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1 Executive Summary 

In stock assessments using standardsed CPUE indices, one of the usual assumptions 
- that the indces are uncorrelated - is known to be wrong. This report investigates 
the impact of that wrong assumption. 

The theory supporting the standardisation of CPUE indices and their use in stock 
assessments is described in detail and then extended. It is shown that a key 
assumption underlying common practice is that most of the uncertainty associated 
with the indices comes not from the CPUE data but from year to year variations in 
catchabili ty. 

A simulation experiment, based on data from 19 CPUE data sets, is used to determine, 
for a wide range of conditions, the impact of the wrong assumption. It is shown that 
both the correlations and c.v.s (coefficients of variation) estimated as part of the 
CPUE standardisation are virtually irrelevant in this context. Instead, what is 
important is the nature and extent of variation in catchability (described by the 
parameters c, and p,). This variation can not be inferred from the CPUE data alone. 

The impact of the wrong assumption is that confidence intervals for biomass estimates 
may be very wrong (either much too wide or much too narrow). The factors that 
control whether an estimated confidence interval is too narrow or too wide are 
drscussed. For existing stock assessments based on standardised CPUE indices it is 
not possible to determine how wrong the estimated confidence intervals may be 
because there are no estimates of c, and p, for New Zealand stocks. However, where 
the assessment also used other (non-CPUE) biomass indices the effect of this wrong 
assumption is unlikely to be large. 

Two directions for future research are discussed. 

This document is a final report for work carried under Objective 2 of Ministry of 
Fisheries project SAM9801: To determine the impact of correlations in standardised 
CPUE indices on stock assessments. 

2 Introduction 

The problem addressed in this report may be stated quite simply. One input into some 
New Zealand stock assessments is a series of standardised CPUE (catch per unit 
effort) indices. It is always assumed in the stock assessment model that these indices 
are uncorrelated. However, this will always be untrue because of the nature of the 
catch and effort data and the regression procedure that is used to calculate the indices. 



In what follows I investigate the impact of these correlations. That is, I consider the 
effect of assuming that the indices are uncorrelated when this is untrue. Thus, I 
address Objective 2 of Ministry of Fisheries project SAM9801: To determine the 
impact of correlations in standardised CPUE indices on stock assessments. This is a 
final report on work carried out on that objective. 

I first describe the theory underlying the problem (Section 3) and then extend that 
theory (Section 4). I use a simulation experiment (Section 5) to evaluate the influence 
of various relevant factors, and then I discuss the results and draw inferences (Section 
6). Technical proofs are given in an Appendix, so as to avoid cluttering the 
presentation. 

3. The Problem in Detail 

The two most obvious elements of the problem are the process of producing CPUE 
indices (by "standardising" CPUE) and the way those indices are used in stock 
assessments. The description of these leads naturally to the third, and crucial, 
element: annual variation in catchability. 

3.1 The Theory of CPUE 

The theory of CPUE is simple. It says that, for a standard unit of effort (SUE) applied 
to a given fish stock, the expected catch is proportional to the stock biomass. This 
implies that if the stock biomass halves (or doubles) over time, then so will the 
expected catch (for an SUE). We need to relate this to a measure of effort because 
many factors besides stock biomass are known to affect catches. These include 
fishing time, gear specifications (e.g., the headline height of a trawl, or the number of 
hooks on a longline), vessel type (or tonnage, or horsepower), season, and area. To 
specify an SUE we must fix all these other factors. Thus an SUE for a given stock 
may consist of a particular vessel with a specified gear fishing for a given length of 
time in a given area at a given season. 

In commercial fisheries any change in mean catch from year to year will be caused 
partly by annual changes in biomass and partly by variation in all the other factors that 
affect catch rate. The idea of "standardising" CPUE is to remove the effect of all 
these other factors so that we can infer how much the biomass has changed from year 
to year. 

3.2 Standardking CPUE 

The process for standardising CPUE uses multiple linear regression. Included in the 
regression are terms relating to each of the factors that are found to affect CPUE for 
the fish stock under consideration. Some of these factors will enter the regression as 
continuous variables and others (including year) as categorical variables. For the 
purposes of this explanation I will assume that there are two categorical variables 
(year and area) and one continuous variable (horsepower). In this case we may write 
the regression equation as 



where 
- Ci is the logarithm of the ith CPUE observation, i = 1,. . . ,n , 
- A  is the regression constant, 
-q , Zk , and W are regression coefficients associated with year, area, and 
horsepower, respectively, 
-Iq , Jik , and Hi are regression variables, and 
- &i is an error term. 

Both Id and Jik are indicator variables whose values are always either 1 or 0. Zii 
indicates which year is associated with each CPUE observation (i.e., Iij = 1 if Ci is 
from yearj and 0 otherwise). In a similar fashon Jik indicates which area is associated 
with each CPUE observation. Hi is the horsepower of the vessel associated with Ci . 

The indices r and s indicate reference levels for year and area, respectively. This 
means that the effect of year on catch rate is estimated relative to the catch rate for 
year r (and similarly area effects are estimated relative to area s). Note that neither Y, 
nor Z, enters Equation (1). It is conventional to define Y, = 0 and Z, = 0, which means 
that (1) is equivalent to 

The CPUE data provide the observations, C i  , and the regression variables (Iij , Jik , 
and Hi). The standard regression equations are then used to make estimates, 

(A,?, f ,w), of the coefficients (A,Y, ,Zk ,W). It is always assumed that the E, are all 

independent and normally distributed with some common variance oi (see Section 
6.2 for a discussion of the consequences of failure of this assumption). 

The CPUE indices used in stock assessment models are the yj = exp(q), which are 

sometimes called year effects. It is straightforward to show (see Appendix Al) that 
the yj have a multivariate lognormal distribution, where the log(yi) have expected 
values  log(^, I B,) and an easily calculated covariance matrix V, . A point to notice 

is that y, = 1 (i.e., it has expected value 1 and variance 0). 

Because most CPUE data sets are veryelarge the cv.s of the yj are usually very small 
(less than 0.1). Further, because of the unbalanced (undesigned!) nature of CPUE 
data, these c.v.s will always vary with j and there will always be correlations amongst 
the yj (i.e., the off-diagonal elements of V, will be non-zero) (see examples in Section 
5.1). 

In the next section we will see how these CPUE inhces are used in stock assessment 
models and how the distributional assumptions made about them differ from those 
just outlined. 



3.3 Stock Assessment 

A variety of stock assessment models has been used with CPUE indices in New 
Zealand. However, the way that CPUE indices enter these models is always similar. 
To describe this it is useful to think of the models as having two parts: 
fisherieshiological and statistical. 

The fisherieshiological part of a model determines how Bj , the stock biomass in year 
j, is calculated from a combination of known parameters (which may include a catch 
history and biological parameters such as natural mortality) and trial values of the 
parameters that are to be estimated (usually including Bo, the virgin biomass). 
Although this calculation may be complicated it often turns out that the relationship 
between Bo and Bj is well approximated by the simple equation 

Bj = BO - (Bo,tme - Bj,true) (2) 

where Bo,rn, and Bj,rne are the true values of Bo and Bj . 

The statistical part of the model describes the distributions of the observed CPUE 
indices, yj , and how these relate to the Bj . The yj are always treated as independent 
random variables (usually lognomally, but sometimes normally, distributed) with 
expected value qBj and known c.v., where q is a parameter (called the CPUE 
catchability) to be estimated. The c.v.s of the yj are usually taken to have the same 
value, cy , for all years. A typical value for cy is 0.35 [in recent assessments this value 
was used for hob, hake, and ling (Dunn 1998; Annala et al. 1999); 0.3 was used for 
ORH7A (Field 1999)l. 

An important property of the yj in stock assessments is that they are scale independent. 
That is, the biomass estimates from the assessment are unchanged if the indices 
yl7y2,. . . ,Ym are replaced by kyl,ky2,. . .,kym for some constant k. The only effect of this 
replacement is that the estimate of the nuisance parameter, q, is divided by k. 

The above assumptions appear to contradict the results of the preceding section in two 
ways. The assumed independence of the yj is contrary to the finding that these indices 
are correlated. Also, the assumed c.v.s of the y, are too high (particularly for the 
reference year, where the C.V. should be zero). 

3.4 Variable catchability 

The usual explanation for these apparent contradictions (although this is not often 
stated) is that catchability varies annually. In other words the expected value of yj is 
qiBj rather than qBj , where the qi are all different. This means that although we can 
accurately estimate the year-to-year change in expected catch from an SUE (as 
implied by the low c.v.s estimated in the CPUE standardisation) our estimates of the 
change in Bj must be less accurate. 

This explanation seems reasonable and is supported by the observation that the CPUE 
residuals from stock assessment models typically have variances much greater than 



would be expected from the c.v.s calculated from the CPUE standardisation (i.e., from 
V,). However, it does not explain why correlations amongst the yj are ignored. 

This completes the full statement of the problem addressed in this report. Our aim is 
to see what is the impact on stock assessments of ignoring these correlations. 

4 Extending the Theory 

We can go no further with this problem without developing a model of how 
catchability varies from year to year. As far as I know, no such model exists for New 
Zealand stocks. In principle, the model structure might be inferred from an 
examination of CPUE residuals from a large number of stock assessments. However, 
that is a substantial task, beyond the scope of the present project. Instead, the simplest 
credible model will be assumed and then we will see how this affects the distribution 
of the CPUE indices. 

4.1 A model for variable catchability 

I will assume that the log(%) form an AR(1) process (Box & Jenkins 1976) with mean 
&, standard deviation oq, and lag-1 correlation p, . The assumption that all the qj 
have the same distribution is justified on the grounds of simplicity. That this is a 
lognormal distribution seems reasonable because catchabilities act mutiplicatively, 
rather than additively. Autocorrelation is introduced because the probable cause of 
varying catchability is environmental change, and such change is often correlated. 

Under these assumptions the all have mean q = exp(,uq + 0.5 oz ). The covariance 

matrix, V, , of {log(%)) is defined by 

or, when p, = 0, V, = oi I,,, , where I,,, is the m x m identity matrix. This means that 

the correlation between log(%) and log(qk) is &-'I. 

It will be convenient when using this model to specify the C.V. of the qj (denoted c,) 
rather than o, . These two parameters are related by the equation c: = exp(oz) - 1. 

4.2 The effect on CPUE indices 

The effect of allowing catchability to be variable is to change the distribution of the 
CPUE indices, { y j } .  They are still multivariate lognormal, and {logb)) still has mean 
log(B, 1 B,). However, it may be shown that the variance of is now VNq + 
Vy , rather than simply Vy (see AppenQx A2 for proof and a definition of the matrix 
VqIq). An important point to remember is that VNq , like V, , depends on the choice of 
reference year, r. 



4.3 A Canonical Form for CPUE Indices 

It is well known that the CPUE indices derived from Equation (1) also depend on the 
choice of reference year. The way this works is very simple. If we change to 
reference year r'and generate new indices yj then these are related to the yj by the 

equations y; = y, / y ,  (see Appendix A3 for proof). For example, if the inlces are 

calculated to be 1, 0.64, 0.25, 0.16 when the reference year is the first year, then 
switching the reference year to year three would produce indices 4,2.56, 1,0.64. This 
change in indices has no material effect on the stock assessment because of the scale 
independent property (see Section 3.3). However, the covariance matrix for { yi ) 

may be quite different from that for {yj). Thus, we have at least m different 
covariance matrices to consider - one for each possible reference year - and no 
reason to choose one over any other. 

There is another way of expressing CPUE indices that is independent of the choice of 
reference year. I call this the canonical form, y;, defined by y; = y, I 7 ,  where J is 

the geometric mean of the yj . Alternatively, we could say that y; = exp(?), where 

= - mean, (8)  (note that log( 7 ) = mean, ($ ) ). In the example in the preceding 

paragraph the canonical form for the indices would be 2.5, 1.6, 0.625, 0.4 . The 
canonical form does not depend on the reference year because y, / 7 = y; 1 7 .  Note 

also that the geometric mean of the yyis always 1. Because of the scale independent 

property a stock assessment using the yg will give precisely the same biomass 

estimates as one based on the yj (or the yj ). 

It is straightforward to show that { y g }  is multivariate lognormal, and log{y9} has 

mean  log{^, I E} , where Bis  the geometric mean of the Bj , and covariance matrix 

l'o, which is the sum of two matrices: a catchability component, v:, and a CPUE 

component, V; (see Appendix A4 for proof and definitions of V:  and^; ). 

Sometimes the y; will be referred to as CPUE indices with no reference year. The 

reasons for using this canonical form will become clear when we examine some 
empirical data in Section 5.1. 

5 Simulations based on real CPUE data 

To investigate the effect of ignoring correlations I carried out simulations based on 
real CPUE data using a simple stock assessment model. 



5.1 The Data 

A collection of 19 CPUE data sets (Table 1) was assembled. These covered seven 
species with data sets rangmg in size from about 1000 to 72 000 observations and 
extending over 4 to 15 years. For each stock the most recent published CPUE analysis 
was used. 

Table 1: Details of CPUE data sets used in the simulation experiment 
Species Stock Size Years Reference 
Red g u a r d  GUR 1 W (QMA 9) 10 779 1990-97 Hanchett et al. unpublished data 

GURlE (QMA 1) 30 113 1990-97 Hanchett et al. unpublished data 
GUR2 23 121 1990-97 Hanchett et al. unpublished data 

Scampi SCIl 6 431 1989-97 Cryer et al. 1999 
SCI2 10 777 1989-97 Cryer et al. 1999 
SC13 2 343 1993-97 Cryer et al. 1999 
SCI4W 5 320 1992-97 Cryer et al. 1999 
SCUa 6 582 1992-97 Cryer et al. 1999 

Trevally TRE7t (TRE target) 3 166 1990-97 Francis et al. 1999 
TRE7s (SNA target) 2 418 1990-97 Francis et al. 1999 

Orange roughy ORH7A (Challenger) 12 41 1 1983-97 Field 1999 
ORH7B (WCSI) 1 252 1986-96 Field unpublished data 

Hake HAK7 26 736 1989-97 Kendrick 1998 
HAK4 2 195 1989-97 Kendrick 1998 

Ling LlN34a 7 680 1990-95 Ballara 1997 
LIN34b 5 01 1 1992-95 Ballara 1997 
LIN7 5 100 1990-97 Horn & BaLlara 1999 

Hoki HOKl wc (WCSI) 71 710 1987-97 Ballara et al. 1998 
HOKl cs (CSTR) 19 310 1989-97 Ballara et al. 1998 

For each data set the covariance matrix V, was calculated, using the same reference 
year that was used in the published analysis (which was always the first year in the 
data set). From these it was easy to calculate the alternative forms of V, for each 
possible reference year, and also v:, the covariance matrix associated with the 

canonical form for the CPUE indices. 

In the remainder of this section it is important to recall the close relationship between 
the estimated year coefficients, 4 ,  and the CPUE indices, yj . Because the 4 are 

normally distributed and y = exp(?), 

with the last approximation holdmg quite well for s.d.s below 0.5. Also, it may be 
shown that the correlation between two CPUE indxes y, and yk is approximately the 

same as that between the corresponding estimated year coefficients, < and (see 

Appendix A5 for proof). 

For all stocks the correlations amongst the CPUE indices depend strongly on the 
choice of reference year (Figure 1). When a reference year was used, the correlations 
were all positive, typically about 0.5; with no reference year (i.e., with the canonical 
form) the correlations were almost always small and negative (usually about -0.1). 
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Figure 1: The effect of the choice of reference year on correlations between estimated year coefficients for 
the 19 CPUE data sets of Table 1. Each plotted point is a single correlation between two year coefficients 
calculated with a specified reference year, or (for 'None') in canonical form. F o r  a data set containing data 
from rn gears there are 0.5(m-l)(m-2) correlations for each choice of reference year (ignoring the zero 
correlations associated with the reference year), or 0.5m(m-1) correlations when there is no reference year.] 
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Figure 2: The effect of the choice of reference year on standard deviations (s.d.s) of estimated year 
coefficients for the 19 CPUE data sets of Table 1. Vertical broken lines are at multiples of 0.05. Each 
plotted point is an sad. for an estimated year coefficient calculated with a specified reference year, or (for 
'None') in canonical form. For  a data set containing data from m years there are m-1 s.d.s for each choice 
of reference year (ignoring the zero s.d associated with the reference year), or m s.d.s when there is no 
reference year.] 



The s.d.s of the estimated year coefficients (and thus the c.v.s of the CPUE indices) 
also depended strongly on the choice of reference year (Figure 2). These were always 
lowest when there was no reference year. Although there is a great deal of between- 
stock variation, all the s.d.s for most of the stocks (14 of 19) (and thus all the c.v.s of 
the CPUE indices) are small (< 0.1), as was asserted in Section 3.2. This is even more 
true when we consider only the canonical form for the indices. For this form, the 
average s.d. is (with one puzzling exception) inversely related to the average number 
of observations per year (Figure 3). 

Mean observations per year 

Figure 3: The average s.d. (standard deviation) of an estimated year coefficient (calculated with no reference 
year) plotted against the average number of observations per year for each stock in Table 1. 

More could be said about some of the patterns in Figures 1 and 2. Because it is not 
necessary for the present work, I have confined this lscussion to Appendix A6. 

5.2 A simplified stock assessment model 

The biological part of the stock assessment model used in the simulations is extremely 
simple. It has m known parameters - bl,.  . .,bm - and one unknown parameter, Bo , 
and it assumes that Bj = Bo - bj (i.e., Equation (2) in Section 3.3 is assumed to be 
exact). This means there is no need for the usual biological parameters (describing 
natural mortality, growth, etc) or for a catch history. Instead, the parameters bl, .  . .,bm 
directly define the shape of the biomass trajectory of the stock. This simplification 
was made because the biological detail of the model is irrelevant to the problem 
addressed here. All that matters is the relationship between the CPUE indices, yj , and 
the associated biomass, Bj . 

That relationship is described in the statistical part of the model. This allows for more 
than one series of biomass indices, each of which could be relative (from CPUE or 
some other source) or absolute. As is conventional, all indices are assumed to be 
independent and lognonnally distributed. The index yu (for year j from series i) is 



assumed to have expected value qiBj and known c.v., cij, where qi is treated as a 
parameter to be estimated (if the ith series is relative) or is fixed at 1 (if the series is 
absolute). In all of the simulations the c~ were assumed to be the same for all years 
(i.e., cij = ci for all j) .  Note that Ci is very similar in meaning to c, ; the former applies 
to the ith of several series of biomass indices, the latter specifically to CPUE indices. 

Parameters to be estimated are Bo and those of the qi that are not fixed. Estimation is 
by maximising the log-likelihood 

2 where O~ = log(ci + 1). 

This is a natural extension of the stock reduction analysis (SRA) of Francis (1990). 

In the simulation experiment, the true value of Bo was always taken to be 100, and all 
estimates of Bo were constrained to lie between B*, and Bmx. B ~ ,  was taken to be 
0.5(3bj* - bj*-,), where the smallest biomass in the true biomass trajectory occurs in 
year j*. This is analogous to the normal practice of setting B ~ n  to be the smallest 
value of Bo that would allow the observed catch history to have been caught. B,, was 
arbitrarily taken as 1000 (i.e., ten times the true value of Bo). A maximum value is 
necessary because for some simulated data sets the maximum-likelihood estimate of 
Bo is infinite. 

5.3 Biomass trajectories 

Six different biomass trajectories were considered. Three were linear declines: from 
Bo to 30%, 50%, and 70% of Bo (these were labelled L30, L50, and L70, respectively). 
The other three (labelled V30, V50, V70) were V-shaped, with a linear decline to 30% 
Bo over the first half of the stock history followed by a linear rebuild to 30%, 50%, or 
70% of Bo . 

For each simulation the length of the biomass trajectory was determined by the 
number of years in the CPUE data set. This means that L50, say, is a much faster 
decline when the LIN34b data set (with 4 years) is used than when ORH7A (15 years) 
is used. 

5.4 Simulated indices 

Most of the simulations used only one series of indices - from CPUE. These indices 
were simulated in two ways. First, the distribution assumed in the stock assessment 
model (see Section 5.2) was used. Results using these simulated data sets tell us 
about the assumed performance of our stock assessment model. Second, a 
distribution based on the variable-catchability model (see Section 4.4) was used. That 
is, the indices were simulated using a covariance matrix, , which was the sum of 
V: (calculated from the assumed c, and p,) and the  from the assumed stock. 



Results from these data sets tell us about the real performance. The aim was to 
compare assumed and actual performances. 

In some simulations, non-CPUE indices were used together with CPUE. These were 
always simulated using the distribution assumed in the stock assessment model. 
When a relative biomass index was used this was taken to cover the whole period of 
the fishery and to have the same C.V. in each year. When an absolute index was used 
this was taken as a single estimate in the last year of the fishery. 

5.5 Performance measures 

A series of scenarios was investigated. For each scenario, the following quantities 
were specified: 

- a stock (one of the 19 stocks in Table I), 
- values of c, and p, which define the variability in catchability (Section 4.1), 
- values of ci , the c.v.s assumed by the stock assessment model, 
- a biomass trajectory (Section 5.3), and 
- what non-CPUE indices (if any) were used. 

For each scenario, 1000 data sets were simulated following the assumptions of the 
stock assessment model. These were fitted to the model to produce 1000 estimates of 
Bo and four performance measures were calculated from these 1000 numbers: 

plea = the proportion of estimates that were less than the true value, 
bias, = mean estimate - true value, 
sda = the s.d. of the set of estimates, and 
mg, = the range of an 80% confidence interval. 

These all measure the assumed performance of the model. 

Next, the same procedure was followed with 1000 data sets simulated using the 
variable-catchability model. This produced four measures of real performance: plo, , 
bias,, sd, , and mg, . 

The measures plea and plo, turned out to be non-informative. They were always near 
0.5 (between 0.48 and 0.54) and the difference between plo, and plo, was not in any 
consistent direction. Thus, these measures are not reported below. 

What we are interested in is how the real performance compares to the assumed 
performance. This was measured by taking the following ratios of the above 
quantities 

r.bias = bias,/ bias, r.sd = sd, 1 sd, r. mg = mg, / mg, 

where the initial 'r' denotes relative performance. For all these relative measures a 
value greater (or less) than 1 means that real performance is worse (or better) than 
assumed performance. 



It was not always possible to calculate a meaningful value of r.mg because the upper 
bound of a confidence interval can be no greater than B,, . But r.mg is misleading 
whenever the upper bound of a confidence interval (either real or assumed) is equal to 
Bmx . To avoid false inferences, these misleadmg values are not included in the plots 
of results given below. The reason that r.mg was expressed in terms of an 80% 
confidence interval, rather than the more conventional 95% interval, is to reduce the 
incidence of these misleading values. 

5.6 Selection of scenarios 

It would be prohibitively expensive (in time) to consider all combinations of all the 
factors that affect performance. Instead, a sensitivity-analysis approach was adopted. 
That is, a standard value was selected for each factor and then the sensitivity of 
estimator performance to varying each factor was investigated, one factor at a time. 

GURlW was selected as the standard stock because it lies in the middle of the 19 
stocks of Table 1 in terms of both the number of years covered and the s.d.s of the 
year coefficients (see Figure 3). For the assumed CPUE C.V. , ci, the standard value 
was taken as 0.35, the value most commonly used in practice. The same value was 
used for c,, the C.V. of catchability, for reasons given below. The standard biomass 
trajectory was L50 (linear decline to 50% Bo) and the standard with non-CPUE indices 
was to omit them. 

There was one factor for which, because of its importance, there was no standard 
value. This was autocorrelation in catchability, p, . In each set of scenarios this was 
allowed to take all values between -0.6 and 0.6 in steps of 0.2. 

The five resulting sets of scenarios are described in Table 2. 

Table 2: Description of the five sets of scenarios used in the simulation experiment. For each set, one factor 
was allowed to take a range of values (see underlined values) while all other factors were held at their 
standard values (see text for details) 

Assumed Catchability Catchability Biomass Non-CPUE 
Set Stock(s) CPUE C.V. (c,) C.V. (c,) correl. @,) trajectories indices? 
1 GURlW 0.35 0.15 - 0.45 -0.6-0.6 L50 no 
2 GURl W 0.25 - 0.45 = cy -0.6 - 0.6 L50 no 
3 - All 0.35 0.35 -0.6-0.6 L50 no 
4 GURlW 0.35 0.35 -0.6- 0.6 no 
5 GURlW 0.35 0.35 -0.6 - 0.6 L50 Yes 
6 Selected from Va 0.35 -0.6 - 0.6 L50 no 

Before presenting the simulation results it is useful to note that, for most of the 
scenarios considered, the real absolute errors are typically substantial. For example, 
with our standard stock, GURlW, bias, = 90, sd, = 241, and mg, = 300. In other 
words, a single series of relative biomass estimates with high c.v.s does not gyve us 
much information about a stock. 



5.7 Simulation results 

Three main patterns are apparent in the results from the first set of scenarios (Figure 
4). First, if catchability is not auto-correlated (i.e., pq = 0) then performance is better 
(or worse) than assumed depending on whether c, is less (or greater) than the assumed 
CPUE C.V. Second, positive values of auto-correlation degrade performance and 
negative values improve it. Third, the three performance measures (r.sd, r.bias, and 
r. mg) produce results that are, qualitatively, similar. 

Autocorrelation, 4 
Figure 4: Performance measures from simulations for set 1 scenarios (as defined in Table 2). Each panel 
shows one performance measure plotted against catchability correlation for each of four values of c, : 0.15, 
0.25, 035, 0.45. Broken lines show the results when the covariance-matrix contribution from the CPUE 
regression is omitted. "Misleading" values of r.rng (see Section 5.5) are not plotted. 

The first two of these patterns were found to be true in (almost) all the simulations. 
For this reason the C.V. assumed for CPUE in stock assessments was set equal to c, in 
all the remaining sets of scenarios. These remaining scenarios demonstrate the extent 
to which other factors affect the relationship between performance and p,. They also 
show that r.sd and r.bias always show similar trends but r.mg is sometimes quite 
different. Before showing results from other sets of scenarios there is one more result 
from set 1. 

The set 1 simulations were repeated with the contribution from the CPUE 
standardisation regression omitted. That is, the covariance matrix V: was used 

instead of V' = V: +v: in simulating the CPUE indices. The results were almost 

identical (compare solid and broken lines in Figure 4). This means that the presence 
of correlations in v:, which is the whole reason for the present study, appears to be 

irrelevant to estimator performance (at least for GURlW). 



Set 2 provides an example where the trend shown by r.mg is opposite to that for r.sd 
and r.bias. As variability in catchability (as measured by cq) increases, the effect of pq 
on r.mg becomes greater, but the effect on r.sd and r.bias lessens (Figure 5). 

Autocorrelation, fi 
Figure 5: Performance measures from simulations for set 2 scenarios (as defined in Table 2): effect of 
catchability c.v., cq , on performance (when assumed c.v. = cq). Each panel shows one performance measure 
plotted against catchability correlation for each of five values of c, : 0.25,03, 0.35,0.4,0.45. "Misleading" 
values of r.mg (see Section 5.5) are not plotted. 

In set 3, all but three stocks were found to produce results similar to that for GURlW. 
That is, all three performance measures were usually close to 1 when p, = 0, and 
greater (or less) than 1 when pq was positive (or negative) (Figure 6, left panels). The 
three outstanding stocks, which showed worse performance when p, = 0 (Figure 6 ,  
right panels), were those with the highest s.d.s in Figures 2 and 3. That is, these are 
the stocks for which CPUE indices are unusually poorly estimated (usually caused by 
small data sets). 



Autocorrelation, 
Figure 6: Performance measures from simulations for set 3 scenarios (as defined in Table 2): effect of stock 
on performance. The left panels contain results for those stocks whose performance was similar to that of 
GURlW (whose results are shown with a solid line). Right panels show results for the other three stocks, 
with the effect of omitting the covariance-matrix contribution from the CPUE regression shown by broken 
lines. 'Misleading" values of r.mg (see Section 5.5) are not plotted. 



These two groups of stocks also differed in the extent to which performance was 
affected when the contribution from the CPUE regression was omitted. For the three 
outstanding stocks this made a substantial difference to performance (compare solid 
and broken lines in right-hand panels of Figure 6); for the main group of stocks there 
was little difference (not plotted). 

Amongst the main group of stocks, the effect of p, on r.sd and r-bias varies strongly 
from stock to stock and is determined almost solely by the number of years covered in 
each stock data set. The more years in a data set, the greater the effect of p, on 
performance (Figure 7). In contrast there is little between-stock variation in r.mg. 

Number of years 
Figure 7: The relationship between performance and the number of years in a data set, plotted for selected 
values of p, (using the results from the left panels of Figure 6). "Misleading" values of r.mg (see Section 5.5) 
are not plotted. 

The effect of biomass trajectory on performance also produced quite different patterns 
with the different performance measures. For r.sd and r.bias, the performance was 
most affected by correlation when the final biomass was low (trajectories L30, V30) 
and least affected when it was high (trajectories L70, V70) Figure 8). For r. mg, the 
effect is greatest for the linear trajectories and least for those that are V-shaped. 



Autocorrelation, R, 
Figure 8: Performance measures from simulations for set 4 scenarios (as defined in Table 2): effect of 
biomass trajectory on performance. The linear WO, L50C70) and v-shape (V30,V50,V70) trajectories are 
defined in Section 53. 'rMisleading" values of r.mg (see Section 5.5) are not plotted. 

The effect of including a second (non-CPUE) biomass series (set 5 scenarios) is quite 
predictable. If the CPUE series has relatively little influence on the stock assessment 
(either because the second series is absolute or has a low c.v.), then it is reasonable to 
expect that performance will not be much affected by changes in p, . Conversely, 
when the CPUE series is influential, changing p, should affect performance more 
substantially. This is precisely what the results of the set 5 scenarios show (Figure 9). 



Autocorrelation, F$ 
Figure 9: Performance measures from simulations for set 5 scenarios (as defined in Table 2): effect of a 
second biomass series on performance. The left (or right) panels show results when the second series is 
relative (or absolute) with C.V. 0.1,0.2,0.3,OA, or 0.5. "Misleading" values of r-mg (see Section 5.5) are not 
plotted. 



6 Discussion 

In scientific investigations it is not uncommon to find, after some study, that the 
problem that was initially addressed is not the right one. That is true here. The 
correlations mentioned in the Objective are those associated with the covariance 
matrix V: . What the above theory and simulation experiment show is that this matrix 

is (virtually) irrelevant. Thus ignoring these correlations has (virtually) has no effect. 
The variances and covariances that are relevant are those in the sum V: +v:, and 

what we have seen is that this sum is (usually) completely dominated by v:. It is 

only when we have unusually "pooryy CPUE data (which we saw in just 3 of our 19 
CPUE data sets) that V: exerts any influence at all, and that influence is still small. 

If the problem stated in the Objective is the wrong one, what is the right one? I would 
state this as: To determine the impact of the covariance assumptions made when 
standardised CPUE is used in stock assessments. Usually, these assumptions are that 
the CPUE biomass indices have a common C.V. (here denoted cy, and typically 
assumed to be about 0.35) and are uncorrelated. Behind the first of these assumptions 
(and often unstated) is the idea that most of the variance in CPUE indices derives 
from year to year changes in the catchability associated with CPUE. 

The impact of these assumptions is that our stock assessment estimates of virgin and 
current biomass may be more or less accurate than we think they are. In New Zealand 
stock assessments, the most common way of expressing this accuracy is as 95% 
confidence intervals for biomass. What the above simulation experiment shows is 
that the confidence intervals that are routinely calculated may be very wrong (either 
too wide or too narrow). Whether they are too wide (or too narrow, or about right) 
depends to a great degree on the relationship between our assumed value of cy and the 
C.V. of catchability, c, . It also depends on whether catchability is autocorrelated. 

If cq = cy and catchability is uncorrelated @, = 0), then our confidence intervals will 
usually be about right. However, they will be too narrow (or too wide) if c, is greater 
(or less) than cy . For example, Figure 4 shows that, for a GURlW stock assessment 
in which cy = 0.35, the true (80%) confidence interval for Bo would be more than 
twice as wide as we estimate if c, = 0.45, and less than half as wide if c, = 0.25. The 
word "usually" occurs in the first sentence of this paragraph because a few CPUE data 
sets (3 of the 19 in Table 1 - those singled in Figure 7) do not provide good 
estimates of CPUE indices. For these, c, would need to be a bit less than c, for the 
estimated confidence intervals to be of the right width. 

The effect of autocorrelation in catchability depends on its sign. Positive 
autocorrelations @, > 0) tend to make true confidence intervals wider than those we 
estimate; negative autocorrelations @, < 0) work in the opposite direction. [A similar 
effect occurs in simple linear regression. A positive (or negative) serial correlation in 
regression error terms increases (or decreases) the error bounds for the estimated 
regression slope.] What is a plausible value for pq is an open question. However, if 
this autocorrelation comes from environmental vari'abilit~ (e.g., sea temperatures, el 



Nifio) then absolute values are probably low (say under 0.3) and positive values are 
more likely than negative. 

Other factors that were found to affect the impact of the covariance assumptions were 
the size of c, (assuming that c, = c,), the particular CPUE data set, the true biomass 
trajectory, and the use of other (non-CPUE) biomass indices in the stock assessment. 
Of these, the last is probably the most important. If the assessment includes an 
absolute biomass estimate, or a non-CPUE series of biomass indices with C.V. much 
smaller than c, (half its value, say), then our assumptions about the CPUE indices will 
have little impact on the assessment. 

It is important to realise that CPUE data cannot, by themselves, tell us anything about 
changes in catchability. In particular, they do not allow us to estimate c, or pq . If 
catch rates increase from one year to the next this could be because either the biomass 
or the catchability has increased (or both). There is nothing in the CPUE data that 
allows us say which is the correct explanation. If we cannot say whether catchability 
has changed then we are clearly in no position to estimate c, or pq . However, if we 
also have a stock assessment model, we may be able to make some inferences (see 
Section 6.2). 

In the above restatement of the problem that is addressed in this report (second 
paragraph in this section) it is implicit that the CPUE covariance assumptions are 
always wrong. It is important to distinguish between the question addressed here 
("how big is the impact of their being wrong?') and the alternative question, "how 
wrong are they?'. To see why it is not fruitful to pursue the latter question we need to 
consider the effect of the choice of reference year. 

6.1 Effect of the reference year 

The choice of reference year for a CPUE analysis has absolutely no effect on the 
outcome of a stock assessment that uses the resulting CPUE indices. This is because 
this choice simply scales the CPUE indices. For example, if the indices are calculated 
to be 1, 0.64, 0.25, 0.16 when the reference year is the first year, then switching the 
reference year to year three would produce indices 4,2.56, 1,0.64 (the same numbers, 
but divided by 0.25). If we had decided not to have a reference year (i.e., to use what I 
called the canonical form for CPUE indlces) the indices would have been 2.5, 1.6, 
0.625, 0.4 (same as the original indices but divided by 0.4). Because of the way these 
indices are used in the stock assessment we would get exactly the same biomass 
estimates whichever of these three sequences we used. 

However, the choice of reference year has a substantial effect on the covariance 
matrix for the CPUE indices. This is most easily seen in an example (Table 3). For 
both choices of reference year the standard assumptions (all CPUE c.v.s equal to 0.35 
and all correlations equal to 0) appear to be badly violated. However, when the 
canonical form is used (i.e., no reference year) these assumptions seem to be much 
closer to the truth. 



Table 3. Effect of the choice of reference year on the c.v.s of CPUE indices, and the correlations amongst 
them, for the HAK4 data set assuming c, = 0.35 and p, = 0 
Reference year c. v. s Correlations 
1989 0 for 1989,0.53 - 0.62 for other years 0 for 1989; 0.42 - 0.52 for other years 
1997 0 for 1997,0.61 - 0.64 for other years 0 for 1989; 0.59 - 0.62 for other years 
None 0.34 - 0.43 for all years -0.17--0.11 f o r d  years 

These examples show that the choice of reference year has no effect on the impact of 
our standard assumptions (i.e., the effect on the output of the stock assessment) but it 
does strongly affect the extent to which these assumptions appear to be violated. This 
is why it is fruitless to ask how wrong these assumptions are. 

6.2 Future research 

The immediate usefulness of the above conclusions is more theoretical than practical. 
They give us a much clearer understanding of the consequences of our assumptions 
concerning CPUE indices. Specifically, they show that the covariance matrix Vy is 
usually irrelevant, and they highlight the importance of knowing about how 
catchability varies from year to year (i.e., of obtaining estimates of c, or p,). 
However, we can make no immediate use of these results because we have no 
estimates of c, or p, for New Zealand stocks. 

Clearly this is an important direction for future research. It is probably not feasible to 
estimate these parameters directly. However, where biomass trajectories have been 
estimated it should be possible to draw some inferences about likely values of c, and 
p, from a study of CPUE residuals. This work fits in well with what has been 
requested for Objective 1 of project SAM199910 1. 

Another potential area of research concerns the assumption, in standardising CPUE, 
that error terms are independent and identically distributed (see Section 3.2). My 
conclusion that Vy is irrelevant depends critically on this assumption. When the above 
work was almost complete I became aware of a stock for which this assumption 
appears to fail badly. For smooth ore0 in OEO 3A, Doonan et al. (1995) found that 
c.v.s estimated from a jacknife procedure were substantially bigger than those in Vy. 
Because of various data-quality concerns it may be that this data set is atypical. This 
could be resolved by the application of jackknife-type procedures to other CPUE data 
sets. 
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Appendix: Some proofs 

This Appendix contains some technical proofs that would have cluttered the 
presentation of the main body of this report. 

It will be convenient here to switch between the less formal terminology of most of 
this report and the more formal language of vectors and matrices. For example the 
phrase "the yj" refers informally to the collection of m estimates yl, yz,. . . ,y, . When I 
wish to treat this collection as a vector of length m I will write it as {yj). When 
applying a function, like log, to a vector I will use the notation log{yj) and {log(yi)) 
interchangeably. The expectation (mean) and variance of a random variable x (or 
vector {xj)) will be denoted E(x) and V(x) (or E{xj) and V{xj)). 

A1 Distribution of the CPUE indices, yj (Section 3.2) 

From standard regression theory (e.g., Draper & Smith 1981) the vector of estimated 

coefficients {A, q ,  2, , W} from Equation (1) is multivariate normal with expected 

value {A,Y,,Zk, W) and covariance matrix given by Vc = (xTxy1 OZ, where X is the 

"design" matrix for the regression and denotes the matrix transpose. (The ith row of 
X is a 1, followed by the ith row of lo , then the ith row of Jik , and then Hi). The 
covariance matrix Vy for the estimated year coefficients is the (m-1) x (m-1) submatrix 
of Vc consisting of rows and columns 2,. . . ,m (where m is the number of years covered 
by the CPUE data). 

The CPUE indices used in stock assessment models are the yj = exp($). From the 

above theory these indices must have a multivariate lognormal distribution, where 
{log(yj)) has expected value {Yj)  and covariance matrix Vy . 

To express this expected value in terms of biomass we define our standard unit of 
effort (SUE) for model (1) to be a vessel of horsepower Ho fishing in area s (the 
reference area). This is the unit of effort for which our catchability, q, is defined. 
Thus the expected catch rate from an SUE in year j i s  qBj . From Equation (I) we can 
see that the log(catch rate) for an SUE in year j is a normal random variable with 
mean (A + Y,  + WHO) and variance a: . This means that the catch rate is lognormal 

with mean exp(A + Yj + WHo + 0.5 a:). Therefore 

In year r (the reference year) (Al) becomes 

and substituting from (A2) in (Al) we get 



so that the expected value of log(yi) is log[BjlBr]. 

An important point to notice in the preceding calculations is that the coefficients for 
the non-year variables (area and horsepower) have dropped out. Thus no matter how 
many factors we have in our CPUE standardisation, none of these appear in the 
expected value of logb,). Also, we would have got precisely the same result if we had 
chosen a different SUE (i.e., a different reference area, s, or standard horsepower, Ho). 

Finally, a point about the reference year. The quantities ($1 and Vy , as derived above, 

contain no terms for the reference year because they derive from Equation (I), in 
which Y, does not appear. However, we will follow the usual convention of including 

(which is identically zero) in{<}. This requires expanding Vy to be an rn x rn 

matrix by inserting a row and column of zeroes (at row and column r). 

A2 Distribution of the CPUE indices, yj when catchability varies (Section 4.2) 

In Section A1 we said that the expected catch rate from an SUE in year j is qBj . 
When we allow catchability to vary from year to year we need to change that expected 
catch rate to %Bj . Now, if we follow through the same argument as given in Section 
Al,  but replace q by qi , equation (A3) becomes 

so that the expected value of is log[eB#( q,B,)] . 

Recall that regression theory says that the expected value of is Y,  . If we were just 

interested in the CPUE regression considered by itself we could treat the qi as being 

(unknown) constants. In this context our estimate ($1 would have an unknown 

mean, log{qiBjl(qrBr)), and a (usually small) variance given by V, . Once we come to 
include the CPUE indices in the stock assessment we must include uncertainty about 

the q/ . Here, we must consider {<}as having mean = ~ { l o ~ [ q ~ ~ ,  /(qrBr)]} and 

variance = Vqlq + Vy , where and V q ,  =v{log(q, lq,)} (for the variance we are 

making the reasonable assumption that the 6 and q, are independent). Note that the 

inclusion of variability in catchability has not changed the distribution of q ; it still 
has expected value 1 and variance 0. 

With the model in Section 4.1 we can calculate the expectation and Vqlq. First, note 
that 

{'og(q, 1 %)} = {lo&,) - l0g(qr)} = ~{log(q,)} 

where P is an m x m matrix with 



qj = 

Therefore 

1 i = j , j # r  

-1 i # j , j = r  

0 otherwise 

Also 

So 

or, when p, = 0, 

( I  I - I + ) i + r, j # r P 
otherwise 

20:  i =  j, i # r ,  j # r  

6: i f j, i f r, j f r . 
0 otherwise 

Thus, when catchability varies under the model in Section 4.1 the CPUE indices { y,) 
are multivariate lognormal with {log(yj)) having mean log(Bj / B,) and covariance 
matrix Vdq + V' . 

A3 Effect of changing reference years (see Section 4.3) 

Here I prove that if we change to reference year r'and generate new indices yi then 

these are related to the yj by the equations yi = yj / y ,  . 

Because the Zii in equation (1') are indicator functions, CjZ4 = 1. Now, if we define 
q' = q. - Y,, then z. ?!I, = z. 51, - Y,. x, I, = xj q.1, - Y,. . This means that the 

J I I 

equation 



where A' = A + Y,, , is exactly equivalent to equation (1'). But q: = 0 ,  so (A5) is the 

form the CPUE standardisation regression equation takes when r'is the reference 

year. This means that <. '= <. - $ which implies y; = y j  I y,. , as required. 

A4 Distribution of the canonical indices (see Section 4.3) 

We can express the equation log(yp)=t -mean($) in matrix form as 

log{$} = ~ { q } ,  where the matrix Q is defined by 

(m-1)lm i = j  
Q.. = 

11 { - l i r n  i +  j  

Since ($1 has a multivariate normal distribution, so will log{y:}, which means that 

{y;} is multivariate lognormal. Further, log{y:} will have expected value 

where B is the geometric mean of the Bj , and covariance 

It happens that QP = Q (this is straightforward to check), so the covariance matrix of 
log{yP} takes the simpler form 

where V: and V: are defined in the obvious way. 

It is possible to write an explicit form for v," in terms of o, and p, , but this is 

complicated, so it is easier to calculate V, and then do the matrix multiplication 
QvqQT. However, when p, = 0 , V: takes the simple forrn 



A5 Correlation between two CPUE indices (see Section 5.1) 

Here I prove that the correlation between two CPUE indices y k  and yl is approximately 
the same as that between the corresponding estimated year coefficients, I', and $ . 

The proof uses the delta method (Seber 1973, section 1.3.3) in the form of the 
formulae 

where g and h are any functions. Now define gk{y j )  = log(yk), so 

and if we apply the above approximations we get 

so that 

A6 More about the patterns in Figures 1 and 2 (see Section 5.1) 

Many of the patterns in Figures 1 and 2 can be explained in terms of a simple model 
involving independent random variables. 

Suppose there were random variables, U,, where 5 = Uj -U, and 

= U ,  - mean, (u,). We can think of the (It as being estimates of the absolute year 

coefficients. It is in the nature of CPUE data that we cannot calculate these absolute 
coefficients, but we can calculate the relative year coefficients q. (these are relative to 

the coefficient for the reference year I-) and (relative to the mean year coefficient). 

I will show that the CPUE data in Section 5.1 are consistent with the hypothesis that 
the Uj  are independent. 



So, suppose that the U, are independent, with variances 2, . Because ($1 = P { u ~ }  

and {q} = Q{u,} , where P and Q are the matrices defined in Sections A2 and A4, 

we can easily calculate v{$} as P v{u,] pT and similarly for v{?]. This allows 

us to express the correlations and s.d.s of Figures 1 and 2 as: 

where z 2 i s  the mean of the q2. If the q are all of about the same size (so q = ofor 
all j )  then the above equations simplify to 

\ ' I  m 
cor(q., ) = 05 and 

cor(?, $' ) = -1 I (m - I) 

These are consistent with the observations that: the rd.s of the? are smaller than 

those of the ; the correlations of the 4 are typically around 0.5; and the correlations 

of the are small and negative. 

Further support for this model is given by Figure Al,  in which the observed 

correlations amongst the are shown to be similar, for most stocks, to those expected 

from the model. [The expected values in this plot were calculated as follows. First, 

equation (A7), with the observed values of ~ ( q ) ,  was used to estimate the q2 and 
-2 a . Then these values were used in Equation (A9) to estimate the expected 
correlations.] 

Another pattern that occurs for some stocks is that caused by what I call a "weak" 
year. For example, 1993 is a weak year for SCI3, and this is shown by the fact that 
when this is the reference year all the s.d.s and correlations are high. Also, with any 
other reference year (or with no reference year) there is always one s.d. that is higher 
than the others - that for fgg3 (or G , ) .  In terms of the above model what is 

happening here is that 01993 is much greater than all the other qs. Other examples of 
weak years are in HAK4 (1997), LIN34a (1990), LIN34b (1995), LTN7 (1996), and 



HOKlcs (1989). The obvious explanation for a weak year is a small number of 
observations in that year. This explains the weak years for some of our stocks 
(HAK4, LIN34a, and HOKlcs) but not for the others. A weak year could also occur 
when the CPUE observations for that year were not well spread in terms of the other 
explanatory variables in the regression equation (1). 
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Figure Al: Observed year-effect correlations for the canonical form plotted against those expected from a 
simple model in which (hypothetical) absolute year coefficients are independent (see text for details). 


