivity chatTANsel #JAN survey 
male al1values bounded 3 19 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
female allvalues bounded 3 19 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
@selectivity chatFsel 
male logist ic 6 3 
female lOglstlC capped 6 3 1.0 

# SIZE AT AGE 
@slze_at_age type von Bert 
@size_ at age dist normal 

@size_at_age 
k male 0 .27 7 
to male - 0 .11 
Linf male 90.3 
cv male 0.1 
k female 0.202 
to female -0.2 0 
Linf female 113.4 
cv female 0.1 

# SIZE-WEIGHT 
@size_weight 
a male 2.4ge-9 
b male 3.234 
a female 1.70e- 9 
b fema le 3.328 
verlfy_size welght 50 0.5 2.0 

A 1.1.2 Estimation file for HAK 

# ESTIMATION 
@estimator Bayes 
@max iters 300 
@max evals 1000 
@grad tol 0.002 #The default is 0.002 

# OBSERVAT IONS Chatham Rise 
@relative abundance chatTANbiomass # 200-800 m depth range 
q chatTANq 
years 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 
step 1 
proportion_mortality 
area chat 
b iomass true 
ogive chatTANsel 
dist lognormal 
cv_process error 0.001 

@proportlons at chatTANage # 200-800 m depth range 
years 1992 1993 1994 1995 1996 1997 19 98 1999 2000 2001 2002 2003 
step 1 
propor tion_mortality 
area chat 
sexed true 
plus group true 
sum to one true 
min class 3 3 
max c lass 20 20 
ogive chatTANsel 
ageing_error true 
dist robustified-Iognorma1 
r 0.01 
cv_process error 0 . 00 1 
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# OBSERVATIONS Chatham Rise 
@catch at chatOBS # Observer data Chatham Rise 20+, all areas on Chatham Rise 
years 1998 1999 2000 2001 2002 
fishery chatF 
sexed true 
plus_group true 
sum to one true 
min class 3 3 
max class 20 20 
ageing error true 
dist robustified-lognormal 
r 0.01 
cv_process error 0.19 

# RELATIVITY CONSTANTS 
@q_method nuisance 

#FREE PARAMETERS 
@estimate 
parameter q[chatTANq] .q 
prior lognormal 
mu 0.16 
cv 0.79 
lower bound 0.01 
upper_bound 0.40 

@estimate 
parameter initialization.BO 
lower bound 2500 
upper_bound 250000 
prior uniform-log 

@estimate 
parameter recruitment.YCS 
lower bound 1 1 0 .01 0.01 0.01 0.01 0 . 01 0 .01 0.01 0 . 01 0 .01 0.01 0.01 0.01 
0.01 0.01 0.01 0.01 0 . 01 0.01 0.0 1 0.01 0.01 0.01 0.01 1 1 
upper_bound 1 1 100 100 100 100 100 100 100 100 100 
100 100 100 100 100 100 100 100 100 100 100 1 1 
prior lognormal 
mu 1 1 1 1 1 1 1 1 1 1 1 
1 1 1 1 1 1 1 1 1 1 1 1 1 
cv 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 
1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 

@estimate 
parameter selectivity[ chatTANs el] .male 
lower bound 0.01 0.0 1 0.01 0.01 0.01 0.01 
1. 00 
upper_bound 5.00 5 . 00 5.00 5.00 5 . 00 5 . 00 
1. 00 
prior uniform 

@estimate 
parameter selectivity[chatTANsel] . female 
lower bound 0.01 0.01 0.01 0.01 0.0 1 
0.01 
upper_bound 5.00 5 . 00 5 . 00 5.00 5 . 00 
5.00 
prior uniform 

@estimate 
parameter selectivity[chatFsel] . male 
lower bound 0 0 
upper_bound 50 50 
prior uniform 

@estimate 

0.01 

5.00 

parameter selecti vi ty [cha tFsel] . female 
lower bound 0 0 0.01 
upper_bound 50 50 5.00 
prior uniform 

# PENALTIES 
@catch limit_penalty 
label chatCatchMustBeTaken 
fishery chatF 

0.01 0.01 0.01 0.01 0.01 

5 . 00 5.00 5 . 00 5.00 5.00 

0 . 01 0.01 0 . 01 0.01 0.01 

5.00 5.00 5.00 5 . 00 5.00 
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100 100 100 

1 1 1 

1.1 1.1 1.1 

0.01 0.01 0.01 

5.00 5.00 5 .0 0 

0.01 0.01 0.01 

5 . 00 5.00 5.00 

0 . 01 0.01 

100 100 

1 1 

1.1 1.1 

0.01 0.01 

5.00 5.00 

0.01 0.01 

5 . 00 5.00 



log_scale true 
multiplier 1000 

@agelng error 
type n ormal 
c 0 . 08 

@vector_average penalty 
l abel YCS average_1_CR 
vector recruitment.YCS 
k 1 
multiplier 1 

@oglve smoothlng_pena1ty 
label chatTANse l male 
ogive selectivi ty[ chatTANsel] .mal e 
r 4 
mul tiplier 10 

@ogive_smoothing_penalty 
label cha tTAN se l f emale 
ogive se lectivity[chatTANsel] . f emale 
r 4 
multiplier 10 

A1.2.1 Population file for SNA 

#INITIALISATION 
@initialization 
BO 117887.0 

#PARTITION 
@size based False 
@min_age 3 
@max age 20 
@plus group True 
@sex_partition Fa lse 
@mature_partition False 
@n areas 1 

#TIME SEQUENCE 
@initial 1931 
@current 200 3 
@f inal 20 5 9 

@annual_ cyc1e 
time_steps 1 
aging_time 1 
recruitment time 1 
fishery_times 1 1 1 1 
fishery_names Strawl pt rawl Recr Ll ine 
spawning_time 1 
spawning_p 1 
spawnlng_pa rt mort 0 .0 
M_props 1 
baranov Fals e 

#RECRUI TMENT 
@s tandardi se YCS True 
@y_enter 3 
@recruitment 
YCS years 1971 
1 97 6 1 977 
1 98 1 1 982 
1986 
1991 
1 9 96 

1987 
19 92 
19 97 

1 972 

1998 

1973 1974 
197 8 19 79 1980 
1983 1984 1985 
1988 1989 1990 
199 3 199 4 19 95 

1999 2000 
YCS 1.19109298959229 0.76946027854814 0.85674951191725 1 . 72441287521436 
1 . 78315245224771 
0.98286796049162 
0 .4 1380994810998 
0 . 73837002616637 
0.83253359179653 
0.98564347 
first free 1971 

0 .28 7952 282 939 18 
0.54780911851432 
1.35638346781496 
0 . 23568800727389 
0.86763933882391 
1.0 1.0 

0 .3 751475955501 5 1. 43319849226500 
0.80600858401281 1.2 473 973 2771 311 
2 .1 8710160993581 1.32151835900081 
0 . 49816799600886 0 . 16608607481903 
1.3 5887 398 335 770 2.01 85 781 278 8621 0.7 63 384 29 

1.0 1.0 
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last free 1999 
n rinitial 43 
SR none 
simulation SR none 
year_range 1971 1999 

#MATURATION 
@maturity_props 
all constant 1 

#NATURAL MORTALITY 
@natura1_mortality 
all 0.075 

#FISHING 
@fishery Strawl 
years 1931 
1942 1943 
1954 1955 
1966 1967 
1978 1979 
1990 1991 
2002 

1932 
1944 
1956 
1968 
1980 
1992 

1933 
1945 
1957 
1969 
1981 
199 3 

1934 
1946 
1958 
1970 
1982 
1994 

1935 
1947 
1959 
1971 
1983 
1995 

1936 
1948 
1960 
1972 
1984 
1996 

1937 
1949 
1961 
1973 
1985 
1997 

catches 171.60 193.20 272.40 321.60 190.80 172.8 0 207.60 
103 .20 118.80 103.20 183.60 306.00 319.20 280.80 382.80 
1410.00 1485.60 1572.00 2023.20 1540.80 2040.00 2127.60 2106.00 
2068.80 2742.00 2408.40 2198.40 2744.40 2554.80 2680.80 3813.60 
1764.28 1400.26 533.30 465.11 489.38 298.61 448.78 206.58 
225.73 457.85 687.15 930.89 1180.95 1101.45 1360.98 1103.76 
1337.37 1218.19 1178.87 1333 .26 1343.27 
selectivity Traw102 se1 
U max 0.7 

@fishery ptrawl 

1938 
1950 
1962 
1974 
1986 
1998 

1939 
1951 
1963 
1975 
1987 
1999 

1940 
1952 
1964 
1976 
1988 
2000 

1941 
1953 
1965 
1977 
1989 
2001 

196.80 128.40 128.40 138.00 
457.20 
2259.60 
4233.60 
318.16 

498.00 499.20 1442.40 
2390.40 2144.40 
5804.40 2556.24 

359.83 405.26 
909.77 1024.49 1471.75 1491.64 

years 1976 1977 1978 1979 1980 1981 1982 1983 1984 1985 1986 
1987 1988 1989 199 0 1991 1992 1993 1994 1995 1996 1997 1998 
1999 2000 2001 2002 
catches 3300.58 5654.99 4269.97 4674.70 3691.69 3481.42 3484.99 2714.42 1970.22 1751.84 
1495.37 1788.34 756.57 1083.25 991.45 774.11 642.85 508.95 336.33 592.44 667.63 
689.32 303.06 256.78 462.43 546.49 615.07 401.17 367.47 
selectivity Ptrawl02 sel 
U max 0.7 

@fishery Lline 
years 1965 1966 1967 1968 1969 1970 
1976 1977 1978 1979 1980 1981 1982 
1988 1989 1990 1991 1992 1993 1994 
2000 2001 2002 

1971 
1983 
1995 

1972 
1984 
1996 

1973 
1985 
1997 

1974 
1986 
1998 

1975 
1987 
1999 

catches 2000 2000 
811.58 1713.94 1467.37 

2000 
o 

2000 
o 

2000 
o 

2000 
o 

2000 
o 

2000 
o 

2000 
o 

2000 
o o 

o 0 0 0 
o 0 0 0 
selectivity Etagest se1 
U max 0.7 

@fishery Recr 
years 193 1 
1942 1943 
1954 1955 
1966 1967 
1978 1979 
1990 1991 
2002 2003 
catches 60.00 
104 .7 5 108.81 
153.56 157.63 
202.37 206.44 
251.19 255.25 
300.00 300.00 
300.00 300.00 

1932 1933 
1944 1945 
1956 195 7 
1968 1969 
1980 1981 
1992 1993 

64 .0 7 68.14 
112.88 116.95 
161 .69 165.76 
210.51 214.58 
259.32 263.39 
300.00 300.00 

selectivity Rec trawl02 sel 
U max 0.7 

#SELECTIVITIES 

o 

1934 
1946 
1958 
1970 
1982 
1994 

72 .2 0 
121. 02 
169.83 
218.64 
267.46 
300.00 

o o o 

1935 1936 1937 
1947 1948 1949 
1959 1960 1961 
1971 1972 1973 
1983 1984 1985 
1995 1996 1997 

76.27 80.34 84.41 
125.08 129.15 133.22 
173.90 177.97 182.03 
222.71 226.78 230.85 
271.53 275.59 279.66 
300.00 300.00 300.00 

o 

1938 
1950 
1962 
1974 
1986 
1998 

88.47 
137.29 
186.10 
234 .92 
283.73 
300.00 

o 

1939 
1951 
1963 
1975 
1987 
1999 

92.54 
141. 36 
190.17 
238.98 
287.80 
300.00 

@se1ectivity_names Tag-Recap_sel T-Surv sel Etagest_sel Trawl02 sel Ptrawl02 sel 
Rec trawl02 sel - -
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o o 

1940 1941 
1952 1953 
1964 1965 
1976 1977 
1988 1989 
2000 2001 

96 .61 100.68 
145.42 149.49 
194.24 198.3 1 
243.05 247.12 
291. 86 295.93 
300 .00 300.00 



@selectivity Tag-Recap sel 
al l constant 1 
@selectivity Etagest sel 
all size based constant 1 
@s electivity T-Surv_sel 
all allvalues 1.000 0.000 0.000 0.000 0.000 0.000 0.000 0 .000 0.00 0 0.000 0.000 0 .000 0.000 
0.000 0.000 0.000 0 .000 0.000 
@selectlvity Trawl02 sel 
all size based double normal 31.262 2 . 686 17.918 - -
@selectlvlty Rec trawl02 sel 
all size based doub le normal 31.262 2.686 17 .918 - -
@selectivlty Ptrawl02 sel 
all size based double normal 31 .951 2.908 22 .16 

#SIZE AT AGE 
@slze at age type data 
@slze at age years 1931 1 932 1933 1934 1935 1936 1937 1938 1939 1940 1941 1 942 1943 1 944 1945 
1946 1947 1948 1949 1950 19 51 1952 1953 1954 1955 195 6 1957 1958 1959 1960 1961 1962 1963 1964 
1 965 1966 1967 1968 1969 197 0 1971 1972 1 973 1974 197 5 1976 1977 1978 1979 198 0 1981 1982 1983 
1 984 1985 1986 1 98 7 1988 198 9 1990 1991 1992 1993 19 94 1995 1996 1997 1998 199 9 2000 2001 2002 
2003 
@slze at age 
all 1931 27 . 505 40 31 . 68446 35 . 42099 38.75279 41.72225 44 . 36912 
46.73041 48 . 83885 50.72365 52.41004 53 . 92074 55.27522 56.49096 
57 .58310 58.56502 59.44878 60.2445 0 62 . 97883 

all 2003 28.405 17 30 . 25364 35.3387 5 38.475 66 40.72873 44.79518 
47.73525 48.68747 50.77667 52.37853 53.81967 55.11833 56 . 29040 
5 7 . 34953 58.30847 59.17760 59 . 96640 62 . 97883 
cv 0 . 08 
@size at age step 1 
@slze at age_mi ss mean 
@s ize_at_age_dis t normal 

#SIZE WEIGHT 
@size_weight 
a 4.467e- 08 
b 2.793 

A1.2.2 Estimation file for SNA 

#ESTIMATION 
@estima t or Bayes 
@max iters 5000 
@max evals 5000 

#OBSERVATIONS 

@abundance Btagrecap90 
step 1 
proport ion_mort a lity 0.0 
biomass True 
og i ve Tag-Recap_ sel 
years 1990 
dist lognormal 
cv_process error 0 . 0 

@proporti ons at tag90 prop 
step 1 
proportion_mortality 0 . 0 
ogive Etagest_ sel 
at size True 
sexed False 
pl us group Fals e -
sum to one Fals e 
ageing_ error False 
years 1990 
class mins 25 26 27 28 29 30 31 32 
33 34 35 36 37 38 39 40 41 42 
43 44 45 46 47 48 49 50 51 52 
53 54 55 56 
di st lognormal 

@abundance Btagrecap02 
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step 1 
proportion_mortality 0.0 
biomass True 
ogive Tag-Recap sel 
years 2002 
dist lognormal 

@proportlons at tag02prop 
step 1 
proportion_mortality 0.0 
oglve Etagest sel 
at size True 
sexed False 
plus group False 
sum to one False 
ageing_error False 
years 2002 
class mins 
33 34 
43 
53 

44 
54 

dist lognormal 

25 
35 
45 
55 

26 

@relative abundance PTcpue7491 
biomass True 
oglve Ptrawl02 sel 
proportion_mortality 0.5 
dist lognormal 
step 1 
cv_process_error 0.20 
q qPTcpue7491 

36 
46 

56 

27 
37 
47 

28 
38 
48 

29 
39 
49 

30 
40 
50 

31 
41 
51 

32 
42 
52 

years 1974 1975 1976 1977 1978 1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 
1991 

@q_method nuisance 

@relative abundance STcpue9099 
biomass True 
ogive Trawl02 sel 
proportion_mortality 0.5 
dist lognormal 
step 1 
cv_process error 0.22 
q qSTcpue9099 
years 1996 1997 1998 1999 2000 2001 2002 2003 

@relative abundance TSI3+ 
biomass False 
ogive T-Surv_sel 
proportion_mortality 0.1 
dist lognormal 
cv_process error 0.4 
q q_TSI 3+ 
step 1 
years 1987 1989 1991 1994 1996 1999 

@relative abundance TSI2+ 
biomass False 
ogive T-Surv_sel 
proportion_mortality 0.1 
dist lognormal 
cv_process error 0.2 
q q_TSI_2+ 
step 1 
years 1988 1990 1992 1995 1997 2000 

@proportions at Ptrawlage #Pair trawl catch-at-age data 
years 1975 1976 1979 1986 1987 1989 1990 2000 2001 2002 2003 
proportion_mortality 0.1 
at size False 
oglve Ptraw102 sel 
min class 4 
max class 20 
plus group True 
sum to one True 
ageing error False 
step 1 
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dist multinomial 
r 0.0001 
N_process error 30 

@proportions at Strawlage #Single trawl catch-at-age data 
years 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 
proportion_mortality 0.1 
at size False 
ogive Trawl02 sel 
min class 4 
max class 20 
plus group True 
sum to one True 
agelng error False 
step 1 
dist multinomial 
r 0.0001 
N_process error 30 

# RELATIVITY CONSTANTS 
@estimate 
parameter q[qPTcpue7491] .q 
lower bound 1e-8 
upper bound 1 
prior uniform-log 

@estimate 
parameter q[qSTcpue9099] .q 
lower bound 1e-8 
upper_bound 1 
prior uniform-log 

@estimate 
parameter q[q TSI 3+].q 
lower bound 1e-9 
upper_bound 3.0 
prior uniform-log 

@estimate 
parameter q[q_TSI 2+].q 
lower bound 1e-9 
upper_bound 3.0 
prior uniform-log 

#FREE PARAMETERS 

@estimate 
parameter initialization.BO 
lower bound 10000.0 
upper_bound 1000000.0 
prior uniform-log 

@estimate 
parameter recruitment.YCS 
lower bound 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 
0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 1.0 
upper bound 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 
20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 20.0 1.0 
prior uniform 

#PENALTIES 

@vector_average_penalty 
label yeS mean 1 
vector recruitment.YCS 
k 1 
multiplier 40.3 

@catch_1imit_penalty 
label CatchMustBeTaken Lline 
fishery Lline 
log_scale true 
multiplier 100 

@catch_limit_penalty 
label CatchMustBeTaken Strawl 
fishery Strawl 
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log_scale true 
multiplier 100 

@catch_ limit_penalty 
label CatchMustBeTaken ptrawl 
fishery ptrawl 
log_scale true 
multiplier 100 

@catch_limit_penalty 
label CatchMustBeTaken Recr 
fishery Recr 
log_scale true 
multiplier 100 

A1.3.1 Population file for SSW 

@size based 0 
@min_age 2 
@max_age 11 
@plus_ group T 
@sex_partition T 
@mature_partition F 
@n areas 1 
@n stocks 1 

@initial 1979 
@current 2002 
@final 2007 

@annual_cycle 
time steps 2 
recruitment time 2 
spawning_time 2 
spawning_part_mort 0.5 
spawning_ps 1.0 
aglng tlme 2 
M_props 0.9 0.1 
baranov F 
fishery_names spawn 
fishery_times 2 
maturation times 2 

@standardise yes T 
@y_enter 2 
@recruitment 
yes years 1977 1978 1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 
1994 1995 1996 
yes 1 
1 1 1 
SR none 
p_male 0.5 
sigma_r 1. 0 
first free 1977 
last free 2000 

1997 
1 
1 

@na tural_mortality 
avg 0.20 
diff 0.02 

@fishery spawn 

1998 1999 2000 
1 1 1 
1 1 1 

years 1979 1980 1981 1 982 1983 
1994 1995 1996 1997 1998 1 999 

1 1 1 1 

1984 1985 1986 
2000 2001 2002 

1 

198 7 

1 1 

1988 1989 

1 1 1 1 1 

1990 19 91 1992 1993 

catches 25305 1282 8 5989 7915 12803 107 77 7490 15252 128 0 4 17422 2661 1 16542 2 1 314 14208 9316 
11668 10436 16504 18923 27164 27205 18409 29999 31847 
U max 0.7 
selectivity trawl sel 
future years 2003 2004 2005 2006 2007 
future catches 10000 10000 10 0 00 10000 10000 

@selectivity names trawl sel a co 4 sel aco3 sel aco2 sel 

@selectivity trawl sel 
male allvalues 0.05 0.6 0.95 1 1 1 1 1 1 1 
female allvalues 0.05 0.6 0.95 1 1 1 1 1 1 1 
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@selectlvity aco4 sel 
all allvalues 0 0 1 
@selectivlty aco3 sel 
all allvalues 0 
@selectlvity aco2 
all allvalues 

@initialization 
BO 200000 

1 

1 0 
sel 
0 0 

1 1 1 1 1 1 1 

0 0 0 0 0 0 0 

0 0 0 0 0 0 0 

Cinitial male allvalues le4 le4 le4 le4 le4 le4 le4 le4 le3 le4 
Cinitial female allvalues le4 le4 le4 le4 le4 le4 le4 le4 le3 le4 

@size_a t_age_type dat a 
@slze_at age step 2 
@size_at_age_years 1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 
1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 
@slze at age 
male 1979 29.8 33.5 38.8 

female 2003 28 .8 36.9 40.6 

@size_weight 
a male 0.00000515 
b male 3.092 
a female 0 . 00000407 
b female 3.152 
verify_ size_weight 25 100 110 

@maturity_props 
male allvalues 0.05 0 . 6 0.95 
female allvalues 0.05 0.6 0.95 

A1.3.2 Estimation file for SSW 

@estimator Bayes 
@max_iters 500 
@max evals 1000 

@relative abundance acoustics 4 
biomass T 
q aco4q 
years 1993 1994 1995 1998 2000 2002 
step 2 
oglve aco4 sel 
proportion_mortality 0.5 
dist lognormal 

@relative abundance acoustics 3 
biomass T 
q aco3q 
years 1993 1994 1995 1998 2000 2002 
step 2 
oglve aco 3 sel 
proportion_mortality 0 .5 
dist lognormal 

@relative abundance acoustics 2 
biomass T 
q aco2q 
years 1993 1994 1995 1998 2000 2002 
step 2 
oglve aco2 sel 
proportion_mort ality 0 . 5 
dist lognormal 

1 
1 

@catch_at observer proportl ons at age 

4l. 6 42.0 43. 0 44.0 44. 5 44 . 5 43.1 

42.2 43.0 44.5 45.2 48.3 48.2 48.6 

1 1 1 1 1 1 
1 1 1 1 1 1 

years 1979 1980 1981 1982 1983 1984 1985 1986 1988 1989 1990 1991 1992 1993 1994 1995 1996 
199 7 1998 1999 2000 2001 2002 
fishery spawn 
sexed T 
plus group T 
dist lognormal 
cv_process error 0 .40 
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@estimate 
parameter q[aco4ql.q 
lower bound 0.1 
upper_bound 2.8 
prior uniform-log 

@estimate 
parameter q[aco3ql.q 
lower bound 0.1 
upper_bound 2.8 
prior uniform-log 

@estimate 
parameter q[aco2ql.q 
lower bound 0.1 
upper_bound 2.8 
prior uniform-log 

@estimate 
parameter initia1ization.BO 
lower bound 3e4 
upper_bound 1e6 
prior uniform-log 

@estimate 
parameter selectlvlty[trawl sell.male 
lower bound 0.0001 0.0001 0.0001 1 1 1 1 1 1 1 
upper_bound 1 1 1 1 1 1 1 1 1 1 
same maturity_props.male 
prior uniform-log 

@estimate 
parameter selectlvity[traw1 sell.female 
lower bound 0.0001 0.0001 0.0001 1 1 1 1 1 1 1 
upper_bound 1 1 1 1 1 1 1 1 1 1 
same maturity_props.female 
prior uniform-log 

@estimate 
parameter recruitment.YCS 
lower bound 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 
0.01 0.01 0.01 0. 01 0 .01 0.01 0.01 0.01 
upper_bound 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 
100 100 100 1 0 0 100 100 100 100 
prior lognormal 
mu 1 1 1 1 1 1 1 1 1 1 
cv 1 .3 1.3 1.3 1.3 1.3 1.3 
1.3 1.3 1.3 1.3 1.3 1.3 

@estimate 

111 I 1 
1.3 1.3 1.3 

parameter initialization.Cinitial male 
lower bound 1 1 III III le3 1 

1 1 1 I 1 
1.3 1.3 1.3 

upper_bound le7 le7 le7 le7 le7 le7 1e7 1e7 1e3 le 7 
prior uniform-log 

@estimate 
parameter initialization.Cinitial female 
lower bound 1 III I I I I le3 I 
upper_bound 1e7 1e7 1e7 1e7 1e7 1e7 1e7 1e7 1e3 1e7 
prior uniform-log 

@vector average penalty 
label YCS avg 1 
vector recruitment.YCS 
k 1 
multiplier 5 

@catch limit_penalty 
label catch limit 
log scale F 
fishery spawn 
multiplier 100 

@estimate 
parameter natural_morta1ity.avg 
prior lognormal 
mu 0.20 
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cv 0.20 
lower bound 0.05 
upper_bound 0.35 

@estimate 
parameter natural_mortality .di ff 
prior normal-by-stdev 
mu 0 
stdev 0 .05 
lower bound - 0 . 20 
upper_bound 0 .20 
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Appendix 2: Fitting a multinomial line to c.v.s 

In this Appendix I describe how the line in Figure 7 A was fitted to the data. This line shows the 
relationship between the c.v., c, of a multinomial proportion and the proportion p and has equation c = 
[( l-p )/(PN) ]0.5, where N is the sample size. We want to find the value of N that best fits the plotted 
data. This was done by minimising T, the sum of squares of the differences (in log space) between 
the points and the line. 

Now 

where the ith point is (Pi, Ci), and it is straightforward to show that this is minimised when 

Appendix 3: Analytical calculation of approximate age-frequency c.v.s 

This Appendix describes and evaluates a new method of calculating AF c.V.S. This was developed for 
the current project because it is much faster than the bootstrap method used by NIW A's catch-at-age 
software (Bull & Dunn 2002). That bootstrap method was used to calculate the c.v.s used in the 
initial assessments (plotted on the y-axis of the lower panels of Figure 3) but the new method was 
used for all simulated assessments using catch-at-age data derived from modified ALK samples. 

The new method replaces only the second of the two stages of the bootstrap method. The first stage 
(applying the catch-at-age software function calculate.numbers.at.length) uses only the length data 
and allows the calculation of the covariance structure (including c.v.s) for the LF. This stage needed 
to be done only once for each year for each of the main catch-at-age data sets, so the new method uses 
the covariance structure from this stage. The second stage (using function apply.age.length.key) uses 
the results from the first stage and does more bootstrapping to allow the calculation of the covariance 
structure of the AF. Without the new method this second stage would have had to have been applied 
many times for this project. 

In the rest of this report I have treated AFs (and LFs) as vectors of proportions, so when referring to 
the c.v.s of an AF I have always meant c.v.(PA) (in this Appendix, for simplicity I ignore sex, and so 
drop the subscript s). However, in developing the equations below it is useful to treat AFs and LFs 
initially as vectors of numbers, and then convert back to proportions at the end. Defining NL and NA 
to be the estimated numbers of fish in the catch that are of length L or age A, respectively, the 
relationship between an AF and an LF can be written as 

(A3.1) 

The variance of NA is given by 

(A3.2) 

Our aim is to calculate an approximation for V ( N A) from the ALK, the LF, and bootstrap-estimated 

covariance structure for the LF: V (NL) and Cov (NLl' N L2 ) . 

43 



It is quite reasonable to assume that the LF and ALK are independent (so Cov(NL , PLA) = Cov(Nu , 
PL2A) = 0) and also that the rows of the ALK are independent of each other (so COV(PUA , PUA) =0). 
This means that 

and 

so 

V(NLPLA) = (ENJ2 V(PLA)+(E PLA)2 V(NL)+ V(Nr}V(PLA) 

~ N~ V(PLA)+ P~A V(NJ+ V(Nr}V(PLA) 

Cov( NL1PLlA' NL2 PLZ A ) = Cov( Nw NL2 ) E(PLIA) E(PL2A) 

~ Cov( NL1 , NL2 ) PLlAPL2A 

V(NA)~ IJ(N~+V(Nr})V(PLA)+piA V (Nr)] 

+ ILI;OLZ[PLIAPL2A Cov(Nw NL2 )] 

(A3.3) 

(A3.4) 

(A3.5) 

Four alternative ways to approximate V(PLJ were investigated. The first method treats nL as a 

fixed number. In principle this could be correct. That is, the nL could be specified before the ALK 

sample is collected. In that case, P LA is a binomial proportion with parameters nL and E (p LA) , and so 

V(PLA) =E(PLA)[l-E(PLJ]/nL 

~ PLJl- PLA llnL 
(A3.6) 

In practice the nL are generally not pre-specified and so should be treated as random variables, though 
it is not obvious what their distributions should be. The other three methods all assume that they are 
binomial variates with parameters nand E(nL)/n. Although this is probably not strictly the correct 
distribution it is what is implicitly used in the bootstrapping procedures of the catch-at-age software 
and is likely to be more realistic than assuming that the nL are fixed. With this assumption, PLA may 
be thought of as the ratio X/Y where Y (= nL) is binomial with parameters nand Jrl (= E(nr)/n) and, 
conditional on Y, X is binomial with parameters Yand Jr2 (= E(PLA». It is straightforward (though 
tedious) to show that 

Therefore 

p(x ~ x, Y ~ y) ~ (; },rrl-ff,r't },; (I-ff,)" 

~ [(: )ff'< (I-ff,)", ][ (;=: )ff~-< (l-ff,)'" ] 

V(PLJ =E(piA)-E(PLJ2 

= I:~oI:~)x/y)2 ~Tz -[I:~oI~,~)x/y)~Tz J 
= I:~oI:~o(X/y)2 ~Tz -[I:~oI:~o(x/y)~Tz J 
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This is exact, given the above assumptions about nL, and is our second method of calculating 

V (p LA)' It works well for small to moderate values of n but slows down rapidly as n becomes 

larger. However, the computation time is much reduced if the upper bound ofthe first of each pair of 
summations is reduced to u, the upper 0.999 quantile of Y, and this is our third method: 

(A3.9) 

The fourth method uses the delta method (see p. 7, Seber 1973) to obtain an approximate variance: 

V( ) = V(X) + [E(X)J V(Y) _ 2E(X)Cov(X,y) 

PLA [E(Y)J [E(Y)T [E(Y)J 
(A3.10) 

where, by definition, E(Y) = niT\ and V(Y) = n7l'\(l-7l'\) , and it is straightforward to show, using 
equation A3 .6, that E(X) = n7l'3, VeX) = n7l'3(1-7l'3), and Cov(X,y) = n7l'3(1-7l'\). 

For the simulation experiment in this report, V (NA ) was calculated using equation A3.5, with 

method 3 (equation A3.9) of calculating V(PLA) , and then the AF c.v.s were calculated using the 

approximation c. v.( pJ ~ c. v.( NA ) ~ (V (NJ t 5 
/ NA • This method produced c.v.s which were 

reasonably close to those calculated using the bootstrap method (Figure A3.1) . 

Using method 2 (equation A3.8) in place of method 3 produced almost exactly the same results, with 
c.v.s differing by no more than 0.0004 for the six data sets of Figure A3.1. However, methods 1 and 4 
produced consistently lower c.v.s, as did method 3 when the LF covariances were ignored (Figure 
A3.2). 
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Figure A3.1: Comparison of bootstrap (x-axis) and analytical (y-axis) methods of calculating the c.v.s of 
AF proportions. The analytical method used equations A3.5 and A3.6 and the comparison is made for 
data from the first and last year in each assessment using the initial ALKs. 
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1.2 = me 0 equa Ions 
2 = method 2 (equations A3.5 & A3.8) 
3 = method 3 (equations A3.5 & A3.9) 
4 = method 4 (equations A3.5 & A3.1 0) 
x = method 3 ignoring LF covariance 

SNA91 SNA03 SBW79 SBW02 

Assessment and year 

HAK92 HAK03 

Figure A3.2: Comparison of five alternative analytical methods of calculating the c.v.s of AF proportions 
with the bootstrap method. Each plotted point represents the median of the ratio of analytical c.v.s 
divided by bootstrap c.v.s for one of the six data sets in Figure A3.1. The phrase "ignoring LF 
covariance" means setting COV(NLI.NLZ) = 0 in equation A3.S. 
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