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1. Executive Summary 

Catch curve analysis is a common method for estimating the total mortality rate (Z) in 
fisheries research. Methods for determining this mortality rate include the Chapman 
Robson estimator (CR), and regression based methods, here called RG (simple 
regression), Rl  (truncate at one regression), and R5 (truncate at five regression). This 
paper investigates the sensitivity of these methods to stochastic error and noise in 
sampling, mortality, recruitment, and ageing. 

CR proved to be more accurate, i.e., had a lower root mean squared error (RMSE), 
and tended to have lower bias than the regression estimators in most of the tested 
scenarios. It was occasionally slightly less accurate than R1 and RG, but often 
markedly more accurate. RG was always strongly negatively biased. The performance 
of all estimators degraded with increasing Z. 

In scenarios with moderate levels of stochastic variation and error, the estimated 
RSME as a percentage of the true mortality rate ranged fiom 22% at Z = 0.2 to 28% at 
Z = 0.8 for CR; 24-37% for R1; 3 1-38% for RG; and 4 1 4 4 %  for R5. 

The shape of a known (age-based) selectivity curve had little effect on estimator 
performance except when Z or sampling error was high. More research is required to 
evaluate the performance of estimators when the age of full recruitment must be 
inferred from the catch curve 

This paper fulfils the requirements for Objective 2 of Project SAM9701, Modelling of 
Fish Populations. This objective is 'To evaluate the sensitivity of age-based catch 
curve analysis to trends in recruitment, exploitation patterns, selection at age, and to 
ageing error and the accurate determination of population age structure'. 

2. Introduction 

The term "catch curve" is commonly used to describe an age frequency distribution 
fiom a catch (or sample) from an animal or fish population, and is widely used in 
fisheries research in the estimation of total mortality Z (i.e., is the sum of natural 
mortality M and fishing mortality F). Typically, this curve declines exponentially on 
its right hand limb and the rate of exponential decline is Z. 

The two most common methods for estimating Z from catch curve data are the 
Chapman Robson (1960) estimator and various regression-based procedures (Ricker 
1975, Seber 1982). Other proposed methods (e.g., Heincke 19 13, Jackson 1939, 



Ssentengono & Larkin 1973) have been found to perform less well than these. All 
methods are based on the "steady-state" assumption that the population sampled has a 
stable age structure (i.e., that recruitment and mortality are constant), that fish of age 
greater than some known age (called the recruitment age) are equally vulnerable to 
sampling, and that there are no age-estimation errors (Ricker 1975). 

This report investigates the vulnerability of these estimators to departures from these 
assumptions, and compares their respective performance. In particular, it examines, 
over a range of sample sizes, their vulnerability to age-estimation errors, different 
aged-based selectivity patterns, and stochastic variation in the rate of recruitment and 
mortality. This is done by sampling from simulated populations with a known 
mortality rate and known levels of introduced stochastic noise. We start by defining 
the estimators and describing previous investigations of them. 

3. The estimators 

3.1 Definitions and properties 

Chapman & Robson (1960) developed an estimator, here called CR, that is easily 
calculated from catch at age data. It is based on a minimum variance unbiased 
estimator for the related survival parameter, S = e-', and is defined as 

where li is the mean age (above the recruitment age) and n is the sample size. It is the 
same as the maximum-likelihood estimator except for the term lln. Chapman & 
Robson (1960) showed that 

The simple regression-based estimator is also easily computed; it is minus the slope of 
the ordinary least-squares regression of log,(N,) against i, where N, is the number of 
fish of age i in the sample. Note that ages for which Ni = 0 are ignored in this 
estimator because log,(O) is undefined. Chapman & Robson (1960) said that the 

assumptions underlying this estimator become doubtful for ages where Ni is small and 
suggest truncating the catch curve to the right of the point where Ni falls below 5. 

We consider three variants of the regression estimator: RG, which uses all non-zero 
age classes; R5, which follows the above truncation suggestion (i.e., it rejects all fish 
of ages greater than i,,, where i,, is the greatest age for which Ni 2 5 for all i I i,,); 
and R1, which applies the same truncation rule but with a minimum frequency of 1. In 
the next section we will need to refer to a variant of R5, denoted R5'. This uses a 
slightly different truncation algorithm: it rejects all fish of ages greater than itn,, 
where i,, is the greatest age for which N, < 5 for all i > i,,). 



3.2 Previous investigations 

Little has been published about the behaviour of these estimators, and some of it is 
contradictory. 

Two papers have considered this behaviour when the above assumptions hold true. 
Jensen (1996) investigated CR and RG (as well an estimator derived fiom that of 
(Heincke 1913)) for a single value of Z, 0.75 y-l. He simulated data sets which came 
from a set of m hauls in which the number of fish per haul was distributed as a 
negative binomial with mean u, and estimated the bias and standard error (s.e.) for 
each estimator for a range of combinations of values of m and u. The complex sample 
structure seemed to have little effect because, over the range of values considered, the 
results were simply functions of the expected sample size, n = mu. For CR, the s.e. 
estimates agreed with Equation [l]  but those for bias did not. The latter estimates 
were surprisingly constant, taking a value of exactly +0.04 for all values of m and u 
that were considered, where Equation [I] predicted a range from 0.008 to 0.001. RG 
was found to be positively biased, from +57% with n = 75 to +1% with n = 1500. 

Murphy (1997) investigated CR, RG, and R5' for values of Z ranging from 0.2 to 2 y-l, 
with sample sizes from 100 to 1000. However, CR was evaluated as an estimator of 
survival, S, rather than Z. Thus results for this estimator were not directly comparable 
with those for RG and R5'. The performance of all estimators varied strongly with Z 
and results for CR agreed with formulae given by Chapman & Robson (1960). 
However, in contrast to the findings of Jensen (1996), RG was found to be negatively 
biased (from -37% with Z =  0.2 y'l and n = 100, to -4.4% with Z = 2 y-l and n = 1000). 
R5' performed better, in terms of both bias and precision, than RG. 

Two papers have investigated the effect of one violation of the steady-state 
assumptions - variable recruitment - but both considered only one value of 2. 
Jensen (1985) evaluated both CR (wrongly described as maximum-likelihood) and 
RG with Z = I y'' and lognormally distributed recruitment (the "noise" term in his 
model is called survival variance but is logically equivalent to the variance of log 
recruitment). Sample sizes of 100, 500, and 1000 and a range of levels of recruitment 
variability were considered. He concluded that the bias in both estimators was very 
small (but did not quantify it) and also that RG was more precise than CR except 
when sample sizes were large. The latter conclusion arose in part from the unusual 
finding that the precision of RG was independent of sample size. Allen (1997) 
evaluated RG with Z = 1.024 y'l (S = 0.3) and normally distributed recruitment 
(truncated at zero). All simulations had a mean recruitment of 1000 and involved no 
sampling, so all samples had the same expected size (about 430). He appeared to find 
no bias in RG. Conclusions concerning the likely precision of RG for Pomoxis spp. 
were based on estimated standard errors for Z when simulated recruitment variability 
lay within the range observed for these species. However, these conclusions ignored 
the effect of sample size on the precision of Z estimates. 



4. Methods 

4.1 Stochastic noise, error, and selectivity 

The CR and the regression estimators of Z assume a stable age structure, with no trend 
or stochastic variation in Z or in the rate of recruitment. The choice of sample size 
(and hence sampling variation) is usually ignored, as are errors in the ageing of fish. 
The impact of selectivity in younger fish is considered only as a means of removing 
age classes that may not be fully recruited. We consider each of these effects on the 
regression estimators (RG, R1, and R5) and CR both individually and collectively. 

In comparing estimators it seems sensible to approximate the levels of variation that 
are found in practice. As the New Zealand Ministry of Fisheries commonly specifies a 
sampling coefficient of variation (c.v.) across age classes of 0.2 as the target variance 
in catch sampling programmes, we consider the effects on the estimators of a 
sampling C.V. of 0.15,0.2, and 0.3. Ageing error is also likely to introduce bias into the 
estimators. In practice, however, the scale of ageing error can be difficult to estimate. 
In a comparison between trained readers of orange roughy otoliths, Doonan & Tracey 
(1997) found variability between readers had a C.V. of 0.072 - a value likely to have 
underestimated the true level of ageing error. We assume ageing error is normally 
distributed with a c. v. of 0.1. 

Stochastic variation in Z and recruitment may have considerable impact on the shape 
of the empirical catch curve. Without any available data to suggest the type or range of 
stochastic variation, we assume that the variation in Z is Iognonnally distributed, 
uncorrelated, and without trend, with c.v. of 0.2. Random variation in recruitment is 
assumed to be normally distributed with first order autocorrelation. We assume that 
variation in recruitment has standard deviation (s.d.) 0.7, and first order 
autocorrelation of 0.4. The values for the s.d. and autocorrelation are based on the data 
given as table 1 in Myers et al (1995). This table details the s.d. and first order 
autocorrelation of estimated recruitment for a wide variety of international fisheries. 
The quartiles of s.d. and autocorrelation were derived from this table, using those 
series with more than 10 years' data, selected from the orders Aulopiformes, 
Clupeiformes, Gadiformes, Lophiiformes, Ophidiiformes, Percifonnes (except 
Percidae), Pleuronectiformes, and Scorpaeniformes. These values are given in Table 
1. 

Table 1: Summary statistics for log, transformed recruitment1, for included fisheries with data 
series greater than 10 years, from Table 1, Myers el a1 (1995) 

Lower Upper 
Minimum quartile Median quartile Maximum 

Standard deviation, o, 0.14 0.48 0.67 1 .OO 3.1 1 

First order autocorrelation, 4, -0.46 0.18 0.37 0.59 0.89 

The summary statistics presented by Myers et al. involved log,, transformations. These have been 

converted to log, in this table as to allow direct comparison with values used within simulation models 



4.2 Stochastic simulation 

For a population with mortality Z, population frequency distributions were simulated 
with stochastic variation in recruitment ( a , ,  with first order autocorrelation 4,) and 
in Z (CVrnfldiw). Selectivity (S), sampling variation (CVsmpli,,,) arising from the 

choice of sample size, and ageing error (CV@,) were then introduced into the model. 

Initially, the true population frequency of fish at age i was determined by 

where Z, is cumulative mortality. Variation in recruitment was simulated using a first- 
order autocorrelated series Ri with correlation 4, ,  i.e.; 

where ti - ~ ( 0 , o i )  , and correlation(R, , R,, ) = (I% (Kendall & Stuart 1991). 

Cumulative mortality Zi was determined by 

where Z is the average instantaneous rate of mortality with associated lognormally 
distributed errors d, of mean 1 and constant C.V. CV,,,o,di,, . By applying a function S 

representing the selectivity of the fishing process toJ, we can compute the probability 
distribution of the catchpi. We let 

wherep, is a constant representing the point where exactly half of the fish are 
selected, and a, represents the slope of the logistic curve, such that SPs+,s = 0.95 (or 1 

when o, = 0). Under this parameterisation, knife-edge recruitment can be obtained by 
setting o, = 0.  Initially (and unless otherwise specified) simulations were carried out 
assuming knife-edge recruitment, with ,us = 5, a, = 0 .  The effects of using different 



selectivity parameters are investigated later. In all cases, we assume that the shape of 
the selectivity function and age of recruitment are known, and exclude those sample 
points with ages less than the assumed age of recruitment. Figure 1 graphically 
represents the selectivity function for various parameter values. 

Figure 1: The selectivity function with the parameter values (p,, 0,) E (5,0), (4,1), (3,2), (23). 

The probabilitypi of catching a fish at age i can then be defined as 

The next step is to simulate sampling fiom the catch so as to derive a sampled catch 
distribution pi . We do this using a simple random sample. In practice, catch-at-age 
sampling distributions typically have a complex structure due to the need for sampling 
to be spread over time, space, and sometimes different fishing methods. However, for 
the purposes of the current work, it is not necessary to replicate this complexity. We 
think of the complex sample as being approximately equivalent to a simple random 
sample of size n, where n is chosen so that the weighted mean C.V. of the catch-age 
distribution pi is equal to some target value CV,,,,,, . That is, 

The relationship between the sample size n and CVs,m,,i,, necessarily depends on the 

true mortality rate (Figure 2). In order to maintain consistency in sample size between 
scenarios with various levels of introduced stochastic noise, the sample size is 
calculated with no error in mortality, variation in recruitment or ageing error. 



Figure 2: The relationship between sampling error CVs,,,,i,, , and sample size for Z E (0.2,0.5,0.8). 

To generate the observed sampled catch distribution, j?,! fiom the p,! , ageing error is 
included in the ages in the catch sample. We define 6, = round(aksk) , where ak and 

2, are the true and estimated ages of the kth fish in the catch sample and 

E~ - ~ ( 1 ,  CV&,). Then j; is simply the proportion of the 8, for k = 1, ... ,n that are 

equal to i. 

If we exclude those age classes from 5; where the selectivity S has substantial impact 
on the proportion of simulated catch compared with the proportion in the true 
population, we can avoid obvious additional bias in the estimates of 2. Moreover, this 
mimics the practice of removing age classes from catch curve analyses where fish are 
thought not to be fully recruited. Whilst in reality, the nominal recruitment age may be 
unknown, we assume that an age class is fully recruited when the selectivity S allows 
at least 95% of the population at age i to be present in the sample. Hence, we define 
the nominal recruitment age as 

And we can then calculated an estimated population frequency distribution 

The CR and regression estimators can then be calculate fiom the estimated population 
frequency gi, and compared against the true (known) mortality rate. Figure 3 shows a 
single realisation of an actual population distribution and the resulting estimated 
population for selected parameter values with no introduced error. 



true population& 
o estimated population gi 

Figure 3: The actual, and a realisation of the estimated population distribution from a single 
simulation, with Z = 0.2, sampling error CVs,,,in, = 0.2 and selectivity function ,us = 5, os = 0. 

4.3 Comparison of estimated mortality with known mortality 

Statistical comparison between the known, true rate of mortality Z and various 
estimates of mortality are made by comparing the bias and square-root mean squared 
error (RMSE). For each set of parameters, we can calculate bias and hence percent 
bias (%Bias) as; 

and RMSE and hence percent root mean squared error (%RMSE) as; 

i.e., the percent RMSE is the root of the expected value of the square of the difference 
between the true parameter Z and its estimated valuei ,  expressed as a percentage of 
Z. 

Simulations were carried out using a S-Plus on a DEC Alpha. For each scenario, 500 
estimated population frequency distributions gi were generated, from which the RMSE 
and bias for each of the estimators were calculated. In order to allow comparison of 
the relative error of each of the estimators across values of Z, the following graphs and 
tables are presented as %RMSE or %Bias of the true 2. 



5. Results 

5.1 Comparison of the CR and regression estimators without introduced 
stochastic noise 

Estimates of the rate of mortality were computed for a range of rates of Z using a 
model with knife-edge recruitment, zero ageing error, zero recruitment and mortality 
variation (i.e., CV,, ,4,, o,, CV ,,,, iw = O), and sampling error determined by 

CVsamp~ing = 0.2 . 

In general, higher mortality rates resulted in larger absolute RMSE and bias with both 
CR and the regression estimators. CR was slightly positively biased, in contrast to the 
large negative bias of the RG estimator. The RMSE of RG was found to be fairly 
consistent over a range of mortality rates, though higher than any of the other 
estimators - especially at lower mortality rates. 

The simulation results for the CR estimator were in close agreement with the formulae 
derived by Chapman & Robson (1960) (see Equation [I]). Figure 4 shows the 
simulated estimates of %RMSE and %Bias for each of the estimators, as well as the 
%RMSE and %Bias of CR derived from the formulae given in Chapman & Robson 
(1 960). 

Truncating clearly resulted in an improvement when using regression, with %Bias and 
%RMSE for R1 and R5 much reduced over that for RG. There was little difference 
between the R1 and R5 estimators in terms of %RMSE, although the R5 estimator had 
higher %Bias. Overall, the CR was the most accurate estimator (i.e., smaller %RMSE) 
than any of the regression estimators for all values of mortality tested. In simulations 
with smaller sampling error (i.e., lower CVSmpIing) a similar pattern was observed, 

though all of the estimators showed a corresponding decrease in %RMSE and a 
smaller difference between the regression estimators. Conversely, with larger 
sampling error (larger CVsm,lin, ) the reverse was true. 

5.2 Sampling error 

In general, increased sampling error resulted in larger %RMSE and %Bias in 
estimates of Z (Figure 5). As sampling error increased, CR became slightly more 
positively biased - whereas the regression estimators became more negatively biased 
at a faster rate (though estimated %Bias for R1 and R5 reduced slightly at very high 
levels of sampling error). Only small differences were discernible between the R1 and 
R5 estimators with small sampling error, with R5 becoming the least accurate of all 
the estimators with very large error. Of the regression estimators, R1 tended to return 
the lowest %RMSE and %Bias. However, CR performed consistently better than any 
of the regression estimators across the range of sampling errors investigated. A similar 
relationship between estimators was observed for other rates of mortality tested, with 
the estimators having larger %RMSE at higher mortality rates and vice-versa (Table 
2). 



C Chapman Robson 
R Simple regression 
1 R l  regression 
5  R5 regression 

40 --- Approximations derived by Chapman & Robson (1960) 

0.0 0.2 0.4 0.6 0.8 1 .O 
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Figure 4: The effect of Z on errors in estimating Z when sampling error CVsampling = 0.2 and all 

other errors are zero: (a) %RMSE and (b) %Bias. 

Table 2: %RMSE when sampling error CV,m,,ing E (0.15,0.2,0.3) and all other errors are zero 

(CR Chapman Robson; RG simple regression; R1 truncate at one regression; R5 truncate at five 
regression) 

'"sampling Z CR RG R1 R5 



C Chapman Robson 
R Simple regression 
1 R l  regression 
5 R5 regression 

Figure 5: The effect of sampling error CVra,,,i, on errors in estimating Z when Z = 0.5 and all 

other errors are zero: (a) %RMSE and (b) %Bias. 

5.3 Ageing error 

The introduced error in age modelled the effect of error when estimating the age of 
catch sampled fish. Simulations were conducted with parameter values of CV,, 

ranging up to 0.3. Figure 6 shows estimated %RMSE and %Bias for each of the 
estimators. 

The estimators all showed similar patterns, with a general trend of larger %RMSE and 
%Bias with both higher ageing error and higher mortality rates. At low mortality rates 
(i.e., Z = 0.2) the effects of introduced ageing error were small, with large ageing 
errors resulting in only small increases in %RMSE and %Bias for all estimators. The 
most noticeable impact of introduced ageing errors was for higher mortality rates. 
Both the R5 and RG estimators had higher %Bias and %RMSE than either the CR or 
R1 estimators for all mortality rates tested. However, only small differences were 



discernible between the CR and R1 estimators. The CR tended to have a slightly lower 
%RMSE at lower levels of introduced ageing error, and the R1 a lower %RMSE at 
higher levels. 

While both the formulae from Chapman & Robson (1960) and the earlier simulations 
indicated that CR was slightly positively biased, introducing ageing errors imparted a 
negative bias into this estimator, with the bias approximately cancelling only at 
extremely low values of CV,, . 

- .,'- 
C Chapman Robson ,. ,. - . R  .' 

R Simple regression .' 

5 '  
- 

J '  
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../ < 1 

5 R5 regression , 
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Figure 6: The effect of ageing error CVage on errors in estimating Z when Z E (0.2,0.5,0.8), 

sampling error CVsampling = 0.2, and all other errors are zero: (a) %RMSE and (b) %Bias. 



5.4 Stochastic variation in mortality 

Noise introduced into the true Z was modelled with the parameter CVrnOfidi,, . As with 

the earlier models, simulations were run on 500 populations, with sampling error of 
CV,,,,,,,, = 0.2 . Variation in Z, determined by CVrnOfidi,, , was simulated using values 

from 0 to 0.5 with other variation and error terms set to zero. 

The introduction of noise in Z had a small effects on both %RMSE and %Bias for all 
of the estimators (Figure 7). Slight increases in %RMSE with higher levels of 
variation in Z and at higher rates of Z were noted, with few discernible effects on 
%Bias. As earlier, CR had positive bias (and the regression estimators had negative 
bias), returning a comparatively lower %RMSE. R1 performed the best of the 
regression estimators, though performance decreased with higher Z. In contrast, RG 
performed changed little with either larger Z or increased variation in Z, and returned 
a lower % U S E  than R5 when Z = 0.8 at high levels of variation in 2. 

5.5 Stochastic variation in recruitment 

The stochastic variation in recruitment was modelled using autocorrelated random 
errors, as described earlier, with the parameters: recruitment variation OR,  and first 
order autocorrelation 4,. Initially, the autocorrelation was assumed to be zero, with 
recruitment variation ranging from 0 to 1.2. Next, autocorrelation was introduced, 
with values ranging from 0 to 0.6. Figure 8 shows %RMSE and %Bias for stochastic 
variation in recruitment, without any autocorrelation (i.e. 4, = 0). Similarly, Figure 9 
shows %RMSE and %Bias where first order autocorrelation is assumed (i.e., 
4R = 0.4 ). 

As with the models presented earlier, a trend for larger %RMSE with higher stochastic 
variation and with higher rates of mortality (not shown) was again found. However, 
%Bias remained low and comparatively constant with both increasing variation in 
recruitment, and at higher rates of mortality (although with an indication that there 
may be a trend towards positive bias in the R1 and R5 estimators with extreme errors). 

In contrast to earlier findings, CR was less accurate (larger %RMSE) than RG with 
high levels of recruitment variation - although the difference between the estimators 
was usually small. For most scenarios, CR recorded the lowest %RMSE and %Bias. 
The R5 regression estimator was the least accurate of all of the estimators, except for 
the RG estimator at low levels of introduced error. While the bias for all estimators 
was low there was a trend for the estimators to become positively biased with high 
recruitment variation. 

The introduction of autocorrelated errors resulted in similar patterns for %RMSE and 
%Bias for each of the estimators. Increased autocorrelation had little effect on any of 
the regression estimators (both in terms of %RMSE and %Bias), and increased the 
%RMSE for CR only slightly (and can be seen by comparing Figure 8 with Figure 9). 



60 (a) 

C Chapman Robson 
R Simple regression 
1 R l  regression 
5 R5 regression 

40 1 

Figure 7: The effect of variation in mortality CVm0,, on errors in estimating Z when Z = 0.5, 

sampling error CVsamplinB = 0.2, and all other errors are zero: (a) %RMSE and (b) %Bias. 
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Figure 8: The effect of variation in recruitment oR with $ R  = 0 on errors in estimating Z when 

Z = 0.5, sampling error CVsampling = 0.2, and all other errors are zero: (a) %RMSE and (b) 

%Bias. 
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Figure 9: The effect of variation in recruitment OR with # R  = 0.4 on errors in estimating Z 

when Z = 0.5, sampling error CV-,,ing = 0.2, and all other errors are zero: (a) %RMSE and (b) 

%Bias. 

5.6 Ageing error combined with stochastic variation in recruitment and 
mortality 

The introduction of noise and error terms one at a time into the model gives an 
indication of the relative effects of individual errors. However, it is the combination of 
all errors into a single model that gives a closer approximation reality. Simulations 
were carried out as earlier, but with stochastic variation in Z ( CVm,,di,, ), recruitment 

variation (0, and qb,), and with introduced ageing error (CV,,,) simultaneously 

added. 



Figure 10 shows %RMSE and %Bias with variation in Z of CV,,,,, = 0.2, 

recruitment variation a, = 0.7 and first order autocorrelation 4, = 0.4, and with 
ageing error determined by CVxe = 0.1. In addition, %RMSE for various values of Z 

with these introduced errors is shown in Table 3. 

The relative performance of all the estimators decreased with increased Z, and with 
increased sampling error. The simulations suggested that when CVS,,,,, = 0.15 the 

difference in %RMSE and %Bias between the CR, R1 and R5 was relatively small. 
Here, the R1 estimator was more accurate for lower values of Z (i.e., Z I 0.4), and the 
CR more accurate elsewhere. For larger sampling errors (i.e., when CVSmpli,, > 0.15) 

the CR estimator was clearly the most accurate, although the R1 and CR estimators 
returned a similar bias. 

As earlier, in scenarios with no introduced stochastic noise, %Bias of the RG 
estimator remained relatively constant over all values of Z - unlike the CR, R1, or 
R5 estimators where %Bias increased with larger Z. The R5 estimator, while having a 
lower %Bias than RG, was the least accurate of all estimators for all values of Z 
tested. 

Table 4 shows the equivalent estimates of proportional error in estimating Z when 
higher values of stochastic noise are used in the model. Variation in Zremained at 0.2, 
but larger noise in recruitment variation with first order autocorrelation and ageing 
error was introduced. Recruitment variation of o, = 1.0, first order autocorrelation 
4, = 0.6 and ageing error of CV,,, = 0.2 were used. 

The higher levels of stochastic noise showed a similar pattern as for the moderate 
errors above; only small differences in %RMSE between the CR and R1 estimators 
for all mortality rates Z and with lower sampling error were observed With larger 
sampling error the CR estimator was again the most accurate. The R5 regression 
estimator was consistently less accurate, but the RG estimator was more biased at low 
z. 

Table 3: %RMSE when CVsampling E (0.15,0.2,0.3), with CVmo,,i, = 0.2, recruitment variation 

o, = 0.7 and bR = 0.4, and ageing error CV,,, = 0.1 (CR Chapman Robson; RG simple 

regression; R1 truncate at one regression; R5 truncate at five regression) 
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Figure 10: The effect of Z on errors in estimating Z for CVsampling = 0.2, with CVmodiV = 0.2, 

recruitment variation a, = 0.7 and +R = 0.4, and ageing error CV%, = 0.1 : (a) %RMSE and (b) 

%Bias. 



Table 4: %RMSE when CVsampling E (0.15,0.2,0.3), with CVmo,ali, = 0.2, recruitment variation 

o, = 1.0 and qiR = 0.6, and ageing error CV%, = 0.2 (CR Chapman Robson; RG simple 

regression; R1 truncate at one regression; R5 truncate at five regression) 

5.7 Selectivity effects 

The previous simulations were based on samples taken from a population where 
knife-edge recruitment was assumed. This approximated situations in real catch curve 
analyses where age classes are selected only from the total sampled catch that is 
known to be free from age selectivity effects. The choice of using knife-edge 
recruitment will influence the conclusions that can be drawn from the earlier 
simulations. In this section, we briefly investigate the influence of some age selectivity 
of the catch, where we define the age of recruitment as the minimum age where at 
least 95% of that age class are selected. 

The earlier simulations used the selectivity parameters p, = 5, a, = 0 to simulate 
knife-edge recruitment. Here, we considered selectivity functions with parameters 
a, ~(0,1,2,3), with p, chosen so that the recruitment age ire,,,, remained at 5 (Table 

5); the recruitment age was set at 5 in order to maintain consistency with the earlier 
simulations. In addition, selectivity is considered only with stochastic variation in Z 
(CVm,,,,,Q), recruitment variation (o, and 4,), and with introduced ageing error 

( CV,, ) simultaneously added. 

As earlier, we consider %RMSE and %Bias with variation in Z of CV,,,,,, = 0.2, 

recruitment variation a, = 0.7 and first order autocorrelation 4, = 0.4 ; and with 
ageing error determined by CV,,, = 0.1. %RMSE as a proportion of the true mortality 

for these values is shown in Table 5. 

In general, a small selectivity effect - where only one or two age classes above 
recruitment age were affected - had little impact on any of the estimators. And there 
was almost no discernible difference in the effect of the choice of selectivity function 
on the CR, RG, or Rl  estimators for rates of mortality below about 0.3. The effect on 
the R5 estimator was slight. However, as the selectivity function began to affect 
slightly older year classes, %RMSE increased. In addition, increased selectivity error 
reduced the negative bias in the CR, R1 and R5 estimators, but not the RG estimator. 



As found in the previous section, CR had the greatest accuracy compared with the 
regression estimators over the range of mortality rates tested. 

A similar result was obtained for models with higher levels of introduced stochastic 
noise (Table 6). Again, there was no discernible change in %RMSE for any of the 
estimators with the increased selectivity effect for rates of mortality below 
approximately 0.5, with CR being more accurate than the regression estimators in all 
the cases investigated. 

Table 5: %RMSE with selectivity effects for CVsampling = 0.2, with CVmmIiw = 0.2, recruitment 

variation o, = 0.7 and d R  = 0.4, and ageing error CVag, = 0.1 (CR Chapman Robson; RG 

simple regression; R l  truncate a t  one regression; R5 truncate a t  five regression) 

Selectivity 
parameters Z CR RG R1 R5 
u s = 5 ,  a , = O  0.2 22.1 31.3 24.0 40.8 

Table 6: %RMSE with selectivity effects for CVsampling = 0.2, with CVmo,li, = 0.2, recruitment 

variation o, = 1.0 and d R  = 0.6, and ageing error CVage = 0.2 (CR Chapman Robson; RG 

simple regression; R1 truncate a t  one regression; R 5  truncate a t  five regression) 

Selectivity 
parameters Z CR RG R1 R5 
u S = 5 ,  a , = O  0.2 30.4 38.1 39.1 57.1 



6.  Discussion 

The results suggest that CR had lower %RMSE and %Bias than the regression 
estimators under most of the simulated scenarios. Only with high ageing errors (i.e., 
CV,, 2 0.2) and with high levels of variation in recruitment (i.e., a, 2 0.8) did any 

of the regression estimators return a lower %RMSE (R1 and RG respectively). In both 
cases, however, the difference between the CR and the respective regression estimator 
was relatively small. In simulations with combined stochastic noise and error, CR 
usually returned the least %RMSE and %Bias - although at low values of 2, the R1 
estimator performed slightly better. When the sample sizes were small (as indexed by 
high sampling error, CVs,,,,i,,), the difference between Rl  and CR estimators 

became more apparent, with the R1 estimator appearing more sensitive to smaller 
sample sizes than CR. 

R5 was a disappointing estimator. While simulations using the steady-state 
assumptions suggested that the R5 estimator was equivalent to the R1 estimator (at 
least in terms of %RMSE), the introduction of any additional error terms usually 
reduced the accuracy of the R5 estimator in comparison to R1. In none of the 
scenarios tested did the R5 estimator return a significantly lower %RMSE than R1, 
and often it was much worse. R5 always returned a higher %RMSE than CR. With 
lower sampling error, the %RMSE of CR was typically between 68 and 82% of that 
for R5. However, with smaller sample sizes and at low 2, the %RMSE of CR fell to 
less than half that for R5. 

RG provided mixed results. Simulations under the steady-state assumptions showed 
RG to be less accurate than any other estimator, especially at low 2. However, RG 
was often less sensitive to increased stochastic noise, or larger 2, than the other 
estimators. This resulted in a comparatively better performance of RG at high levels of 
introduced error than either R1 or R5. 

Our results support the conclusions of some previous studies, but differ from those of 
others. They are consistent, to the extent to which they may be compared, with 
Murphy (1997). In particular, they support the finding of a strong negative bias in RG, 
under steady-state assumptions, contrary to the strong positive bias found by Jensen 
(1996). They also support Chapman & Robson's (1960) formulae for the variance and 
bias of CR. However, Jensen's (1985) finding that, when recruitment is variable, RG 
is more precise that CR (except at large sample sizes) is not supported, and nor is his 
finding of small bias for RG. These results must be suspect, based as they are on the 
finding that the precision of RG is independent of sample size. We agree with Allen's 
(1 997) finding, contrary to the hypothesis of Ricker (1975), that mortality estimation 
can be sensitive to recruitment fluctuations, but do not support that paper's apparent 
finding of no bias in RG. A weakness of several earlier studies (Jensen 1985, 1996, 
Allen 1997) is that they each considered estimator performance for a single value of 2. 
Our results show clearly (as do those of (Murphy 1997)) that estimator performance 
generally degrades (in terms of %RMSE) with increasing 2. 

It was assumed in this study (as it has been in all other cited studies) that the shape 
and position of the selectivity ogive (based on age) was known. Where this is not true 



it is common to infer an age at h l l  recruitment from the shape of the catch curve (e.g., 
Doonan & Tracey 1997). The effect of this on estimator performance is unknown and 
an obvious topic for further research. 

This paper considers a variety of possible variation and errors in observed catch-age 
distribution. Variation in the rate of mortality and in recruitment are likely in most 
fishery populations over time. The possibility of estimating such trends by 
investigating the shape of empirical catch curves has been discussed in the literature. 
Ricker (1975) suggested that such examination over several years may allow detection 
of trends in recruitment and survival, though data is often unavailable over long 
periods. Ricker (1975) investigated catch curves where the right hand limb of the 
catch curve was concave-up, and proposed two possible explanations; either a 
decrease in natural or fishing mortality as a function of age, or a recent increase in 
fishing effort. Jensen (1984) countered with a discussion of a number of fish stocks 
where the descending right limb is concave-up and proposed that this may be due to 
the existence of sub-populations, for example males and females with different 
mortality rates. Whether trends in mortality and recruitment can be determined from 
inspecting catch curves is not clear. Murphy (1997) suggested that departures from 
steady state may be difficult to detect, as trends in recruitment or mortality can often 
give population age structures that appear similar to that for a steady state population. 

Errors in the estimation of the age of fish are often ignored in catch curve analyses, 
and little work has been done on the impact of such errors in estimators of mortality. 
Little information is also available on the effects of catch selectivity on catch curve 
analyses. More research is required on methods for estimating the shape and form of 
any selectivity as well as a means to estimate those age classes free from its effects. 

In the absence of methods to control for departures from the assumptions required by 
estimators of mortality in catch curve analyses, it seems sensible to use the most 
robust estimator, and, further, to have some measure of any error and bias. The 
observed differences between estimators suggest that performance of each is highly 
dependent on the quantity and nature of random variation or error introduced into the 
model. In particular, the truncation employed when calculating the regression estimate 
can have a marked impact on its respective performance. These simulations indicate 
that R1 truncation of the right hand limb of the age frequencies improves the accuracy 
of the regression estimate, but extreme truncation in the form of R5 may adversely 
affect performance. CR was often the estimator with the least %RMSE and lowest 
bias. Where CR did not perform best, it was always close in terms of both %RMSE 
and %Bias to the best performing estimator. 

While the simulations in this report suggest that CR often out-performs any of the 
regression estimators, in the few cases where a regression estimator performs better 
the difference is slight. In the simulations with combined mortality, recruitment, and 
ageing error, the CR regression showed a smaller %RMSE with smaller bias 
especially at the higher rates of mortality and with large sampling error. However, the 
structure of the introduced random errors assumed for these simulations may not be an 
accurate reflection of those encountered in a particular fishery. 
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