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EXECUTIVE SUMMARY 

Francis, R.I.C.C. (2006). Optimum allocation of stations to strata in trawl surveys. 

New Zealand Fisheries Assessment Report 2006123. 50 p. 

This report addresses the question of what is the best number of stations to allocate to each stratum in 
a stratified random trawl survey. This question has two parts: how many stations are required, and 
how should they be distributed amongst the pre-defined strata. In New Zealand a third part is needed: 
the pre-calculation of the coefficient of variation (c.v.) that is to be expected from a given allocation. 
This third part arises from the New Zealand practice of specifying a c.v. to be met by a proposed 
survey. 

The statistical literature provides two standard answers to this question: Neyman allocation, when 
there is information about likely catch rates (from historical surveys in the same area), and 
proportional allocation, when there is not. However, it does not address the question of how to 
modify the Neyman allocation, and the associated c.v. calculation, to deal with either 2-phase surveys 
or uncertainties associated with the historical data. These uncertainties are of two types: historical 
variation (the distribution of fish changes from year to year) and sampling error. A useful technique 
was found for an associated problem: the analysis of the design efficiency of past surveys. 

In overseas fisheries laboratories the pre-calculation of c.v.s is never routine, and mostly restricted to 
occasions when a new series of surveys is being started. Sampling error does not seem to have been 
considered and only one instance was found where the problem of historical variation was addressed. 

In New Zealand a variety of approaches has been used for the allocation problem. These deal with 
uncertainty only informally, but they appear to have been successful in that specified c.v.s have 
almost always been achieved. 

A new model was constructed for the data used in allocating stations (catch rates from historical 
surveys). This was used in a series of simulation experiments to investigate various aspects of the 
allocation problem. These showed that the model was not completely successful in mimicking the 
variation in previous surveys. However, they demonstrated the importance of modelling both 
sampling error and historical variation. They also evaluated a new allocation algorithm (shrinkage 
allocation), which is intermediate between Neyman and proportional allocation. Although this is 
theoretically appealing, the simulations showed that it was unlikely to perform any better than 
Neyman allocation, particularly for 2-phase surveys. 

It is recommended that 

1. The program allocate continue to be used for station allocation; 
2. In 2-phase surveys about 90% of stations be allocated to phase 1; 
3. An analysis of the design efficiency of past surveys be done from time to time; 
4. Consideration be given to dropping the practice of specifying c.v.s for proposed surveys. 
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1. INTRODUCTION 

This report was produced as part of project SAM2003/01, whose only objective was To determine the 
optimum method ~r allocating stations in trawl surveys. Once a proposed survey area has been 
stratified, we wish to know what is the best way of deciding how many stations should be allocated to 
each stratum. If the survey uses a 2-phase methodology (following Francis 1984) then we are also 
interested in deciding what proportion of stations should be occupied in phase 1. An "optimum" 
allocation is defined to be one that can be expected to achieve all objectives of the survey for the 
minimum possible cost. 

Although most surveys have multiple objectives, the main ones that need concern us here are the 
specified c.v.s that MFish now routinely provides for the biomass estimates for one or more species. 
(I use "species" loosely here, and below. For example, I will treat two cohorts of the same biological 
species as different "species" if a separate c.v. is specified for each.) For the purposes of this project I 
will assume that all other survey objectives are either unaffected by the station allocation or can be 
met by modifying the mj,min (see Table 1 for this and other notation). For example, in the Chatham 
Rise hoki surveys these minimum numbers are set for some strata to satisfy an objective that requires 
an adequate number of hake otoliths for estimation of proportions at age. 

Table 1: Some notation and standard equations used in this report. Where necessary, additional 
subscripts will be added to distinguish different versions of a quantity (e.g., B true and Best to distinguish 
between true and estimated biomasses). 

Symbol Meaning 
nstr number of strata in survey 
nsurv number of surveys in a series 
nsp number of species sampled in a survey 
nsim number of simulated surveys for each scenario in a simulation experiment 

indexes surveys within a series (i = 1, ... ,nsurv) 

) indexes strata (j = 1, ... ,nstr) 

k indexes stations within a stratum (k= 1, ... ,nij) 
I indexes simulated surveys (l = 1, ... ,nsim) 

s indexes species 
Cijks catch rate for species s at station k in stratum) in the ith survey in a series 
Aj area of stratum) 
A total survey area (so A = L;Aj) 
AI; mean catch rate in stratum) 
Vj variance of catch rates in stratum) 
Sj s.d. of catch rates in stratum) (so Sf = Vj) 
~ stratum weight (used in station allocation) 
Ws species weight (used in calculating an overall station catch rate) 
P nz,; probability of a non-zero catch in stratum) 
Jij mean of non-zero catch rates in stratum) 
mj number of stations allocated to stratum) 
m total number of stations allocated (so m = Ljm;) 
mj,min I specified minimum number of stations to be allocated to stratum) 
mj,max specified maximum number of stations to be allocated to stratum) 
K; the cost of one tow in stratum) 
K the total cost of the survey (= LjmjK;) 
B biomass in survey area (estimated as B = '£p1yt) 
V variance of estimated biomass (estimated as V = '£jV yt/lmj) 
c C.v. of estimated biomass (so c = VO,s/Best). 
lInc1uded here for completeness but not often used 

With our notation an allocation is simply a set of numbers {m/ j = 1, ... ,nstr}. We will assume that 
mj,min 2': 2, so that we can always estimate V from the survey data. The process of finding an optimum 
allocation may be thought of as a four-step procedure: 
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Step 1. Specify the minimum station numbers, mj,min; 

Step 2. Generate a possible allocation which satisfies these minima (i.e., mj :2: mj,min); 

Step 3. For each target species, calculate c pre, the c.v. that is expected to be achieved with this 
allocation; and 

Step 4. Repeat steps 2 and 3, searching for the lowest-cost allocation that is expected to 
achieve the specified c.v., c spec, for each species. 

We should be more explicit about what is mean by "expected to achieve" at Step 4. There are (at 
least) two possible interpretations. We may treat c spec as a target to be aimed at, and thus seek an 
allocation for which c pre = c spec ' The c.v. we estimate from the actual survey, cpos!> will of course differ 
from c pre and may be either less than or greater than c spec• Alternatively, we may treat c spec as a limit 
that we don't want to exceed. In this case we would seek an allocation for which we can be 
reasonably confident that cpOS! :s;; c spec (depending on circumstances it mayor may not be possible to be 
specific about what we mean by "reasonably confident"). I will show below that both the target and 
limit approaches appear to have been used in New Zealand. 

I will assume that catch rates from previous surveys are available for use in station allocation. This is 
almost always the case, and if it is not, then there's no way of pre-calculating c.v.s. These catch rates 
are used, either directly or indirectly, to estimate the likely means and variances of catch rates in the 
proposed survey. It will be useful to distinguish between two types of uncertainty associated with 
these estimates: imprecision and bias. The former is caused by the highly variable nature of catch 
rates. The latter will occur if either the density of fish, or their catchability, varies from year to year. 
In interpreting values of c pre we will need to be aware of both imprecision and bias. 

The remainder of this report is in five sections which address the following topics: a review of current 
knowledge and practice (Section 2); a statistical model for the distribution of trawl-survey catch rates 
(Section 3); a set of simulation experiments (Section 4); and discussion and recommendations 
(Section 5). 

Some of the analyses used data from selected New Zealand trawl surveys (Table 2). 

Table 2: Some details of historical surveys used in parts of this report. In some surveys the number of 
strata, and their definitions, varied from year to year. For most analyses a common set of strata was 
defined for all surveys within each series (the only exception is the analyses in Section 2, where the 
original strata were used). 

Series 
S. Plat. sum 

S. Plat. aut 

ChatHOK 

WCSI, TBGB 

ECSI sum 

tan9105 
tan0012 
tan9204 
tan9805 
tan9106 
tan9501 
tan98 0 I 
tan0101 
kah9204 
kah9701 
kah9618 
kah9917 

Species 
Voyage codes included 1 

tan9211 tan9310 HOK,HAK 
tanO 118 tan0219 LIN 
tan9304 tan9605 HOK,HAK 

LIN 
tan9212 tan9401 HOK2 
tan9601 
tan99 0 1 
tan0201 

kah9404 
kah0004 
kah9704 
kahOOl4 

tan9701 HOKrec 
tanOOOI HAK 
tan0301 LIN 
kah9504 GUR,RCO 
kah0304 STA,TAR 
kah9809 GUR,ELE 

RCOO,RCOI 
STA 

Number Number of stations2 

of strata2 (min, med, max)3 
15 84, 108, 150 

15 58,85,100 

20 89,117,191 

16 84,95, 116 

20 113, 120, 138 

Percentage of 
stations in phase 12 

(min, med, max)3 
92,93,100 

100, 100, 100 

76,91,99 

67,79,91 

81,87,89 

1 Appended numbers refer to an age class (e.g., HOK2 means hoki of age 2+); HOKrec means recruited hoki; 
2 Applies to the common strata only; 3 Minimum, median, maximum 
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2. REVIEW OF CURRENT KNOWLEDGE AND PRACTICE 

This review is in three parts, considering first the information available ill standard sampling 
textbooks, then overseas practice, and finally New Zealand practice. 

2.1 Review of sampling textbooks 

I consulted the sections on stratified random sampling in some standard statistical textbooks on 
sampling (Raj 1968, Sukhatme & Sukhatme 1970, Cochran 1977, Cormack et al. 1979, Thompson 
1992, Thompson & Seber 1996). Before describing what these books have to say about the allocation 
problem I will make a small point concerning the distinction between finite and infinite populations. 

The assumption of a finite population, made in all of the above books, is not appropriate for trawl 
surveys, as has been pointed out by Schnute & Haigh (2003). Ifwe were to try to use this assumption 
we would divide each stratum into a finite number of non-overlapping rectangles, each being the area 
that would be swept by a single tow of standard duration. From the statistical point of view, the finite 
population being surveyed in each stratum would be this set of rectangles, not the fish. The size of a 
stratum is equal to the number of rectangles in it. The sampling theory assumes that there is a fixed 
number of fish associated with each rectangle and that if we choose to sample a particular rectangle 
we will catch exactly this many fish. This is clearly not true. The number of fish we catch in a 
particular rectangle is better thought of as a random variable whose value depends on fish movements 
(how many fish happen to be there at the time), fish behaviour (e.g., how far they are from the sea 
floor, which affects their catchability), and random variation in the configuration of the trawl gear 
(which determines how effective it is in catching fish). For this reason I will follow Schnute & Haigh 
(2003) in treating the population being sampled as infinite. That is, the catch rate from a tow at a 
randomly chosen position within a stratum is thought of as being a number drawn at random from an 
infinite population. A consequence of this assumption is that we need to make two slight changes to 
formulae from sampling textbooks: measure stratum size as area rather than a count of rectangles; and 
remove any finite population correction terms. 
The textbooks describe two types of allocation. The Neyman allocation (sometimes called optimum 

allocation) IS defined by mj = mAjS jK;o.5 /IA Al'Sl'Kjo.5), which becomes 

mj = mAjSj IL) Al'S}') in the common case when the cost of a trawl is the same in all strata. 

This allocation is optimum in the sense that, given the stratification and m, the biomass estimate from 
a survey with this allocation will have the smallest possible c.v. The c.v. for this allocation is 

L j AjSj I( Bm°.5). When there is no reliable information about the ~ the obvious thing to do is to 

assume they are all equal, which means setting mj = mAj ILl' A}' , which is known as proportional 

allocation. This is a sensible approach, but note that without reliable information about the ~ we 
cannot estimate a survey c.v. and so have no way of knowing how big m needs to be to achieve our 
specified c.v.(s). 

There are obvious practical problems associated with these allocations. One problem, not usually 
discussed, is that the mj calculated from this formula will not generally meet two important 
constraints: that they be integers and satisfy mj ;;::: mj,min' How should we modify the above allocations 
to satisfy these constraints. One solution is to use the iterative algorithm described by Francis (1984). 
This was designed for phase-2 allocation in 2-phase surveys but can easily be applied to allocations 
for conventional (1-phase) surveys, or to phase 1 of a 2-phase survey (Appendix 2). A more serious 
problem is that our estimates of the ~, based on historical data, will, as mentioned above, be 
imprecise, and may also be biased. 

6 



Uncertainty associated with the historical data raises two questions. The first question relates to Step 
2 in the above procedure for obtaining an optimum allocation, and asks whether we should modify our 
station allocation because of this uncertainty. Given that the Neyman allocation is best when we have 
perfect information about the ~, and proportional allocation is best when we have no information 
about them, perhaps we should consider an allocation intermediate between these two (such an 
approach is investigated in Section 4). None of the textbooks addresses this question. The second 
question is, how should we modify our calculation of cpre at Step 3? Cochran (1977) provides some 
guidance in showing that the effect of using a non-optimum allocation is a relative increase in 

. . b ~ctual - v;,ptimum 1 '" (m j ,actual - m j ,optimum r 
vanance gIven y = - L..J . , where Voptimum is the variance that 

v;,ptimum m) m j .actual 

would be obtained with optimum allocation mj.optimum and Vactual is that from the actual allocation, 
mj.actual. Sukhatme & Sukhatme (1970, section 3.6) addressed a slightly different question. They 
considered the situation in which the Neyman allocation formula is used but the ~ are estimated from 
a previous survey. They give an approximate equation for the resulting survey variance (their eq. 44), 
although this is of little practical use because it requires the assumption that the c.v. of the estimate of 
V; is known and independent of stratum. They also give an equation for calculating how large the 
previous survey must be before we can expect that this allocation would be better than proportional 
allocation (their eq. 47), and conclude that this would be true for even "moderately small" previous 
surveys. This analysis ignores bias in the estimate of ~ (i.e., it assumes fish distribution and 
abundance does not vary significantly from year to year). If we can accept this assumption, then we 
can have some confidence that it is better to use the information from previous surveys than to ignore 
it and use a proportional allocation. However, we have no practical guide as to how to calculate a c.v. 

The material presented so far in this section relates to the conventional I-phase survey design. But 
the allocation problem is more difficult for the 2-phase design of Francis (1984), which is commonly 
used in New Zealand, and is discussed in the two most recent of the above-mentioned textbooks. 
Francis (1984) suggested that approximately three-quarters of the stations should be in phase 1, and 
that these should be allocated using the Neyman formula. However, these are just rules of thumb, and 
are not known to be the best possible. It is possible that the Neyman allocation is not optimum in 
phase 1 of a 2-phase survey because the objectives of this phase differ from those of a conventional 
survey (one phase-l objective is to get the best possible information on which to base the phase-2 
allocation). However, no alternatives have been suggested. Also, there is no formula for pre
calculating c.v.s for this type of survey. The only available method is the simulation approach of 
Francis (1984). 

One additional technique is of interest. This doesn't tell us how to allocate stations for an upcoming 
survey, but it does allow us to retrospectively evaluate our allocations in existing surveys. It 
addresses the question of whether the biomass estimates obtained from our trawl surveys are more 
precise than we would have obtained had we done an unstratified survey with the same number of 
stations. Several of the textbooks describe this technique (see, e.g., section 3.7 of Sukhatme & 
Sukhatme 1970). We can estimate Vunstrab the variance of the biomass estimate we would have 
obtained from an unstratified survey with m stations, as 

v..nstrat = A", .A.V.+_1 '" .A.(AM.-B)2 -~ '" .A.(A-A.) ~ mL..J} }} mAL..J}}} mL..J}} } m. 
} 

(This is a modification of equation (54) of Sukhatme & Sukhatme (1970) to allow for an infinite 
population and for the fact that we are estimating biomass, rather than mean catch rate). Therefore the 
percentage relative gain, Gtota!. from using a stratified design may be estimated as 
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= 100 Vunstrat - V 

v;.nstrat 

LjAj(AMj-Bf LjAj(A-Aj)~/rnj 
rnA rn 

This gain falls neatly into two useful components, Gstrat and Galloe ' The former is the contribution to 
that gain from the stratification alone. This shows how successful the stratification was in separating 
areas with low and high variability in catch rates (note that in fisheries surveys, high variability 
implies high mean catch rates). Gstrat must always be positive (although our estimate of it may be 
negative) and may be thought of as the gain that would have been achieved if we had used the same 
stratification, but with proportional allocation. The second component, Galloe, is the contribution from 
the allocation, which may be positive or negative, depending on whether our allocation is better or 
worse than the proportional allocation (so that Galloe = 0 if the allocation is proportional). This shows 
how successful we have been in allocating extra sampling where catch rates are high (and thus more 
variable). Examples of the use of this technique with New Zealand data are given below (Section 
2.3). 

One question that is not directly relevant to the allocation problem, but which is nonetheless of 
interest to people running trawl surveys, is how many strata should we have? Cochran (1977) 
suggested that, from the point of view of efficiency (minimising c.v.s), there is seldom any advantage 
in having more than six strata in a conventional (I-phase) survey. Whether this is true for 2-phase 
surveys is unclear. If the year-to-year variation in catch rates occurs on a large scale (Le., there are 
large parts of the survey area in which we can say that all catch rates are approximately x% of those in 
the previous year) Cochran's dictum probably holds true for 2-phase surveys. But if this variation is 
on a smaller scale there may be good grounds for having more strata. Also, it should be remembered 
that there may be considerations other than efficiency that would dictate a large number of strata. For 
example, this ensures that there will be no big holes in station coverage and that specific areas are 
sampled. 

2.2 Review of current practice overseas 

Current overseas practice in station allocation for trawl surveys was reviewed by email contact with 
researchers in Australia, North America, South Africa, and Europe (see Appendix 1) and a search of 
the fisheries literature. This review is not, and was not intended to be, exhaustive. A very large 
number of trawl surveys have been carried out throughout the world, ranging in scale from the large 
multi-nation International Bottom Trawl Survey in Europe (Anonymous 1999) to small-scale surveys 
organised in regional offices. The specific aspects of survey design in which we are interested are 
often not documented, or are found only in reports that are not widely available. I hoped that by 
contacting key people in each region, and consulting the peer-reviewed literature, I would uncover 
any design innovations of interest. 

Both proportional and Neyman allocations are used internationally. The former is common in some 
areas (e.g., northeast US, Canada, and South Africa). It is seen as a reasonable compromise when 
many species are targeted. It is also a defence against poor information on catch-rate variability and 
was recommended by Gavaris & Smith (1987). Neyman allocation is used in some surveys (e.g., in 
Alaska, Norway, and southeast US). No-one appears to have addressed the question as to how this 
allocation should be modified in response to uncertainty about the~. However, several variants have 
been developed to use additional information. Harbitz et al. (1998) modified the allocation for the 
situation when the cost of a trawl in stratum) is given by ~ = a + b(A/mj)O.5, where a and bare 
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constants. This cost function is based on time; a is the time to do one trawl, and the second tenn 
defines per-station travel time within a stratum, which increases with stratum area and decreases as mj 

increases. A more controversial modification, proposed by Harbitz (2000), involves obtaining two 
estimates of the ~ (one from historical data, and one derived subjectively), and calculating the 
Neyman allocation based on their weighted mean (using the assumption that ~ = ~ for some 
constant a). 

In some Alaskan surveys where several species are targeted, the following modified Neyman 
allocation scheme is used (Michael Martin, National Marine Fisheries Service, Seattle, pers. comm.). 
First, the total number of stations allowed for the survey is calculated based on the time allowed for 
the survey. Next, for each combination of a species of interest and a previous survey, a Neyman 
allocation is calculated based on the catch rates of that species in that survey. A cost tenn is included 
in the allocation, based on the mean time to do one tow in each stratum. A mean allocation for each 
species is then calculated by averaging the allocations calculated for each of the previous surveys. 
The final survey allocation is a weighted mean of these mean species allocations, where the species 
weight is the product of its average survey biomass and ex-vessel price. 

Another type of modification to Neyman allocation uses estimates of the ~ that are model-based, 
rather than deriving from the conventional formula for a sample standard deviation. With a model
based approach we must first estimate the model parameters, then estimate the ~ from the model 
parameters, and finally apply the Neyman allocation formula. One simple model presupposes no 
specific distribution for catch rates but assumes that ~ = e"M/, where the constants a and pare 
estimated by linear regression of log(~) on log(~) (Dichmont et al. 2002). This model involves 
estimating nstr+2 parameters (a, p, and the ~). Schnute & Haigh (2003) used a more complicated 
model, a compound binomial-gamma, in which non-zero catch rates are assumed to follow a gamma 
distribution. This model has three parameters for each stratum: Pj ( = 1 - Pnzj), flj, and Vj (= p/, where 
Pj is the c.v. of non-zero catch rates). Sinclair et al. (2003) used this model in evaluating the 
feasibility of a proposed multi-species trawl survey on the British Columbian coast. They estimated 
the model parameters (Ph flh Vj) from commercial catch rates, and then calculated the ~, for use in the 

Neyman allocation formula, with the model-based formula Sj = Jl j [( 1-P j )( 1 + UjPj )/vj rs. It's 

worth mentioning two other catch rate models which have been proposed for the analysis of survey 
data and which could be used for station allocation (although I am not aware of their having been). 
The ~-distribution (Pennington 1983) is the same as the preceding model except that the lognonnal 
distribution is used in place of the gamma. Another model assumes that all catch rates above some 
threshold level, t, are lognormally distributed, but makes no assumptions about those below this 
threshold (Folmer & Pennington 2000). 

Now to the calculation of c.v.s. There appear to be no trawl survey series outside of New Zealand for 
which c.v.s are routinely pre-calculated. This is perhaps not surprising because the practice of pre
calculation in New Zealand arises from the way that trawl surveys are purchased here, which differs 
from that in most parts of the world. The only time c.v.s are pre-calculated is when a new survey, or 
a modification of an existing survey, is proposed (e.g., Ault et al. 1999, Dichmont et al. 2002, Sinclair 
et al. 2003). The fonnula used for pre-calculation is the standard one (see Table 1) or is based on 
some model (e.g., Sinclair et al. (2003) used a formula derived from the model of Schnute & Haigh 
(2003». I am aware of no fonnula which adjusts for the uncertainty associated with the input data. 
As an aside, it's worth noting that in Europe, c.v.s are sometimes not calculated even after the survey 
and, even when they are, they are often not used in stock assessments. 

Once a trawl survey series is established, it appears to be the time available for the survey each year 
which determines the number of stations occupied, rather than vice versa. 

Survey designers often have to deal with what I call the problem of historical variation. This occurs 
when historical data from several years are available for use in designing a future survey. The 
problem is how to allow for year-to-year variation in fish abundance and distribution? One approach 
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is to ignore it. For example, Sinclair et al. (2003) combined commercial data from five years in 
estimating the parameters of the compound-binomial model. This will tend to lead to an over
estimate of within-stratum variability, but how serious this over-estimate is will depend on how big 
year-to-year variation in catch rates is compared to the within-stratum variation in any year. Another 
approach is to side-step the problem by using only the data from the most recent survey (Ault et al. 
1999). This might be a sensible approach if there are long-term trends in the pattern of abundance and 
distribution so that next year's pattern is most like that in the most recent survey. A third approach is 
to combine the data after some sort of standardisation. For example, Gavaris & Smith (1987) 
standardised by dividing the data from each survey by the mean for that survey. This compensates for 
overall changes in abundance from year to year, but not for changes in the distribution of abundance 
between strata. A fourth approach, used in the Alaskan allocation scheme (see above), is to calculate 
an allocation based on each year of historical data and then take the average of the allocations. This is 
not an unreasonable approach, but it is not clear how close it is to optimum, nor does it address the 
question of how to pre-calculate a c.v. for such an allocation. 

A difficulty sometimes associated with model-based approaches to survey design is the number of 
parameters to be estimated. With a limited amount of data from previous surveys it does not make 
sense to estimate a large number of parameters. A merit of the first model-based approach described 
above is that it requires the estimation of only nstr+2 parameters whereas, for example, the model of 
Schnute & Haig (2003) requires 3nstr. When Sinclair et al. (2003) applied the latter model they had a 
large data set to estimate these parameters, because they were using commercial data (almost 30 000 
tows). However, this data set was very unevenly spread amongst their strata (the number of tows per 
stratum ranged from 3 to 5339) and they did ignore year-to-year variation. Where possible, it is 
sensible to apply constraints to reduce the number of parameters to be estimated. For example, in his 
trawl survey simulation model Francis (1984) essentially used the ~-distribution but reduced the 
number of parameters from 3nstr to nstr+ 1 by ignoring zero tows and assuming that the c.v. of catch 
rates was the same in all strata. 

There is some use of adaptive survey designs other than the approach of Francis (1984). Alaskan 
researchers have been investigating adaptive cluster sampling (Hanselman et al. 2001, and 2003). 
Adaptive allocation (Thompson & Seber 1996) has been applied in east Canadian scallop surveys 
(Smith et al. 1999, Robert et al. 2000). Both these designs have the drawback of being open-ended. 
That is, the criteria for allocating additional tows are specified before the survey and it's difficult to 
predict with any precision how many additional tows will be required. Thus the duration of the 
survey is not known beforehand, which would be unacceptable in the New Zealand system of trawl
survey funding. 

Several papers report estimates of the efficiency of historical surveys using the finite-population 
version of the above formula for calculating Glotal. Gavaris & Smith (1987) considered a series of cod 
surveys in eastern Canada and found that in 13 of 15 years the survey was less efficient than an 
unstratified survey with the same number of stations would have been (i.e., Gtolal was negative for 13 
of 15 years). Gains due to the stratification (Gstrat) were typically small (usually less than 20%) and 
those due to allocation (Ganoe) were almost always negative, substantially so (often less than -80%) in 
earlier years. The same authors later investigated the efficiency of another series of cod surveys 
(Smith & Gavaris 1993) and found an improvement when, in later years, allocation was based on 
previous surveys. Before the change in design, Ganoe was negative in four of six years and Gtot was 
negative in three of these; after the change both Ganoe and Gtolal were positive in all five years. Design 
efficiency was also estimated by Ault et al. (1999) and Lunsford et al. (2001). 

2.3 Review of recent New Zealand practice 

Recent New Zealand practice was reviewed by interviewing project leaders, reading survey reports, 
and documenting relevant software. 
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The use of specified c.v.s for New Zealand trawl surveys started in 1996-97 and, since 1998, has been 
used for all surveys, though for some series the species and c.v.s used have varied from year to year 
(Table 3). 

Table 3: Specified and achieved c.v.s (expressed as percentages) for all New Zealand trawl surveys for 
which c.v.s have been specified. -, no c.v. specified. 

Survey series Year SQecies and c.v.s (sQecifiediachieved) 
S. Plat. sum HOK LIN HAK 

2000 15/13 15/7 20/15 
2001 15115 15/7 20/19 
2002 15/14 15110 20/16 

S. Plat. aut HOK LIN HAK 
1998 15/10 15/9 20/16 

ChatHOK HOK2 HOKrec HAK LIN 
1998 20/18 15111 20/18 15/8 
1999 20/19 15/10 
2000 20/21 15/9 20/9 
2001 20/16 15/9 
2002 20/21 15/12 20115 
2003 20115 1519 

WCSI, TBGB GUR STA RCO TAR 
2000 20115 20112 20-25124 20/17 
2003 20/20 20/15 20-25124 20/20 

ECSI sum GUR ELE STA RCOO RC01 RCOjuv l RlGjuv 
1996-97 25-30/13 50/31 15-20/12 50123 50/57 
1997-98 25-30/16 30-35/18 15-20/11 30-35124 
1998-99 25-30/13 20-30/28 15-20/10 20-30/15 
1999--00 25-30/20 20-30/25 15-20/14 30/27 30/43 
2000--01 25-30/34 20-30/18 15-20/16 30/55 30/33 

BoP JDO GUR TAR 
1999 20/14 15/14 30/27 

HGKaharoa SNA1 SNA2 
1997 15-25/17 
2000 20/15 

WCNI SNA JDO GUR TAR 
1999 20/12 20/9 20/13 20-25/13 

I This c.v. was variously specified as "pre-recruit", "< 2 y", and "< 41 cm" but was always interpreted as "< 41 
cm". 

The procedures used for station allocation have varied over the years. If we restrict our attention to 
the approach used in the most recent survey for each series in Table 1, there are three procedures to 
consider. The most recent, which was used for all surveys after 2000, is the Splus function allocate, 
written by Brian Bull (NIW A) in 1999. 

I will briefly describe the main features of allocate, but see Appendix 3 for a detailed description and 
full listing. This function deals with one species at a time. Its inputs are: catch rates for this species 
in previous surveys; stratum details (Aj , mj,miI" mj,max); and a target c.v., Ctarg• The main output is a 
station allocation and an associated c.v., cpre, for a I-phase survey using that allocation. Given the 
assumptions of this function, this allocation uses the smallest total number of stations, subject to the 
required constraints (that cpre ::;; Ctarg and mj,min ::;; mj ::;; mj,max)' The catch rate data are standardised to 
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remove year-to-year variation, and then the allocation procedure and c.v. calculation use the mean, ~, 
and variance, V;, of the standardised catch rates in stratumj, assuming these are the true values for that 
stratum. The allocation procedure is as described in Appendix 2, with Dj = Aj V;O.5, and the V; are 
calculated from the historical data (as just described). 

In writing this report an error was found in allocate (see Appendix 3 for details). The effect of this 
error was that the algorithm tended to spread the stations more evenly amongst the strata than was 
intended, but the calculated c.v.s were correct for this allocation. The effect of this error was probably 
slight. When the algorithm was corrected and rerun for two upcoming hold surveys there was no 
difference in the selected allocation for the 2004 Chat HOK survey, and only a slight difference, for 
one target species, in the 2003 S. Plat. sum. survey. The original run indicated that 83 stations would 
be required to achieve a target c.v. of 12% for hold, whereas the corrected run showed that this could 
be achieved with 82 stations (Table 4). 

Table 4: Illustration of the effect of correcting an error in the function allocate, showing the original and 
corrected allocations for hold in the 2003 S. Plat. sum survey. Ctarg was set to 12% for both allocations. 
Allocation Strata where allocations differed All other Total number Estimated c.v. 

Original 
Corrected 

6 9 11 13 14 strata of stations, m cpre (%) 
5 9 4 5 4 56 83 11.99 
4 12 3 4 3 56 82 11.93 

Some important aspects of the way allocate is commonly used are illustrated in Table 5. First, it is 
common to use a target c.v. which is lower than the value specified by MFish (i.e., to set Ctarg < cspee)' 

Second, after an allocation which satisfies cpre ~ Ctarg has been calculated for each species, the final 
allocation in each stratum is the maximum across all species. The final allocation would then 
normally be used as the phase-l allocation for the survey. 

Table 5: A simple example of the use of allocate with two target species. 

Species HOK HAK 
cspec 15 20 
Ctarg 12 17 

Stratum SIlecies allocations Final allocation 
1 3 5 5 
2 5 4 5 
3 7 10 10 
4 3 3 3 
5 -.ll ~ -.ll 

m 29 28 34 
cpre 11.9 16.8 10.5 (HOK) 

15.6 (HAK) 

A procedure similar to that in allocate was used for the most recent North Island surveys (HG 
Kaharoa in 2000 and BoP and WCNI in 1999). This procedure is not fully documented because it 
was never formalised, being carried out as a series of ad hoc spreadsheet calculations, rather than runs 
of a stand-alone program. It was similar to allocate in using the same allocation algorithm (with 
mj,min = 3 for all strata) and setting Ctarg < cspee, but there was no need to standardise the historical catch 
rates because only one historical survey was used for each allocation. It differed from allocate in that 
it dealt with all target species at once, using some informal procedure to decide, at each step, which 
species should dominate in the decision as to where to allocate the next station. 

The third procedure used the Fortran program simsurvf, written by Chris Francis in 1997, and was 
used for the 1998 S. Plat. aut survey. A brief description this program is given now (for full 
documentation see Appendix 4). The program simulates a large number (nsim) of 2-phase multi
species surveys, all with the same user-specified design, and calculates the c.v. to be expected for 
each species, given the specified design. Its inputs are: catch rates for nsp species in previous surveys; 

12 



stratum areas, Aj; number of simulations required, nsim; and a proposed survey design. This design is 
defined by stratum weights, Wj, to be used in phase-l allocation; mmin (same for all strata); the total 
number of phase-l and phase-2 stations required, ml and m2; and species weights, {ws; s = 1, ... ,nsp } 

for use in phase-2 allocation. The program output is the expected c.v., by species, for the proposed 
design. 

The phase-l allocation, the same for all simulated surveys, is approximately Neyman (subject to the 
constraint that mlj ;;::: mmin) if we assume Wj = ~~. (The allocation algorithm is based on rounding, 
rather than the iterative addition of stations, and so will sometimes produce results that are slightly 
different from the presumably superior approach used in Appendix 2.) The historical catch rates are 
standardised to remove year-to-year variation (but in a slightly different way to that in allocate) and 
simulated catch rates are generated from these standardised values in a way that preserves any 
between-species correlations in catch rates. The phase-2 allocations for the simulated surveys use the 
mean-squared algorithm of Francis (1984), except that this is applied to the weighted sum of the 
simulated catch rates of all species (using the species weights, ws), rather than just to the catch rates of 
one species. For the lth simulated survey a biomass estimate, BIs , is calculated for each species using 
the standard formula. After all simulated surveys are completed, the estimated c.v. for species s is 

calculated, from the variation amongst the Bis. as Cs = [LI (Bls - Bs )2 T'5 /[ (Nsim -1 t.5 BsJ, where 

Bs is the "true" biomass, given by Bs = "L#.isAj. 

A fourth allocation procedure, the Fortran program allo2!, written by Kevin Sullivan (MFish), was 
used for some surveys in the early to mid 1990s. This is documented, for completeness, in Appendix 
5, but will not be discussed any further because it does not estimate c.v.s, and so is not useful in 
determining whether the c.v.s specified by MFish might be achieved by a proposed survey design. 

There are two further issues which, regardless of which allocation procedure was used, were of 
interest to survey project leaders. One was the choice of which historical surveys to use in 
constructing an allocation for a proposed survey. Sometimes surveys were excluded, either because 
they were anomalous in some way, or because the distribution of fish was believed to have changed. 
Sometimes, as a form of sensitivity analysis, allocations were constructed based on several different 
combinations of historical surveys. The other issue was that allocations were sometimes arbitrarily 
modified (reduced) when they required more stations, and thus more ship time, than it was believed 
that MFish would be willing to fund. 

It appears that the usual practice, particularly in recent years, has been to treat the c.v.s specified by 
MFish as limits, rather than targets. There are three features of the example in Table 5 that indicate 
this (and so will tend to ensure that Ctrue :::;; c spec)' The obvious one is setting Clarg < c spec ' Another is the 
practice of maximising across species allocations. This certainly produces an allocation that will 
achieve all the target c.v.s, but it will sometimes use more stations than are necessary to do so. The 
third feature is the addition of a second phase, when the calculations suggest that the target c.v.s could 
be met by the first phase alone. Of course, these factors cannot guarantee that Ctrue :::;; c spec , because the 
actual distribution of fish in the survey may be quite different from that in the historical surveys 
(although a strength of the 2-phase design is that it can compensate, to some extent, for such a 
difference). Even if Ctrue :::;; Cspec it may be that cpost ;;::: c spec because of estimation error. 

I analysed the design efficiency of selected New Zealand surveys using the above formula for Glolab 

applied separately for each target species. This analysis was first carried out using only phase-l 
stations, and then using all stations. Results from the former analysis (Figure 1) should be interpreted 
as bearing on the design of phase 1 only. Results from the latter analysis (Figure 2), which are 
generally more positive, are more difficult to interpret because the use of a 2-phase design may bias 
estimates of GtOlab etc, but the likely direction of any bias is unclear. I present these results here 
mainly to put them on record and draw attention to this type of analysis. An evaluation of the results 
is beyond the scope of this report and best carried out by people who are thoroughly familiar with the 
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Figure 1: Estimated design efficiency, by target species, for some New Zealand trawl surveys: phase 1 
only. Efficiency is measured by Gstrat (top panel), G alloe (middle panel), and Gtotal (= Gstrat + G alloe bottom 
panel). Surveys are grouped into five series (identified to the left of the plots) which are separated from 
each other by horizontal broken lines. Each plotted point represents one component of efficiency (Gstrat , 

G aUoe, or G total) for one target species in one survey, and the plotting symbol identifies the survey (A, lst 
survey in series; B, 2nd, etc, see Table 2). 
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background to each survey. Some of the issues to be borne in mind in this evaluation are (a) it is not 
possible to optimise for all species simultaneously, (b) the choice of target species and the levels of 
specified c.v.s have varied from year to year (Table 3), (c) for most series the stratification has also 
varied over time (these analyses used the original stratification), and (d) surveys have objectives other 
than the specified c.v.s. 
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Figure 2: As for Figure 1, but for full surveys (phase 1 aud phase 2). Note that horizontal scales in each 
panel are the same as in Figure 1 to aid comparison between these figures. 
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3. A MODEL FOR CATCH-RATE DISTRIBUTIONS 

In this Section I describe the model of catch-rate distribution that was used to simulate trawl surveys 
in Section 4. Some sort of model was necessary because simulation via simple bootstrapping (Le., 
without a catch-rate model) would be inadequate given the small numbers of tows per stratum that is 
typical in these surveys (the median number in the historical surveys is 5). Rather than simply 
presenting the final model without any justification I have chosen to show how the model was 
constructed, step by step, and then how it was modified after initial simulations. 

To motivate the discussion it is useful to consider some deficiencies of the simple model used in the 
simulations of Francis (1984). This assumed that catch rates within each stratum were lognormally 
distributed and that the c.v. of this distribution was the same in all strata. This model is inadequate in 
three ways. First, it doesn't allow for zero catches, which are not uncommon for target species in 
New Zealand surveys (Figure 3). Second, it seems unnecessarily restrictive to require a specific 
parametric distribution (the lognormal) for catch rates in each stratum. Third, it may also be too 
restrictive to insist on homoscedasticity (Le., that the c.v. of catch rates is the same in all strata). The 
catch-rate model developed in this section avoids the first two problems but, as is shown below, 
attempts to avoid the third were not successful. 
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Figure 3: Percentage of tows in each trip with zero catch, plotted by target species for the surveys in 
Table 2. Each plotted point represents catches for one species from one survey, with the plotting symbol 
identifying the survey (A, first survey in series; B, second, etc). 

The model has two types of parameters to describe the characteristics of the catch-rate distribution for 
the species of interest: time-invariant parameters, which are assumed to be the same every year; and 
time-varying parameters, which are allowed to change from year to year. We need to allow for 
variation over time because the model may be fitted simultaneously to data from several trawl surveys 
over the same strata at different times. However, in the interests of parsimony (Le., minimising the 
number of model parameters) I tried to restrict the number of time-varying parameters. 

It seems obvious that stratum mean catch rates should be modelled as time varying. If not, we would 
be saying that the pattern of fish distribution does not change from year to year. To be sure that there 
really was evidence for time-varying means, I devised a test of the hypothesis that the distribution of 
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time invariance (see Appendix 6). If this hypothesis were rejected sufficiently frequently we should 
be justified in making stratum mean catch rates time varying. For each combination of species and 
survey series the test was applied 0.5nsurv(nsurv - l) times: once for each pairwise comparison of 
surveys. The results varied widely. For the S. Plat. aut series there were no significant differences for 
any species, whereas for species ELE in series ECSI sum 70% of comparisons were significant 
(Figure 4). Given that the median percentage of significant results was 20%, and bearing in mind that 
the power of these tests cannot be very high given the small number of stations per stratum, the 
decision to treat the stratum means as time-varying seems justified. I will denote the mean non-zero 
catch rate in stratumj for the ith survey as f.Jij. 
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Figure 4: Results of tests of the hypothesis that fish distribution (as measured by stratum mean catch 
rates) does not change from year to year. For each combination of survey series and species the plotted 
value is the percentage of tests for which the hypothesis is rejected (there were O.5nsurv(nsurv - 1) tests for 
each species). 

3.1 Modelling zero catches 

We want to model Pnz,ij, the probability of obtaining a non-zero catch rate (for a particular species) in 
the jth stratum in the ith historical survey. We can estimate Pnz,ij as mnz.ulmij, where mnz,ij is the 
number of non-zero catches and mij is the number of stations in the stratum. The first question to ask 
is whether we can treat P nz,ij as time-invariant. In other words, should we expect the probability of 
obtaining a non-zero catch rate for a particular species in a particular stratum to vary from year to 
year? A simple randomisation test rejected (at the 5% level) the hypothesis of time-invariance in 53 
of 372 tests (see Appendix 7 for details). On this basis I concluded that, although there are clearly 
cases when P nz,ij is time-invariant (e.g., in a stratum that is well outside the depth range of a species, 
so that P nz,ij is always zero), it would be better to model it as time-varying to allow for circumstances 
where this is true. 

It might be expected that P nz,ij would increase with increasing f.Jij. A plot of our data shows that this is 
true, although there is a great deal of sampling noise (Figure 5). The sampling noise arises because 
there are usually few tows per stratum (the median number is only 5). For example, with 5 tows and a 
50% probability of a non-zero catch the observed proportion of non-zero catches could easily range 
from 0.2 to 0.8. For these data I fitted a simple model in which 
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where a, and a2 are (time-invariant) parameters to be estimated (see fitted curves in Figure 5). The 
form of this model ensures that P nz.i) tends to 0 as f.1i) becomes very small, and to 1 as it becomes large 
(or vice versa, if a2 is negative). Very low values of a2 cause the relationship to be close to quite flat 
(as, e.g., for S. Plat. aut HOK). The model was fitted by maximum likelihood, assuming that mnz.i) has 
a binomial distribution with parameters mi) and P nz,i), so that the log-likelihood is 

L},k [ mnZ,ij log( Pnz,ij ) + (mi) - mnz,u) log( 1- I:.z,ij ) ] (ignoring constants). 

To judge the adequacy of this model I plotted data simulated from it as follows. Each point in Figure 
5 has x-value f.1u and y-value mnz.u/mu. To generate a corresponding simulated point I calculated P nz,ij 

from this f.1ij using the fitted curve, generated a new mnz,ij (m~,ij' say) from a binomial distribution 

with parameters mu and P nz,U, and then plotted f.1u against m~,ij / mu' The resulting plot (Figure 6) is 

what we might have observed had our model for the incidence of non-zero catches been correct. In 
most panels, the degree of vertical scatter corresponds reasonably closely to that in Figure 5, 
indicating that the model performs quite well. Another way of evaluating the model is to compare the 
observed and expected number of strata in which either none or all of catches are nonzero. This 
showed that, on average, the model did not predict enough of such strata, with the expected numbers 
being 79% of observed when all catches were zero, and 84% when all were nonzero. 

Our model assumes that a, and a2 are time-invariant. That is, for each panel in Figure 5 we assume 
that we can use the same curve for each trip in the survey series. Is this reasonable? We can address 
this question by examining residuals from these plots. We might have grounds to reject our 
assumption if, for a given panel in Figure 5, we found mostly negative residuals for one trip and 
mostly positive residuals for another trip. A simple test (see Appendix 8 for details) was applied to 
each of the 19 panels in Figure 5 and the null hypothesis was rejected in only two cases. Thus there 
are no clear grounds for rejecting the hypothesis of time invariance for a, and a2. 

This model for zero catches is simplistic. We could clearly do better if we used information about the 
geography and bathymetry of the strata in each series. For example, this information might help us to 
decide, when we observe a stratum in which all catches for a particular species are zero in a given 
survey, whether this occurred because this species is never found in that area (or at that depth) or 
because we were just unlucky not to catch it. However, it's hard to formalise the use of such 
information. For this reason we adopt the above model, which does have the merit of requiring only 
an additional two parameters (a, and a2). 

3.2 Modelling heteroscedasticity 

A simple approach would be to do as Francis (1984) did and ignore any heteroscedasticity between 
strata. With this approach we would calculate, for each non-zero catch rate, CUk. the residual Rijk = 
CuJf.1u and assume that the distribution of these residuals was independent of stratum and year. To see 
whether this was reasonable I plotted the absolute residuals against the f.1u (Figure 7). This suggested 
that there is some heteroscedasticity. How this is manifested varied amongst the panels of Figure 7, 
but a common pattern was for residual variability to be lowest for the extreme values of f.1ij. To fit 
this pattern, but also allow simple increasing or decreasing trends, I fitted (by least squares) a model 

in which the expected absolute residual is given by H (Jiij ) = P3 exp [ -( log(Jiij) - p, r / P; ] (see 

lines in Figure 7), where the (time-invariant) parameters PI. P2, P3 are estimated separately for each 
combination of series and species. We can model the heteroscedasticity by using the function H(f.1) to 
scale the residuals. How this is done is described in the next section. 
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Figure 5: Proportion of non-zero catches in each stratum plotted against log(u), where )I is the mean of 
the non-zero catches from the stratum. Each panel represents data for one target species in a survey 
series, and each plotted point represents one stratum in one survey. Strata in which all catches were 
zero were included by arbitrarily assigning them a value of)l that was half the smallest calculated value 
of)l for strata in the same year. The line in each panel is fitted to the data (see text for details). 
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Figure 6: Simulated data corresponding to that in Figure 5 (see text for details). 
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Figure 7: Absolute residuals (calculated ignoring heteroscedasticity) plotted against log(.u), where I' is 
the mean of the non-zero catches from the stratum. Each panel represents data for one target species in a 
survey series, and each plotted point represents one non-zero catch rate for that species. See text for a 
description of the curves fitted to the data. 

21 



3.3 The model so far 

To recap I will show how the model I have described so far can be fitted to data from nsurv surveys. 
First, we calculate the time-varying parameters, {,uij: i = I, ... ,nsurv ;} = I , ... ,nstr }' For any stratum in 

which all catches from a survey were zero, ,uij should be set equal to O.5minj' [,uij' J, where the 

minimum is calculated over all strata from the same survey in which there were some non-zero 
catches. The time-invariant parameters, a\, a2, /31. /32, /33, are then estimated as described above. For 

each non-zero catch rate, Cijk, a residual is calculated as Rijk = ( Cijk / ,uij Y/H(Ji;;). Our assumption is 

that all residuals have the same distribution (but we don't assume any parametric form for this 
distribution). 

To use this model to simulate data from a new survey we first specify the parameters {pj:} = I, ... ,nstr} 
defining the true mean catch rates for that survey. These could, for example, be set equal to the 
values estimated from one of the historical surveys (,uj = ,uij for some i) or to the mean of such values 

(,uj = (I;,uij )/nstr ). A simulated catch rate from one station in stratum} is calculated as 

C = X ,ujRH(Ji/) where R is picked at random from the set of residuals and X is a binary random 

number that is equal to I with probability P nz(,uj), and 0 with probability I-P nz(,uj). 

3.4 Modifications to the model 

When this model was used in preliminary simulations it did not perform well. The main problem was 
with the heteroscedasticity correction. One difficulty is that this correction changes the mean of the 

residuals in a different way for each stratum. This is because E [ R] "# E [ RH(Ji/) J. There was 

another, worse, problem with this correction. The heteroscedasticity function H was fitted to residuals 
from all non-zero catches from survey-stratum combinations in which there were at least two non
zero catches (if there was only one non-zero catch the associated residual would always be zero). 
Thus, it was fitted over a specific range of values of,u. However, it was sometimes applied to a much 
wider range of ,u, including low values associated with strata with non-zero catches and also to values 
from strata in which there was only one non-zero catch. This sometimes produced extremely high 
values of H(,u) which led to ludicrously high values of true biomass. After some exploration it was 
decided to drop the heteroscedasticity correction. This is equivalent to setting H(,u) = I for all,u. 

A further problem became apparent when I-phase trawl surveys were simulated, without 
heteroscedasticity correction, to mimic phase I of historical surveys. The expected biomass for each 

simulated survey [ = I j Aj,ujPnz (,uj ) ] was sometimes very different from that which was estimated 

in the historical surveys. This was usually not so bad when the catch-rate model was fitted to 
individual trips (although even then the true and observed biomasses differed by a factor of 5 in one 
case), but when it was fitted to a series of trips the difference was often large (a factor of hundreds or 
more). To deal with this, the model was modified so that the expected biomass was equal to the true 
biomass. Having calculated the ,uij and the parameters at and a2 for P nz as before, the ,uij for survey i 

were multiplied by a factor (jJ; (i.e.,,u~ = CfJ;,uij ), where (jJ; was calculated, by iteration, so that the 

expected biomass was equal to the observed biomass [i.e., Bobserved = I j Aj,u~~z (,u~) J. 
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4. SIMULATION EXPERIMENTS 

Five simulation experiments were carried out, using the purpose-written Fortran 90 program, 
evallocf, to investigate various aspects of the allocation problem. The results of these experiments 
are described in the next five sections. In this introductory section I describe broadly how the 
experiments were conducted, but the more technical details are left to Appendix 9. 

Each experiment consisted of a number of scenarios. For each scenario, 1000 surveys were simulated 
(i.e., nsim = 1000), and three numbers were calculated for the lth simulated survey: the true biomass, 
Btrue.l, the estimated biomass, Best,l, and the estimated c.v., Cest.!. The formula for Btrue,1 is given in 
Appendix 9; the other two quantities were calculated using the standard formulae (see Table 1). The 
true biomass may vary among simulated surveys (i.e., Btrue.l -::F- Btrue,r) because evallocf can allow for 
both historical and sampling variation (how this is done is explained below). Because of this, the 
biomass estimates were standardised, by dividing by Btrue.l, in the calculation of what I call the actual 

c.v., Cactual = [(l/nsim ) LI( RI - RfTs IR , where RI =BestiBtrue.l and R = (l/nsim ) LI RI . Cactual was 

the main output from each scenario. It represents our best estimate of the c.v. of a proposed survey, 
given the assumptions underlying the scenario. A number of decisions were made in defining each 
scenario. First, each scenario was based on data from one of the historical series in Table 2. The 
other decisions relate to the columns of Table 6, which I will now discuss. 

Table 6: Some details of the five simulation experiments (see text for detailed explanation). 

Assumed fish Catch-rate Sampling Number of Phase-l Survey Number 
Experiment I distribution model error? stations allocation design of scenarios 
1 single separate2 no historicat2 historical I-phase 127 

single separate2 yes historica12 historical I-phase 127 
single joint2 no historicae historical I-phase 127 
single joint2 yes historicat2 historical I-phase 127 

2 single separate no historical single all 3 381 
single separate yes historical single all 3 381 

3 combined joint no latest all all 3 57 
all joint no latest all all 3 57 
all joint yes latest all all 3 57 

4 single joint yes latest all all 3 381 
5 single Jomt yes latest single3 all 3 4191 
lResults for experiment 1 are given in Section 4.1, those for experiment 2 in Section 4.2, etc; 20nly phase-l 
stations used; 3Shrinkage allocation used 

The first column concerns the distribution of fish in the population which the simulated surveys are 
based on. Three alternatives were considered: 'single', 'all', and 'combined'. 'Single' means that the 
population simulated in each scenario is intended to be like that at the time of one of the historical 
surveys in the series. Different scenarios will mimic conditions during different historical surveys. 
, All' means that the population simulated in each scenario is a mixture of that in all historical surveys. 
Each simulated survey within the scenario mimics the conditions during a single historical survey, 
randomly selected from the series. This is a way of allowing for historical variation in the distribution 
of fish and is one reason why the true biomass may vary between simulated surveys in a scenario. 
The option 'combined' means that the fish distribution mimicked in a scenario is an average of that 
which occurred in all the historical surveys (this is effectively what is assumed in allocate). 

The second column describes the fitting of the catch-rate model of Section 3 to the historical data. 
One option ('joint') was to fit a single catch-rate model to all surveys in an historical series. This 
would be a sensible approach if it was believed that the relationship between the probability of a non
zero catch and the stratum mean catch rate was the same in all years (even though the distribution of 
fish varies from year to year, i.e., Jiij -::F- Jii'j). Alternatively (option 'separate') a different model could 
be fitted to each survey in the series. 
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The third column of Table 6 describes whether sampling error was allowed for. To understand what 
this means consider a simulated survey intended to mimic the fish distribution at the time of the ith 
historical survey. From our catch-rate model we calculate a mean non-zero catch rate of flij for the }th 
stratum in this survey. Of course, the true historical mean would have been different from this, 
because of sampling error. One option is to ignore the sampling error and simulate catch rates based 
on flij. The other option is to try to allow for sampling error by replacing flij by a slightly different 
value, fl'ij, which is intended to represent a plausible true value which could have resulted in the 
observed mean, flij. A different fl 'ij would be used for each scenario. When sampling error is allowed 
for, the simulated true biomass, Rlrue,l, will be different in each simulated survey. 

Each simulated survey in a scenario used the same number of stations, which was either the number 
occupied in the historical survey being mimicked (option 'historical') or that from the most recent 
survey in the series (option 'latest'). For the first experiment, all simulated surveys used a I-phase 
design. In all other experiments three alternative designs were simulated (option 'all 3'): a I-phase 
survey, a 2-phase survey in which 90% of stations were in phase 1 (labelled '2-phase90%'), and a 2-
phase survey in which 75% of stations were in phase 1 ('2-phase75%'). The last design was what was 
recommended by Francis (1984), but 2-phase90% is closer to recent practice in New Zealand (see 
Table 2). 

Four types of phase-l allocation methods were simulated. In experiment 1, the allocation was simply 
the same as was used in the historical survey being mimicked. In experiments 2 to 4, the allocation 
was based on the stratum mean catch rates from either a single historical surveyor from all surveys in 
the series (i.e., the allocation algorithm was that of Appendix 2 with Dj = A#i and mj,min = 3). This is 
a Neyman allocation given the assumption that the standard deviation of future catch rates in stratum} 
is proportional to the historical ~ and also given the usual constraints on the mj (that they must be 
ontegers and ~ mj,min)' Experiment 5 investigated a new type of algorithm (a shrinkage allocation) 
which is described below (in Section 4.5). 

When 2-phase surveys were simulated the allocation of stations to strata for phase 2 used the mean
square algorithm of Francis (1984). 

Finally, I will explain the number of scenarios in each experiment. If, for each series, we do one 
scenario for each combination of a species and an historical survey we get a total of 127 scenarios. In 
experiment 1 there were 127 scenarios for each combination of options for the catch-rate model and 
sampling error. For experiment 2, 381 = 127 x 3, to allow for the three alternative survey designs 
(similarly for experiment 4). In the first part of experiment 3, there were three scenarios (one for each 
survey design) for each of the 19 species-series combinations, and these were repeated, with different 
fish-distribution or sampling-error options, for the other two parts of this experiment. In experiment 5 
the 381 combinations described above were repeated for each of the 11 values of a shrinkage 
parameter (4191 = 11 x 381, see Section 4.5 for details of the shrinkage parameter). 

4.1. Mimicking historical surveys 

The first simulation experiment was designed to see how well surveys simulated by evallocf 
mimicked the historical surveys. Only the first phase of the historical surveys was mimicked (because 
there was insufficient information about the actual phase-2 allocation in these surveys to mimic the 
second phase). Thus, the station allocation in the simulated surveys was the same as in phase 1 of the 
corresponding historical survey. 

Our aim was to compare the C.v.S from the simulated surveys (the Cesl'/) with that observed in phase 1 
of the historical survey (I'll call this Cobs,I). To show how this comparison was made it's useful to 
look at one small part of the results: for one species in one historical survey (Figure 8). These results 
show that, for all four options, Cobs, I was in the upper half of the distribution of the Cest,/ (i.e., the 
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quantiles were aU greater than 0.5). When we look at the results from aU scenarios we see that, much 
more often than not, the quantiles are greater than 0.5 (Figure 9). I conclude that our model has not 
been completely successful in characterising the variability of catch rates. Surveys simulated using 
this model will tend to have less variability (lower c.v.s) than the historical surveys on which they are 
based. 

separate wiihout error separate with error 
500 400 
400 

300 
300 

200 quantile'" 0.99 
200 quantile'" 0.938 

100 iOa 
0 a 

0.05 0.10 0.15 0.20 0.05 0.10 0.15 0.20 

joint without error joint with error 

400 
400 

300 300 

200 quantile = 0.891 200 quantile'" 0.778 

100 100 

0 0 

0.05 0.10 0.15 0.20 0.05 0.10 0.15 0.20 

c.v.s from simulated surveys 

Figure 8. Experiment 1: comparison between the c.v.s from simulated surveys (Cest,b histograms) for 
1I0K and that observed (Cobs, I> vertical lines - in the same position in each panel) in the historical survey 
tan9105 (the first in series S. Plat. sum). The simulated surveys were all intended to mimic phase 1 of 
tan9105, and the four panels correspond to the four options under which the simulations were carried out 
(separate or joint, with or without allowance for sampling error). The quantiles given on each panel 
specify the position of the historical observed c.v., Cobs,I. in the distribution of the Cest,/ (e.g., quantile = 

0.938 means that Cobs, I > Cest,l for 938 of the 1000 values of I). 

4.2. The effect of allowing for sampling error 

The second experiment illustrates the effect of allowing for sampling error in the historical surveys. 
The aim was to compare the actual c.y.s for surveys generated with and without allowance for 
sampling error. 

As is to be expected, allowing for sampling error produces larger c.v.s. The effect increases, but 
becomes more variable, with increasing c.y., and is greater for 1-phase than for 2-phase surveys 
(Figure 10). Perhaps a more important point is that it is only when allowance is made for sampling 
error that the advantage of 2-phase surveys is clear. Simulations without sampling error suggest that 
the 2-phase90% design is no better than a I-phase design, but this is not true when sampling error is 
allowed for (Figure 11, left panels). These simulations also show that 2-phase90% is slightly better 
than 2-phase75%, though the gain in C.Y. is usually less than 0.01 (Figure 11, right panels). 
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Figure 9. Experiment 1: quantiles of observed C.v.S (Cobs, I) in the distribution of c.st,1> the c.v.s from 
surveys simulated under four different options (separate or joint, with or without allowance for sampling 
error). Each panel includes quantiles for all 127 combinations of species and survey, with each quantile 
being calculated as illustrated in Figure 8. 
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Figure to. Experiment 2: the effect of allowing for historical sampling error. The increase in Cacluat when 
this error is allowed for is plotted against the Cactual for surveys simulated without allowing for the error. 
This is done for each of three types of survey design: I-phase, 2-phase90%, and 2-phase75%. Each 
plotted point corresponds to one combination of species and historical survey. 
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Figure 11. Experiment 2: comparison of actual c.v.s for different survey designs. The horizontal axis 
shows c.v.s for I-phase (left panels) or 2-phase75% (right panels) surveys; on the vertical axis is plotted 
the gain (decrease in c.v.) when, instead, a 2-phase90% survey is used. The upper panels show results 
when no allowance was made for historical sampling error, and the lower panels are those with allowance 
for this error. Each plotted point corresponds to one combination of species and historical survey. 

4.3. The effect of allowing for historical variation 

The third series of simulations illustrates the effect of allowing for historical variation in fish 
distribution. Three levels of variation were simulated: there was least variation in level 'none' 
(,combined' fish distribution, no sampling error); historical variation only in level 'hist.only' ('joint' 
distribution, no sampling error), and historical and sampling variation in level 'hist+sample'. 

The effect of allowing for historical variation depended strongly on which species and survey series 
was considered, and which survey design was used. For example, if the value of Cactual calculated 
without historical variation was about 0.15, then that might increase by anywhere between about 0.01 
and 0.15 when historical variation was allowed for, depending on the species-series combination 
(Figure 12A). The increase in Cactual was typically greatest for the I-phase design. Once historical 
variation was allowed for, it made relatively little difference if sampling variation was also included 
(Figure 12B). 

The gain to be made from 2-phase surveys (compared to the I-phase design) is only apparent when 
historical variation is allowed for in the simulations (Figure 13, left panels). For these surveys, there 
was little to choose between 2-phase75% and 2-phase90% in terms of c.v. (Figure 13, right panels). 
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added (,hist.only' - 'none'); B, c.v.s with historical variation ('hist.only') plotted against the increase in 
c.v. when historical variation is added ('hisHsample' - 'hist.only'). Each plotted point corresponds to one 
combination of a survey design, a species and a series of historical surveys. 
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Figure 13. Experiment 3: comparison of actual c.v.s for different survey designs using simulations 
including different amounts of variation. The horizontal axis shows c.v.s for 1-phase (left panels) or 2-
phase75% (right panels) surveys; on the vertical axis is plotted the gain (decrease in c.v.) when, instead, a 
2-phase90% survey is used. The top panels show results when no allowance was made for historical or 
sampling variation, in the middle panels allowance was made for historical variation only, and both types 
of variation were included in the bottom panels. Each plotted point corresponds to one combination of a 
species and historical series. 
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4.4 Another way of allowing for historical variation 

From the previous experiment it seems clear that it is important to allow for both historical and 
sampling variation. However, the way that we allowed for historical variation in that experiment was 
to assume that the fish distribution in a future survey would be a mixture of the distributions observed 
in the historical surveys. Such a mixture is perhaps not very likely. It might be better to assume that 
the fish distribution in our proposed survey could be like that in anyone of the historical surveys, but 
we don't know which one. Thus, perhaps we should simulate conditions in each of the historical 
surveys in turn. This was done in experiment 4. 

The result was a range of actual c.v.s, with the c.v. from our first method of allowing for historical 
variation (from the 'hist+sample' part of experiment 3) typically lying in the middle of the range 
(Figure 14). To make the interpretation of Figure 14 quite clear, consider the middle row of the top 
left panel. The plotted points relate to what might happen if we were to carry out a 2-phase90% 
survey, with the same number of stations as were used in the last S. Plat. sum survey, and a phase-l 
allocation based on all the historical surveys in this series. In this case we might expect to get an 
actual c.v. for HAK somewhere between 0.152 (if the fish distribution was like that in survey 
tan9105) and 0.201 (for a distribution like tan931O). The actual c.v. calculated when we simulated a 
mixture of the historical distributions (as in the 'hist+sample' part of experiment 3) was at about the 
middle of these two extremes (0.171). 

4.5 Shrinkage allocations 

Experiment 5 evaluated shrinkage allocations. These are based on the idea that the fish-distribution 
information we have for our proposed survey is imperfect (because of historical variation and 
sampling error). This suggests that we should devise an allocation that lies part-way between a 
Neyman allocation (which would be appropriate if we had perfect information) and a proportional 
allocation (which would be best if we had no fish-distribution information). This is exactly what a 
shrinkage allocation does. The shrinkage weight, Wshrink, is a parameter which determines where the 
allocation lies between these extremes: Wshrink = 0 produces the Neyman allocation, and Wshrink = 1 
gives proportional allocation. To calculate the shrinkage allocation we first calculate the Neyman and 
proportional allocations, take a weighted average of these [wshrink x proportional + (l-Wshrink) X 

Neyman], and then round this weighted-average allocation to get the desired total number of allocated 
stations (this process is illustrated in Table 7 and described in more detail in Appendix 9). In 
experiment 5 eleven values ofwshrink were tried, from 0 to 1 in steps of 0.1. 

Table 7: Illustration of the calculation of a shrinkage allocation with Wshrink = 0.3. The weighted-average 
allocation is 0.3 x proportional + 0.7 x Neyman and the shrinkage allocation is obtained from the 
weighted-average by rounding. 

Allocation type 
Neyman 
Proportional 
Weighted-average 
Shrinkage 

Stratum 1 
3 
3 

3.0 
3 

Stratum 2 
4 
8 

5.2 
5 

Number of stations per stratum 
Stratum 3 Stratum 4 Stratum 5 

9 10 4 
3 6 10 

7.2 8.8 5.8 
796 
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Figure 14: Experiment 4: actual c.v.s based on surveys simulated using fish distributions from individual 
historical surveys but using a phase-1 allocation based on all historical surveys. Each panel corresponds 
to one series, and each horizontal row of plotted points relates to a survey of a specified design (I-phase, 
2-phase90%, or 2-phase75%) for a given species. The plotting symbols identify which of the historical 
surveys each scenario was based on (A for the first survey in the series, B for the second, etc). For 
comparison, the vertical line in each row shows the corresponding actual c.v. from the last part of 
experiment 3 ('hist+sample'). 
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The results from this experiment were surprising. It was expected that the c.v. for the Neyman 
allocation (Wshrink=O) would be less than that for the proportional allocation (wshrink=l) and, as Wshrink 

increased from 0 to 1 the c.v. would first decrease and then increase (left panel, Figure 15). The first 
expectation was almost always met: the c.v. from the Neyman allocation was lower than that from the 
proportional allocation 91 % of the time (and when it was higher, this was usually by less than 0.01). 
However, there was never a clear pattern of decreasing and then increasing C.v.S. One pattern that 
was fairly common was of a constantly increasing c.v. (middle panel, Figure 15). When the 
difference between the c.v.s from the Neyman and proportional allocations was small the trend in the 
c.v. was small compared to the fluctuations about it (as in the right panel, Figure 15). These 
fluctuations (presumably mostly caused by sampling error) make it difficult to tell where the true 
minimum c.v. occurs. Summarising across all scenarios, the general pattern was for c.v.s to increase 
as Wshrink increased, with a greater increase for I-phase than for 2-phase surveys (Figure 16). There 
are some scenarios where a shrinkage allocation produced a lower c.v. than the Neyman allocation but 
it seems likely that many of these are artefacts of sampling error, and, in any case, the improvement in 
c.v. was always small, particularly for 2-phase surveys. 
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Figure 15: Experiment 5: the actual c.v. for a survey with a shrinkage allocation, plotted as a function of 
the shrinkage weight. The left panel is schematic only, showing the sort of results that were expected 
from this experiment (the vertical scale is arbitrary); the middle and right panels show results for two of 
the 127 combinations of species and historical trip that were considered. 
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Figure 16: Experiment 5: the gain in c.v. from using a shrinkage allocation (relative to the c.v. from a 
Neyman allocation) plotted against the shrinkage weight (WshrinJ for the three survey designs (I-phase, 2-
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horizontal line indicating the median, "outliers" (points more than 1.5 times the inter-quartile range from 
a quartile) are plotted as dots, and the whiskers extend to cover all non-outliers. 

4.6 Other analyses 

The simulation experiments described above were intended to address the allocation problem. In this 
section I consider two other questions which the results of these simulation experiments allow us to 
address. 

The first question, mentioned in passing above, is what percentage of stations should be allocated to 
phase 1 of a 2-phase survey? In experiments 2 and 3 we found that c.v.s from 2-phase90% surveys 
tended to be similar to, or slightly less, than those from 2-phase75% surveys. This was also true for 
experiments 3 to 5, which suggests that there is little to choose between these two designs. However, 
when we consider bias we find that 2-phase90% surveys are clearly superior. For all scenarios 
considered in all experiments, 2-phase surveys showed a small negative bias (usually less than 10%) 
in their biomass estimator, as was found by Francis (1984). Such bias is not of concern as long as it is 
small compared to the c.v. A comparison showed that the bias was always smaller for 2-phase90% 
than for 2-phase75% (typically by 2.5%) and was much smaller as a fraction of the c.v. (Figure 17 
shows results from experiment 5; a similar pattern occurred in the other experiments). 

The second question is how well do we estimate c.v.s in our trawl surveys? A plot of some typical 
results suggests that the estimated c.v. has a negative bias - even for I-phase surveys - and that 
when the actual c.v. is about 0.15 the estimate could easily be out by as much as 0.05 (Figure 18). An 
examination of the results from all the above experiments showed that bias in the estimated c.v. is 
almost always negative and worsens as the actual c.v. increases. This is shown in Figure 19 for the 
Neyman scenarios in experiment 5; a similar pattern was found in the other experiments. 
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5. DISCUSSION AND RECOMMENDATIONS 

The allocation problem, as I have addressed it above, has three components: 

- how many stations to use in the whole survey, 
- how best to allocate these stations amongst pre-defmed strata, 
- how to pre-calculate the c.v. to be expected from this allocation. 

The statistical literature shows how to address all three components, using the Neyman allocation, as 
long as there is perfect information about fish distribution and the survey is conventional (I-phase). 
When there is no fish-distribution information a proportional allocation is suggested (but then only the 
second component can be addressed). The major questions not addressed in the literature are how to 
pre-calculate c.v.s for 2-phase surveys, and how to modify the Neyman allocation (and the associated 
c.v. calculation) to deal with uncertainties in the fish-distribution information (which come from 
historical surveys in the same area). The two sources of these uncertainties are historical variation 
(fish distributions vary from year to year) and sampling error. There are three other issues which are 
not dealt with in this literature, but these are relatively minor. The inappropriate use of finite
population formulae can be corrected. We have a reasonable way of dealing with the constraints that 
the mj must be integers and not less than mj.min (see Appendix 2). Although Neyman allocation may 
not be optimum for the first phase of a 2-phase survey (even with perfect information) it seems 
unlikely that it would be far from optimum. 

What the statistical literature does offer is a useful technique which is retrospective, rather than 
prospective. That is, rather than telling us how to allocate stations for a future survey it analyses how 
well we did in the design (stratification and allocation) of previous surveys. I have illustrated the use 
of this technique in Figures I and 2. I imagine that it could be useful for people in charge of running 
regular surveys to apply this technique from time to time. It was certainly useful in the application 
by Gavaris & Smith (1987). 

Little has been done in trawl-survey practice to address the two major questions given above. 
Overseas, there is little pre-calculation of c.v.s, the problem of sampling error does not appear to have 
been considered, and I found only one instance where historical variation was dealt with (the Alaskan 
surveys in Section 2.2). In New Zealand there has been some work on the pre-calculation of 2-phase 
C.v.S (using simsurvJ and simsurv2j), but no formal approach to the problem of uncertainty. 
However, informal measures to deal with uncertainty in New Zealand (see text associated with Table 
5) seem to have been successful in that almost 90% of specified c.v.s have been achieved (Table 3) 

In principle, it would be better to deal with uncertainty more formally, as was done in the simulations 
of Section 4. This would also allow the pre-calculation of c.v.s for 2-phase surveys. The above 
catch-rate model and the program evallocJ were a useful step in the right direction. They 
demonstrated the importance, in such simulations, of allowing for historical variation and sampling 
error. They also suggested that it might be better to aim for 90% phase-l stations in 2-phase surveys, 
rather than the 75% that Francis (1984) recommended (after far fewer simulations). Finally, they 
allowed the evaluation of a new allocation technique (shrinkage allocation). However, evallocJis not 
recommended as a tool for pre-calculating c.v.s for proposed surveys because it was unable to 
adequately mimic the results from historical surveys. Until a better catch-rate model is developed it 
seems best to stick to simpler procedures, such as allocate. 

It may be worth considering dropping the practice of specifying C.v.S for proposed surveys. At first 
glance this seems a sensible practice. The purchaser of the survey has a requirement - a biomass 
estimate with a given level of precision - and it is left to the survey provider to find the most 
efficient way of achieving this requirement. But we need to ask what is the logic behind the setting of 
the specified c.v.s? Ideally, these should have been set after analyses showing the effect on stock 
assessments of the c.v.s of trawl-survey biomass indices. Even better, would be a cost-benefit 
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analysis that considered the relationship between the costs of obtaining trawl-survey indices with 
higher c.v.s and the benefits, in terms of improved stock management through more precise stock 
assessment. Such analyses have not been done in New Zealand, and do not seem likely in the near 
future (because they are not straightforward). What seems to have happened is that c.v.s have been 
specified that are believed to be achievable with trawl surveys of a duration that is affordable for the 
fish stock in question. If that is in fact what has occurred it would be more sensible, and 
straightforward, for the purchaser of the survey to specify a survey duration and ask the provider to 
demonstrate that they will use the time allocated most efficiently. The time available for the survey 
would determine the number of stations that could be occupied, and programs such as allocate would 
still be needed to fmd the optimum way to allocate these to strata. 

On the basis of the above discussion I recommend that 

1. The program allocate continue to be used for station allocation; 
2. In 2-phase surveys about 90% of stations be allocated to phase 1; 
3. An analysis of the design efficiency of past surveys be done from time to time; 
4. Consideration be given to dropping the practice of specifying c.v.s for proposed surveys. 
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Appendix 1: Respondents in email survey of overseas practice 

Region 
Western US 

Northeast US 

Southeast US 

West Canada 

East Canada 
S Africa 

Europe 

Australia 

Name 
Rick Methot 
Terry Quinn 
Jon Heifetz 
Mike Martin 
Shelton Harley 
Larry Jacobson 
Mike Fogarty 
Bob Muller 
Scott Nichols 
Mark Fisher 
Bob McMichael 
Pat Harris 
Paul Starr 
Alan Sinclair 
Stephen Smith 
Doug Butterworth 
Rob Leslie 
Matt Dunn 
Andrew Newton 
Mark Bravington 
Gunnar Stefansson 
John Cotter 
Mike Armstrong 
Michael Pennington 
AlfHarbitz 
Nic Bax 
Mark Bravington 
Charis Burridge 

Address 
Richard.Methot@noaa.gov 
fftjq@aurora.alaska.edu 
Jon.Heifetz@noaa.gov 
Michael.Martin@noaa.gov 
sharley@iattc.org 
larry.jacobson@noaa.gov 
Michael.Fogarty@noaa.gov 
Robert.Muller@fwc.state.fl.us 
scott.nichols@noaa.gov 
markfisher@tpwd.state.tx.us 
bob.mcmichael@fwc.state.fl.us 
harrisp@rnrd.dnr.state.sc.us 
paul@starrfish.net 
sinclairal@dfo-mpo.gc.ca 
SmithSJ@mar.dfo-mpo.gc.ca 
dll@maths.uct.ac.za 
rwleslie@mcm.wcape.gov.za 
m.dunn@niwa.co.nz 
ANewton@marlab.ac.uk 
MarkBravington@csiro.au 
gunnar@hi.is 
a.j.cotter@cefas.co.uk 
mike.armstrong@dardni.gov.uk 
michael@irnr.no 
althar@irnr.no 
nic.bax@marine.csiro.au 
MarkBravington@csiro.au 
Charis.Burridge@csiro.au 
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Appendix 2: An iterative allocation algorithm 

This appendix describes an iterative algorithm for allocating m stations to nstr strata so that the 
quantity D = L.p/lmj is minimised, for given numbers Db subject to two constraints: that mj is an 
integer, and mj :s; mj,mill' I first describe the algorithm, and then explain its interpretation and 
applications. 

The algorithm is as follows. 

1. Set mj = mj,min for all} 
2. Calculate Gj = D/I[mimj+l)] 
3. Find}' so that Gj' = maxiGj) 
4. Increment mj' 

5. Recalculate Gj' using the new value of mj' 

6. Repeat steps 3-5 until L.j mj = m. 

In the most common application of this algorithm in this report, Dj = Aj~, so the quantity we are 
minimising (D) is the survey variance, V. In this case, Gj is the gain (in terms of variance reduction) 
from allocating the next station to stratum}. Thus, at each step we allocate a station to the stratum 
that would produce the largest gain. If we are not subject to the above constraints then it is well 
known that the optimum mj is proportional to Dj. Thus, we also use this algorithm when our objective 
is to find mj that are proportional to Dj (rather than to minimise D) subject to these constraints. 

This algorithm was proposed by Francis (1984) for phase-2 allocation in a 2-phase survey. In that 
application, mj,min is simply the number of phase-l stations in stratum} and Dj is either Aj~ (for 
variance allocation) or Aj M.i°. 5 (for mean-squared allocation), where M.i and ~ are calculated from the 
phase-l catch rates in that stratum. 

The above algorithm clearly satisfies our two constraints. I am not aware of a formal proof that it is 
optimum (i.e., that it minimises D), but it seems likely that it is. 
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Appendix 3: Description and listing of the Splus function allocate 

This function, originally written by Brian Bull in 1999, takes as input, 

- a set of historical catch rates for a single species, {Cijk: i = 1 , ... ,nsurv;} = 1, ... ,nstr; k = 1, ... ,nij}, 
- stratum details: {Ai> mj,min, mj,max:} = 1, ... ,nstr}, and 
- either a target c.v., Ctarg, or a target number of stations, m targ• 

The strata must be those for use in the planned survey and some nij may be zero (i.e., there may be 
strata for which there were no tows in some surveys). Let ~ be the set of years for which there is at 
least one catch rate in stratum} (so ~ = {i: 1::;; i::;; nsurv and nij > O}) and let nj be the number of surveys 

in which there was at least one station in stratum} (so n. = ""' .. 1) . 
} L...IET; 

The catch rates are standardised (to remove year-to-year variation) by setting C~k = CijkM j / Cij. ' 

where C .. = ("'" n,; C"k )/n.. and M. = ("'" C .. ))n.. This means that the mean of all 
I). L...k=l I)' I) } L...iES; I). } 

standardised catch rates in stratum} is equal to ~. Define ~ to be the analogous variance. For the 
purposes of survey design it is assumed that ~ and ~ are the true mean and variance of catch rates in 
stratum}. 

The iterative procedure for allocating stations is that described in Appendix 2, with Dj = Aj~o.5, except 
that in Step 3 any strata in which mj = mj,max are ignored and at Step 6 iteration is continued until the 
required target has been met (Le., until cpre = Ctarg or the total number of stations is equal to mtarg). 

In compiling this appendix an error was found in allocate: the equation for Gj should be 

Gj = v,;A~ /[ mj (mj + 1) ] (see main text for a discussion of the effect of this error). 

A full listing of allocate.cf (which is the same as allocate except for the correction of the above error 
and removal of some non-standard functions) follows. 

"allocate.cf"<-
function(constraint = "cv", limit = 20, strata, data, trace = F, more.info = F) 
{ 
# 9-10-03 This is Brian Bull's function allocate (28/5/99) with correction of 
# a bug (changed "improvement <- strata[, "variance"]' .. " to 
# "improvement <- strata[, "single.variance"]' .. " in one place) and following 
# changes to standard functions. 
# 8-10-03 Chris Francis replaced calls to Brian's functions mean.bb, var.bb, 
# and sort.col.bb by standard S functions 
# 
# This program allocates stations to strata so as to achieve a given 
# c.v., or to minimise the c.v. with a fixed number of stations. It 
# does not consider phase 2 stations. Nor does it consider multiple age 
# classes or multiple species. A minimum number of stations must be set 
# in each stratum. 
# 
# The cv is calculated based on historical station data: 
# 
# For each stratum, a mean catch rate is calculated as a (unweighted) 
# average of the mean catch rates from each of the previous surveys in 
# that stratum (by the current stratum boundary definitions!) 
# 

39 



# We then assume that the catch rates in that stratum, in the current 
# year, are generated by multiplying the mean catch rate by a residual 
# randomly chosen (with equal probabilities) from that stratum, where 
# the residuals are calculated by dividing the catch rate at a station 
# by the mean catch rate in that stratum in that survey. (still using 
# current stratum boundaries). 
# 
# However we don't actually generate catch rates - we just calculate 
# their variance and use that to figure the optimal allocation. (by an 
# iterative method - starting with the minimum number of stations and 
# repeatedly adding one station wherever it will do the most good) 
# 
# So, we produce an allocation which (under our assumptions about the 
# catch rates) has a given cv. That doesn't mean, I might add, that the 
# _estimated _ cv produced by sampling with that allocation will 
# necessarily be equal to the intended target (even if our catch rate 
# assumptions are right). 
# 
# This method may be a bit dodgy if the historical data includes both 
# changes in sampling effort _and_changes in fish 
# abundance/distribution. 
# 
# 
# The inputs are 
# 
# constraint: "cv" if the minimum number of stations are to be allocated 
# to get a fixed cv, or 
# "stations" if a set number of stations are to be allocated to 
# minimise the cv. 
# 
# limit: if constraint = "cv", the cv (as %) that is to be achieved, 
# "stations", the number of stations that are to be allocated. 
# 
# strata: a dataframe with 4 columns named: 
# "stratum" a label for the stratum 
# "area" area in km"2 
# "minimum" the minimum number of stations allowed in that stratum 
# "maximum" the minimum number of stations allowed in that stratum 
# 
# data: a dataframe of historical station data with 3 columns named: 
# "stratum" the stratum label (under CURRENT strata boundary definitions!) 
# "survey" a label for the survey in which the station was taken 
# "catch" the catch in tons per km, tons per km"2 or however 
# 
# trace: set to T if you want to see each iterative step 
# 
# more.info: set to T for more detailed output 
# 
# The output is a list of 3 elements: 
# $cv: the cv achieved (according to the model...) 
# $stations: the total number of stations 
# $allocation: a dataframe with 2 columns named: 
# "stratum" the stratum label 
# "stations" the number of stations. 
# 
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# check inputs for some errors 
if (constraint != "cv" & constraint != "stations") { 

stop("constraint set wrong") 
} 
min. stations <- sum(strata[, "minimum"]) 
if(constraint == "stations" & limit < min. stations) { 

stop("not enough stations allowed for minimum allocation") 
} 

# strata <- sort.col.bb(strata, 1) 
strata <- strata[ order( strata[, 1]), ] 
if(any(is.na(tapply(data[, "catch"], data[, "stratum"], length)))) { 

stop("some strata have no historical stations") 
} 
if(min(c(limit, strata[, "minimum"], strata[, "area"])) <= 0) { 

stop("something is nonpositive that shouldn't be") 
} 

# loop through strata to calculate mean catch rates, and variances of residuals 
strata <- cbind(strata, 0, 0) 
names(strata)[5:6] <- c("mean.cr", "resid.var") 
fore count in 1 :length( strata[, 1])) { 

stratum <- as.character(strata[count, 1]) 
stratum. data <- data[as.character(data[, "stratum"]) == stratum, 

c("survey", "catch")] 
mean.cr.by.survey <- tapply(stratum.data[, "catch"], as.factor( 

stratum.data[, "survey"]), mean) 
strata[count, "mean.cr"] <- mean(mean.cr.by.survey[!is.na( 

mean.cr.by.survey)]) 
resids <- rep(O, length(stratum.data[, 1])) 
for(count in l:length(resids)) { 

} 

resids[ count] <- stratum.data[ count, "catch"]/ 
mean.cr.by.survey[as.character(stratum.data[ 
count, "survey"])] 

if(min(is.na(resids)) == 1) { 
strata[count, "resid.var"] <-° 

# this fish has never been caught in this stratum 
} 
else strata[count, "resid.var"] <- var(resids[!is.na(resids)]) 

} 
# calculate mean and variance of biomass estimates from single transects for each stratum 
# (down to a constant factor) 

strata <- cbind(strata, 0, 0) 
names( strata )[7: 8] <- c(" single. variance", "mean") 
strata[, "mean"] <- strata[, "mean.cr"] * strata[, "area"] 
strata[, "single.variance"] <- strata[, "resid.var"] * strata[, "mean"]" 

2 
# calculate variance of biomass estimates with minimum station allocation for each stratum 
strata <- cbind(strata, 0, 0) 
names(strata) [9: 10] <- c("allocation", "variance") 
strata[, "allocation"] <- strata[, "minimum"] 
strata[, "variance"] <- strata[, "single.variance"]/strata[, 

"allocation"] # calculate overall sum, variance and cv 
estimate <- sum(strata[, "mean"]) 
variance <- sum(strata[, "variance"]) 
cv <- (100 * sqrt(variance))/estimate 
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# now loop through, adding stations, until requirements satisfied! 
no. stations <- min. stations 
while«constraint == "cv" & cv> limit) I (constraint = "stations" & 

no. stations < limit» { 

} 

improvement <- stratal, "single.variance"]/(strata[, 
"allocation"] * (strata[, "allocation"] + 1» 

too.many <- T 
while(too.many) { 

} 

add.to <- (improvement == max(improvement» 
if(strata[add.to, "allocation"] < strata[add.to, 

"maximum"]) { 

} 
else { 

} 

too.many <- F 

improvement[improvement == max (improvement)] <
o 

strata[add.to, "allocation"] <- strata[add.to, "allocation"] + 
1 

strata[add.to, "variance"] <- strata[add.to, "single.variance"]/ 
strata[add.to, "allocation"] 

variance <- sum(strata[, "variance"]) 
cv <- (100 * sqrt( variance»/ estimate 
no.stations <- no. stations + 1 
if(trace) { 

print( strata) 
} 

if(more.info & !trace) { 
print( strata) 

} 
# prepare outputs 

} 

output <- listO 
output$cv <- cv 
output$stations <- no. stations 
alloc <- data.frame( cbind(as.character(strata[, "stratum"]), strata[, 

"allocation"]) ) 
names(alloc) <- c("stratum", "stations") 
output$allocation <- alloc 
output 
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Appendix 4: Description of the Fortran programs simsurv.f and simsurv2.f 

These two programs simulate 2-phase surveys on multiple species and calculate expected c.v.s for 
each species. They are very similar, differing only in the way they treat zero catch rates in historical 
data. I first describe simsurvf, which was designed for species where zero catch rates were relatively 
rare. It takes as inputs: 

- a set of historical catch rates for multiple species, {Cijks: i = 1 , ... ,nsurv;} = l, ... ,nstr; k = l, ... ,nij; 
s = l, ... ,nsp } 

- stratum areas, Aj , 

- a requested number of simulations, nsim, and 
- a proposed survey design, defined by: 

- stratum weights, {WJ:} = l, ... ,nstr}, for phase-l allocation, 
- a minimum number of stations per stratum, mmin, (same for all strata), 
- the required number of phase-l and phase-2 stations, mt, m2, and 
- species weights, {ws: s = 1 , ... ,nsp}, for use in phase-2 allocation. 

The output is the expected c.v., by species, for the proposed design. 

The phase-l allocation is the same for all simulated surveys, with the number of stations allocated to 
stratum}, ml}, being approximately proportional to the product AjWJ, subject to the constraint that ml} 
2: mmin' Although the allocation algorithm is intended to solve the same problem as is addressed in 
Appendix 2 it takes a slightly different approach. To calculate this allocation we first find the set T of 
strata which may have more than the minimum number of stations as follows. Step 1: Define T = 

{l, ... ,nstr}. Step 2: Calculate the number of unallocated stations, m: = m1 - LjitTmmin. Step 3: For 

j E r calculate mlj = m:Aj~ /L)'ET Aj'Wj" Step 4: For all} for which ml} < mmin, set ml} = mmin 

and remove} from T. Step 5: Repeat steps 2 to 4 until Tno longer changes at step 4. At this point the 
allocation ml} is equal to mmin for j ~ S and is a fractional number greater than mmin for j E S. All 
that remains is to decide which of these fractional numbers to round down, and which to round up. 

Step 6: Calculate m: = ml - Ljammin (same as step 2). Step 7: For each j E S round ml} down if 

frac( mlj ) < 1m; and round up otherwise, where frac(x) is the fractional part of x and fk is the kth 

largest number in the set {frac( mlj ): j E r}. 

The algorithm for allocating phase-2 stations for the simulated surveys is the mean-squared algorithm 
of Francis (1984), but this is applied to the weighted sum of the catch rates of all species (using the 
species weights, ws), rather than just to the catch rates of one species. 

The simulated surveys are based on the historical catch rates. Before simulation, all zero catch rates 
are replaced by half the minimum non-zero catch rate for the same species and then each catch rate is 

standardised by setting C~ks = nijMjsCijks IL::=I Cijk's ' where M.is is the average of the historical catch 

rates for that species and stratum: [ = L;.k Cijks /L; nij J. To simulate a tow in stratum}, an historical 

tow is selected at random (from any stratum or survey) and the standardised catch rates for that tow 
(one for each species) are used. Note that this procedure tends to preserves any between species 
association in catch rates. 
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The estimated c.v. for species s is calculated as Cs = [LI! (B[s - Bs)2 TS 
/[ (Nsim _1)0.5 BsJ, where 

B/s is the estimated biomass for species s from the Ith simulated survey and Bs is the "true" biomass, 
given by Bs = LPflsAj. 

simsurv2fwas designed for use with surveys in which at least one of the target species has many zero 
catch rates in the historical data. The only way that it differs from simsurvf is in the way it uses 
historical catch rates to simulate surveys. First, zero historical catch rates are not replaced. Second, 
simulated catch rates are always zero for any stratum-species for which all historical catch rates are 
zero. To simulate a catch rate for species s in stratum) we select at random a standardised catch rate 
(calculated as above) for that species, ignoring those from any combination of stratum and survey for 
which all historical catch rates were zero for that species, and multiply it by the "true" mean catch 
rates, M.is. (calculated as above). This simulation procedure does not preserve any between-species 
association in catch rates. 
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Appendix 5: Description of the Fortran program allo2.f 

There are said to have been multiple alternative versions of this program. The version documented 
here was provided by Neil Bagley (NIW A). This program deals only with the (I-phase) allocation 
problem; it does not calculate c.v.s. It takes as input, 

- a set of historical catch rates for a single species, {Cjk: j = I , ... ,nstr; k = 1, ... ,nj}, 
- stratum areas, Aj , and 
- a requested number of simulations, nsim, and a target number of stations, mtarg. 

Two separate sets of calculations are done: some simulations, and a deterministic calculation. The 
simulations generate nsim allocations, {mlj: 1= 1, ... ,nsim; j =1, ... ,nstr}, with Ljmlj = mtarg for all I. The 
deterministic calculation creates a single allocation, {mo/j =1, ... ,nstr}, with LjmOj = m targ• The program 
returns a table with one line per stratum and the following 5 numbers in each line: stratum number, j; 
mean simulated number of stations [= (L/mlj)/nsim]; minimum simulated number of stations [= 
minlmlj)]; maximum simulated number of stations [= maxlmlj)]; deterministic no. of stations, mOjo (It 
appears that it was the second of these numbers that was used in designing a proposed survey - at 
least this was the case for the 1996 S. Plat. aut survey.) 

The procedure for generating the ith simulated allocation was as follows. Step 1: for each stratum 
randomly select three catch rates, with replacement, from the set {Cjk: k = 1 , ... ,nij}, calculate the mean 

of these, Mij, and set mij = 3. Step 2: Calculate Gij = M~AJ /[ mij (mij + 1) J. Step 3: For the stratum 

with the largest Gij, randomly select another catch rate from {Cjk: k = 1, ... ,nj}, update the mean catch 
rate Mij and increment mij. Step 4: Repeat steps 2 and 3 until the allocation is complete (i.e., Ljmij = 

mtarg). 

The The deterministic allocation used the algorithm of Apendix 2 with Dj = M~j, where M.i was the 
historical mean catch rate for stratum). 
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Appendix 6: Testing for time-invariance in stratum mean catch rates 

The statistical test described in this appendix was designed to test the null hypothesis that the spatial 
distribution of fish does not vary from year to year, at least on the scale of the strata used in trawl 
surveys. That is, we wish to know whether the true stratum mean catch rates for a species can be 
sensibly modelled as being time-invariant. In data from a series of trawl surveys there are three 
factors which could cause the observed means to vary from year to year: a change in the spatial 
distribution of the species (which would change the mean in each stratum by a different amount); an 
overall change in abundance of the species (which would change all stratum means by the same 
amount, proportionally); and sampling variation (which would change the observed means even if the 
true means had not changed). The hypothesis we tested is that all observed variation is caused by the 
last two factors alone. 

Each test compared stratum means for a single species between two trips. The procedure was as 
follows. First, the stratum means were standardised to remove any effect of an overall change in 
abundance: 

where i indexes the two trips which are being compared. Next the mean shift in the standardised 
stratum means, So, was calculated as 

Thus if, for example, So = 1.5, this means that, for a typical stratum, the standardised mean catch rates 
from the two trips differed by 50% (i.e, the larger was 50% bigger than the smaller). Note that by 
definition So is always greater than or equal to 1. Large values of So suggest big changes in fish 
distribution. To answer the question "How large must So be before we can reject the null hypothesis 
and conclude that there has been a significant change in fish distribution?" we used randomisation. 

For each stratum the set of catch rates was randomly reassigned to the two trips and a mean shift, S), 
was calculated using the reassigned data. This step was repeated to generate a total of 100 shifts, So, 
S), ... , S99. The null hypothesis was rejected if fewer than 5% of these shifts were greater than or equal 
to So. 
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Appendix 7: A test for time-invariance in the probability of a non-zero catch 

This test was applied for every combination of survey series, stratum, and target species; a total of 372 
times. To show how the test was constructed it's useful to consider one of these combinations. For 
HAK in stratum lOin the series S. Plat. sum., for which we have the following data. 

Number of Number of non-zero Proportion of 
Voyage stations, mjk catches, mnzjk non-zero catches 
tan9105 11 3 0.27 
tan9211 8 0 0.00 
tan9310 9 5 0.56 
tanOO12 4 2 0.50 
tanOl18 4 4 1.00 
tan0219 3 0 0.00 
All 39 14 0.36 

We see that the observed proportion of non-zero catches varied from 0 to 1, with an overall average of 
0.36. The question is, is this amount of variation more than could occur by chance if P nzjk were time
invariant? Under the null hypothesis of time-invariance, mnzjk is a binomial variate with parameters 
mjk and P nzj (here I've indicated time-invariance by dropping the time subscript k from P nzjk). The 
log-likelihood of the above observations is then given by AO 

Lk [ mnzjk log( Pnzj) + (mjk - mnZjk ) log( 1- Pnzj ) ] where Pnzj = 0.36. For the randomisation test, 

we use the following procedure to re-assign the 14 non-zero catches to the six voyages. Construct a 
vector which has 14 Is (representing the non-zero catches) and 25 Os (representing the zero catches); 
randomly reorder this vector; and then assign the first 11 elements to the first voyage, the next 8 
elements to the second voyage, and so on, to create a new version of the above table. Calculate the 
log-likelihood, AI, for this new table, and then repeat this process a large number of times to create a 
set AO, }q, ... , AN_I of log-likelihoods. The significance level of the test is the proportion of these log
likelihoods that are less than or equal to AO. For the above data this proportion was 0.02 (with N = 

100) so the null hypothesis was rejected. 

For some data sets there was no variation, so there was no need to apply the test. There were 14 data 
sets in which the catch-rates were always zero, and another 89 combinations where they were always 
non-zero. 
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Appendix 8: Testing for time invariance in a1 and a2 

The model fitted in each panel of Figure 5 assumes that the fitted curve is appropriate for all trips in 
the survey series, Le., that we can use the same a) and a2 for each trip. To test this hypothesis I 
applied a chi-square test to a table of residual signs for each panel. For example, the table associated 
with the second panel (for HAK in series S. Plat. sum) is 

Number of negative residuals 
Number of positive residuals 

tan0012 tan0118 tan0219 tan9105 tan9211 tan9310 
5 8 11 9 12 9 

14 11 8 7 5 8 

The null hypothesis for the test is that probability of obtaining a positive (or negative) residual does 
not vary from trip to trip. For the above table the chi-square test was not significant (p::= 0.14) so the 
between-trip variation in this table is no more than might be expected from sampling error. Overall, 
the result was significant for two of 19 tests: Chat HOK HOK2 (P = 0.0001) and ECSI sum RCOO (P 
= 0.013). 
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Appendix 9. Simulation program evalloc.f 

In this appendix I describe the workings of the FORTRAN 90 program evallocf, which was used in 
the simulation experiments of Section 4. It evaluates proposed station-allocation schemes for a new 
stratified random survey (I-phase or 2-phase) using simulations based on data, from previous surveys 
of the same strata, that have been fitted to the catch-rate model of Section 3. For simplicity I will 
omit from the following description some program features that were not used in this report. 

The user must provide stratum data for the proposed survey (Aj, mj,min, forj =1, ... , nstr), catch-rate data 
from a series of one or more historical surveys using these strata (Cijk, for i=I, ... ,nsurv; j =1, ... , ns\r; 

k= I , ... ,nij), the parameters obtained from fitting these data to the catch-rate model of Section 3 (a" a2, 
Ji;j), and the associated residuals. 

After giving the number of stations to be occupied in phases I and 2 of the proposed survey, the user 
has four alternative ways of specifying the phase-l allocation. First, it may be specified directly (i.e, 
the mj may be supplied). Second, the allocation may be defined as being proportional to A)fj, for 
given stratum weights, ffj (in which case the algorithm of Appendix 2 will be used with D j = Ajffj). 

This is a pure proportional allocation if ffj = 1 for all j. Third, it may be Neyman, based on the 
stratum mean catch rates from some or all ofthe historical surveys (using the algorithm of Appendix 2 

with Dj = A}fj, where M j = L. [(l/nij)L. CijkJ/(I. 1) and TaHoe defines the desired 
IETalioc k lETaJ10c 

subset of historical surveys). The final alternative is a shrinkage allocation, which lies somewhere 
between the Neyman (if Wshrink = 0) and pure proportional (if Wshrink = 1) allocations. 

To calculate the shrinkage allocation we first calculate the weighted mean of the Neyman and 
proportional allocations: tj = Wshrinkmj,proportional + (l-wshrink)mj,Neyman' In general, the tj will not be 
integers, so we need to decide which should be rounded up and which should be rounded down. 
Write tj = tj,int + tj,frae, where ~,int is an integer and 0 ::;; tj,frae < 1. To get the right number of stations in 
the allocation the number of strata in which we should round up is given by nroundup = m - Li tj,int. The 
shrinkage allocation was made by rounding up in the nroundup strata with the highest values of ~,frae. In 
case ofa draw, first preference was given to the lower stratum number. 

To evaluate the proposed allocation, evallocf simulates nsim surveys. Each of these surveys is 
designed to mimic the pattern of fish distribution found in one of the historical surveys (the user 
specifies the subset, Tsim, of historical surveys to be mimicked). Thus, the first step in simulating a 
survey is to randomly pick i ' E Tsim' This means the expected value of non-zero catch rates in stratum 
j of the simulated survey will be Jl.i = f.1i'j' If Tsim includes more than one historical survey then this 
approach allows for historical variation in the distribution of fish. In the special case of option 'none' 

in experiment 3, f.1j = meanie 7;;m (Ilij ). The next step is optional. The user may choose to perturb the 

stratum means in order to allow for sampling error in the historical surveys. If this option is chosen 
then Jl.i is replaced by f.l j = f.l/rj where rj is the mean of ni'j randomly selected residuals. The idea here 
is that both f.l j and f.lj represent the mean non-zero catch rate in stratumj, but the latter is what was 
actually observed in the i'th historical survey, whereas the former is a possible true value. 

Catch rates for the simulated survey are simulated as described in Section 3, using the parameters f.lh 
a" and a2. If the survey has a second phase, then the station allocation for phase-2 uses the mean
squared algorithm of (Francis 1984). 

For the lth simulated survey, evallocf calculates three numbers: the true biomass, Btrue,/ 

[ = L j AjlljPnz (ll j ,al'a2 ) J, the estimated biomass, Best,!, and its estimated c.v., Cest./ (where the last 

two numbers are calculated, using the standard formulae in Table 1, from the simulated catch rates). 
The true biomass will vary among simulated surveys (i.e., Btrue.l *' Btrue,l') if the user has chosen to 
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allow for either historical or sampling variation. Because of this the biomass estimates are 
standardised (by dividing by Btrue,l) in calculating our measure of precision, which we call the actual 

c.v., Cactual =[n~i~L/(R/-Rrr5 IR, where R/ =BesulBtrue,l and R =n~i~L/R/. The individual 

c.v.s, Cest,l, may be thought of as estimates of Cactual. 2-phase surveys are known to produce biased 
estimates of biomass (although the bias is typically small compared to the standard error (Francis 

1984». The bias is estimated as a percentage: %bias = 100 (R -1), and its s.e. as 

se%bias = 100Cactual R/nsimo.5 • 
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