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ABSTRACT 

A series of 30 gillnet experiments was used to examine the sampling statistics of 

Pacific salmon ( Oncorhynchus spp.) caught in the western North Pacific Ocean and 

5 Bering Sea. Each experiment consisted of measuring the number of salmon caught by 

consecutive 5-tan (ca. 250 m) sections of a 100 tan (5 km) gillnet. Analysis indicates 

that the distribution of catches follows a negative binomial distribution, with the 

variance increasing at roughly the 1.2 power of the mean. Maximum likelihood 

estimates of the parameter "k", a measure of the degrees of freedom ( dtj or spatial 

10 aggregation of the salmon, indicates that the catch in each 250m length of gillnet is 

based on approximately 15 df, so that the catch from a standard 100-tan commercial 

net is based on 300 df. Catches are therefore spatially uncorrelated (independent) at 

spatial separations of 15m or greater, and coherent aggregations of salmon on the high 

seas therefore likely occur only on length scales of <15m. At very low densities ( <5 

15 salmon/tan), the statistical distribution of salmon catches by commercial gillnets is 

essentially identical to the Poisson distribution and is similar at higher densities but 

with significantly heavier tails to the distribution. This result significantly reduces the 

statistical uncertainty associated with high seas research sampling programs, because 

the estimate of salmon abundance obtained using a standard 100-tan commercial net 

20 can be treated as being based on ca. 300 independent replicate samples from a negative 

binomial distribution. 
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INTRODUCTION 

Gillnets or trawls are widely used in the North Pacific ocean to estimate the 

abundance and distribution of Pacific salmon. For many years, Japan has conducted 

5 multi-ship research surveys in the North Pacific to forecast the abundance of Pacific 

salmon and to elucidate aspects of the basic biology of salmon on the high seas. Many 

Pacific Riin countries also use similar gillnets for forecasting run strengths in their 

coastal waters. However, before these data can be reliably used, the sampling 

characteristics of both salmon and the fishing gear need to be assessed. 

10 

This study examines one limited aspect of the scientific study of salmon: how 

salmon are statistically distributed on the high seas. Without adequate information on 

the nature of this distribution, it is difficult to accurately weigh the reliability of 

individual observations of salmon densities collected at various geographic positions, or 

15 the uncertainty inherent in the point estimates of catch obtained. Establishing this 

information is equally important in coastal waters, where the results of gillnet surveys 

for salmon are used as predictors of abundance, and the results from research trawl 

surveys are used to establish the abundance of exploited fish stocks independent of the 

statistics obtained from the commercial fishery. 

20 

We consider two closely related issues in this paper. First, we_ examine the 

information content represented by an observation on the catch obtained from one 

fishing operation. Normally, a single fishing operation can be plausibly viewed as 

providing one observation, or one degree of freedom ( df"), on fish density or abundance. 

25 However, if a single operation provides more information than 1 df about fish 

abundance, ignoring this information is wasteful and incorrect. 

Second, we ask what statistical model the data can reasonably be considered to 

have been drawn from. In practice, no statistical model can be an exact representation 

30 of real data, but we can determine whether the major features of the data can be 

usefully described by some tractable statistical distribution. Knowing the df that a 

specific fishing gear can provide, plus the underlying distribution that the observations 

are drawn from, allows a useful parsimony in describing the uncertainty associated with 

a given set of data. This can contribute to both improved survey designs ( e.g. 

35 Pennington and v,lstad 1991) and better methods of statistical analysis. 
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MATERIALS AND METHODS 

A series of 30 gillnet experiments were conducted using the Japanese Fisheries 

Agency's research vessel Wakata.ke Maru, with 19 sets taken between 10 May - 6 June 

1983, and 11 sets taken between 19 July - 31 July, 1984. Fishing was not conducted on 

all nights within these periods. Each experiment consisted of measuring the number of 

10 salmon caught by consecutive 5-tan (ca. 250 m) sections of a 100 tan (5 km) commercial 

gillnet. Three species (sockeye, 0ncorhynchus nerka; chum, 0. keta.; and pink, 0. 

gorbuscha) were caught in sufficient abundance to be separately analyzed. The data 

therefore consist of 90 separate experiments (30 nights fishing x 3 species), with each 

experiment consisting of 20 replicate catches made under essentially identical conditions. 

15 We excluded one data set where no pink salmon were caught, leaving 89 useful 

experiments. 

Set locations are shown in Fig. 1. A Japanese commercial gillnet with 121 mm 

mesh size was used for the experiments. Soak times ranged from 11:18 to 12:16 

20 (hrs:min) in 1983, with most nearly 12 hrs in length. Soak times in 1984 ranged from 

10:51 to 11:36, with most over 11 hrs. Because we do not make comparisons of catch 

magnitude between days in this paper, we ignored the effect of differences in soak time 

on catch levels, and worked directly with the raw data. 

25 At the end of each night's fishing the net was retrieved and the number of 

salmon caught per 5-tan section was recorded for each species. A total of six 

corrections were subsequently made to the 30 recorded data sets. On one occasion a 1 

tan panel within a 5-tan section broke, and only the fish caught by the other 4 panels 

was recorded. We inflated the catches by 1.25 and rounded the values to correct for the 

30 lost gear. On three separate nights, the catch of two adjacent 5-tan panels was 

accidentally recorded together. In this case we divided the recorded catch by species 

equally between the two 5-tan groups. (When odd numbers occurred, the last fish was 

added randomly to one 5-tan section to maintain integer catches). Finally, on two 

occasions the catch from a 5-tan section of net was not recorded, and the oversight was 

35 not recognized until the net had been completely recovered. It was not possible to 
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identify which of the other sections had a double count because of the large variability 

between sections. For these two experiments we based our statistical analysis on 19 

observations rather than 20. 

STATISTICAL DISTRIBUTION OF CATCHES 

10 Spatial Autocorrelation 

How much information is contained in one fishing operation? Normally, one tow 

of a plankton or trawl net, or a fixed period of fishing with a gillnet, would be 

considered to provide one observation on abundance or density. A check on this 

15 assumption can be made by calculating the correlation of the catches in adjacent 5-tan 

sections of the net. Calculating the spatial autocorrelation estimates for individual 

experiments and then averaging over the 30 separate experiments {Fig. 2) demonstrates 

that catches in net sections separated by 250 m or more are uncorrelated. It is therefore 

possible to treat the catches in the 20 sections as statistically independent replicates 

20 drawn from the same underlying sampling distribution. 
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Mean vs Variance 

Individual observations of Table 1. Least squares estimates of the parameters 
the catch can therefore initially describing the increase in variance with the mean, :t 1 
be treated as based on 1 df and _s_.E_. __________________ _ 

20 sub-catches from a night's 

fishing used to calculate the 

mean catch, µ, and its 

associated variance, u 2. A plot 

Sockeye 

Chum 

a 
0.00±0.07 

0.31±0.25 

B r2 

1.18±0.04 0.97 

1.13±0.09 0.85 

10 of the variance vs. the mean Pink 0.14±0.08 1.18±0.07 0.91 
(Fig. 3) indicates that the 

variance increases faster than 

the mean with increasing fish 

density, as roughly 

Aggregate 0.13±0.05 1.19±0.03 0.96 

15 u2 • a•µ 1.2 ± 0.03, and that this relationship is similar for all three species (Table 1). 

A similar supra-linear increase in variance with the mean was shown by Fukuhara 

(1975) for sockeye salmon. 

Table 2 lists the properties of a number of potentially useful statistical 

20 distributions where the variance increases as a function of the mean. In each case the 

distributional definition has been given in terms of the mean, µ, and (for the negative 

binomial and gamma distributions) a second parameter k. For large degrees of 

freedom k, the negative binomial distribution approaches the Poisson, as suggested by 

the formulae for the variance (Table 2). In contrast, for large k the gamma distribution 

25 approaches a delta function with mean µ and variance zero. 

The parameter k of the negative binomial has varying interpretations between 

statistical and biological disciplines. In ecology, k has been used as an index of 

aggregation, with higher values indicating progressively less clumped spatial 

30 distributions. 

A simpler interpretation can be made, however, by noting that for the negative 

binomial distribution the sum of two or more independent negative binomial random 

variables NB(µ,k 1) and NB(µ,k 2) is still distributed as a negative binomial, with 

35 NB(µ,k 1 +k2) (Johnson and Kotz 1969, p. 124). A similar argument can also be made 
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for the gamma distribution, which can be derived as the sum of k independent 

exponentially distributed random variables, each with meanµ. Thus for either 

distribution, drawing an additional (independent) sample from the underlying 

distribution contributes one additional observation, thereby justifying the interpretation 

5 of k as the degrees of freedom associated with the sample mean. Thus, for each night's 

catch during the Wakatake Ma.ru experiments, k ~ 20 because the catch in each 5-tan 

net section is an independent measure of salmon density. 

Some controversy surrounds the interpretation of k in ecology, with one view 

10 holding that a scaling law known as Taylor's Law, u2 = a.µB, is of wide applicability 

(Taylor 1961, 1984), and that the ecological constant k varies with species, life history, 

and habitat. Taylor's law has been widely applied as a rule for transforming a set of 

data to near-normality. However, the broad applicability of Taylor's Law has been 

challenged (Routledge and Swartz 1991). 

15 

We prefer to view the parameter k as a measure of the spatial length scale over 

which a species shows coherence, so that new degrees of freedom are only obtained when 

sampling occurs on length scales greater than this value. We justify this interpretation 

because the statistical distribution of sums of independent negative binomial or gamma 

20 distributions belong to the same family, with additive degrees of freedom. The 

simplicity of this interpretation allows clarifying certain issues about the biological 

factors underlying the interpretation of k and substantially simplifies the relevant 

sampling theory. 

25 Empirical Quantile-Quantile Plots 

So far, we have shown that each fishing operation is based on 20 or more df, and 

that the variance increases at a rate intermediate between the Poisson and the 

Exponential distributions. Quantile-quantile ( QQ) plots are a non-parametric tool 

30 designed to evaluate the distributional form underlying a set of data (Chambers et al. 

1983). 

In forming a QQ plot, observations are sorted according to size, and then the 

quantiles of the data are plotted against the corresponding quantiles of a set of random 

35 variables drawn from a specified statistical distribution. Departures from linearity are 
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an indication that the distributional shape of the data do not closely follow that of the 

theoretical distribution, while differences in mean and variance cause changes in the 

location of the line and its slope, respectively. 

5 A single QQ plot can therefore be used to assess all experiments, because the 

distribution of the replicate samples should be correctly described by the mean µi for 

each of the i=l,2, ... ,89 experiments and (for the negative binomial and gamma 

distributions) the parameter k. If the a priori specification of distributional parameters 

is incorrect, then there will be significant scatter evident in the between-experiment 

10 plots. 

QQ plots for the candidate distributions given in Table 2 are shown in Fig. 4, 

and calculated using the statistical programming language S-Plus (Statistical Sciences, 

Inc., Seattle, Washington). Generation of random variables following the Poisson and 

15 negative binomial distributions were based on algorithms by Morgan (1984) and 

Rubinstein (1981). Surprisingly, all three of the Poisson, negative binomial, and gamma 

distributions seem to fit the data very well, where we have calculated the individual 

plots for the negative binomial and gamma distributions using the mean of the 

experiment and assuming k=20. There is some very slight evidence that the predicted 

20 variance for the gamma distribution tends to overpredict the actual variance, as 

indicated by a slightly greater departure from the 1:1 reference line. 

25 Estimating k for individual sampling units 

With increasing k, the negative binomial distribution approaches the Poisson 

distribution, so the observed variance will always be larger than the mean for finite k. 

We calculated an estimate of the degrees of freedom available per 5-tan section and the 

30 approximate associated uncertainty by maximum likelihood (Bliss and Fisher 1953). A 

comparison of these estimates relative to the mean salmon density encountered in each 

experiment suggests that over most of the range of salmon densities encountered, a 

constant k is consistent with the data (Fig. 5). However, for densities µS:10 the 

estimates of k are more erratic. 

35 
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An overall weighted moment estimator of k was provided by Bliss and Owen 

(1958) which takes into account all the information available from the 89 experiments. 

Applying this estimator to the data for individual species yields a consistent estimate 

for chum and sockeye salmon of roughly k=l5 per 5-tan unit, and a substantially 

smaller estimate of k •5 for pink salmon 

(Table 3). An aggregate estimate of k, 

based on all 89 experiments treated 

simultaneously, leads to k=14.3 df per 5-

tan section {Fig. 5). The aggregate 

estimate of k for pink salmon is 

somewhat suspect however, as mean pink 

salmon catches never exceeded µ=6 (Fig. 

3). This places these catches in the range 

where rather erratic estimates of k are 

Table 3. Weighted moment estimators of a 
common k, fitted to the data by species and 
in aggregate. One experiment with a zero 
catch of pink salmon was excluded from the 
estimates. 

k 

Sockeye 15.2 
Chum 15.9 
Pink 4.8 

15 observed. The very large estimates of k 

are associated with those samples where 

the mean exceeded the variance. For 

Aggregate 14.3 

these cases, the numerical estimate of k 

becomes very large as the variance of the negative binomial is reduced to the mean. As 

20 the variance can never be smaller than the mean for either the Poisson nor the negative 

binomial distribution, the occurrence of some samples where this is true presumably 

reflects random sampling error at very small densities (Fig. 3), rather than a failure of 

25 

these distributions to reliably describe the data. 

These estimates of k assume that the underlying sampling statistics for the data 

follow a negative binomial distribution. Two parametric tests of the consistency of the 

negative binomial as a descriptor of the data are available, given an estimate of k. 

These tests compare the observed second and third moments of the data with those 

expected for a NB(µ.,k.) distribution (Bliss and Fisher 1953). The third moment test, 
1 1 

30 T, is the more powerful test for our data (Evans, 1953). 

We calculated these statistics, and their approximate standard errors, using the 

maximum likelihood estimates of k. for each of the 89 experiments. The results give 
1 

little reason to reject the hypothesis that the observed data are samples from a negative 

35 binomial distribution {Fig. 6). Recalculating these statistics using the aggregate 
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estimate of k=15 lead to the same conclusion, but estimates of U and T for individual 

experiments were more erratic than when the estimates of k were based on the 

individual maximum likelihood estimates of k, as expected. 

Some insight into why the individual estimates of k shown in Fig. 5 are more 

erratic at low mean densities can be obtained by comparing the shape of negative 

binomial distribution ask increases. At high salmon densities (µ=30; Fig. 7), a k value 

equivalent to the estimate for the 100 tan commercial net (k=300) results in a sampling 

distribution which closely approaches the Poisson (k=oo). At lower values, equivalent to 

10 those appropriate if we assume only that 5-tan net sections are independent (k=20), or 

that a single fishing operation provides only one observation on salmon density (k=l), 

the shape of the distribution differs markedly from the Poisson. The distributional 

shape therefore depends sensitively on k at moderately high salmon densities. In 
contrast, at very low densities (µ•l) all distributions are highly asymmetric, and the 

15 shape of the negative binomial distribution changes little, irrespective of the number of 

degrees of freedom. 
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DISCUSSION 

Parametric statistical procedures allow powerful techniques to be applied to 

analyzing large data sets, but the results depend on correctly specifying the sampling 

5 distribution from which the data are collected. Departures from specific assumptions 

can cause seriously misleading results, such as when distributions with heavier tails 

than the normal or Poisson occur. For example, Poisson regression has recently found 

use in the analysis of fisheries survey data (e.g. Smith et a.1. 1991). However, if a 

heavier-tailed distribution such as the negative binomial is more appropriate, the 

10 uncertainty in parameter estimates may be seriously under-estimated, although the 

parameter estimates themselves may not be seriously affected (McCullagh and Nelder 

1983; Moore and Tsiatis 1991). 

Assuming an extra-Poisson variance for the model is a common technique used 

15 when there is evidence that the variance exceeds the mean (McCullagh and Nelder 

1983). However, if the variance follows a power function of the mean, the statistical 

structure will still be in error, with insufficient weight given to observations at low 

densities, and too much statistical weight given to observations made at high densities. 

A priori identification of the sampling distribution can reduce some of these difficulties. 

20 

Our results demonstrate that for the estimated degrees of freedom of the 

Japanese high seas salmon commercial gillnet, the sampling distribution approximates 

the Poisson. In fact, however, the NB(µ,k=300) distribution is still significantly more 

heavy-tailed than the Poisson, indicating that catches that would be considered 

25 "unusually" large or small according to the Poisson probability distribution may still 

occur with significant probability. It is therefore important that the degrees of freedom 

associated with each sampling operation be established as rigorously as possible. We 

note that for the negative binomial distribution, the most likely catch is zero when the 

degrees of freedom are small, regardless of the mean density. 

30 

An important related issue arises with regard to soak times for the gillnets. 

Because estimates of k relate to the spatial length scale of the salmon aggregations 

relative to the length of the fishing gear, different soak times will not affect the degrees 

of freedom on which the catch estimates are based. Soak times will, however, affect the 

35 abundance estimates obtained from different sampling trials, should they vary 
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significantly. As we have already noted, soak times varied relatively little over the 

duration of the experiments described here. In comparing abundance estimates where 

soak times do vary significantly, however, it will be important to correct for variations 

in fishing time, subject to the limitation that the effectiveness of high seas gillnets for 

5 catching salmon presumably drops off sharply during daylight hours. 

A further reason for establishing the statistical distribution is that it can lead to 

valuable physical insight into the underlying processes. For example, the evidence that 

the number of salmon in adjacent 250m gillnet panels are independent allows us to infer 

10 that the spatial structure of salmon aggregations on the high seas occurs on <250m 

length scales. Based on this independence we have demonstrated that the distribution 

of replicate catches follows a negative binomial with ca. 15 df per 250m of gillnet. This 

implies that the spatial coherence of salmon aggregations disappears on length scales on 

the order of ca. 15m, and that the standard Japanese commercial gillnet of 5km length 

15 has ca. 300 (=5km/15m) degrees of freedom associated with it. 

The low mean density of salmon per 250m gillnet section observed in many of the 

experiments suggests that the spatial distribution of salmon might be reasonably 

modelled as a purely random process, with fish contacting the net in a series of 

20 independent rare events. This assumption leads directly to the Poisson distribution, 

and is consistent with the very large values fork estimated for some experiments. 

However, at least two factors suggest that some significant spatial structure to the 

distribution of salmon occurs on the high seas. 

25 First, the variance of the catch increases proportional to the 1.2 power of the 

mean, and is therefore inconsistent with the Poisson model, where the variance always 

equals the mean.. Second, both the second and third moment tests give little reason to 

reject the negative binomial as a model of salmon catches even at low densities. 

30 One way in which a negative binomial model arises is as a result of a series of 

independent Poisson events occurring (e.g. salmon schools independently encountering a 

net), but with the size of each school varying according to a Gamma probability 

distribution. For these reasons we conclude that salmon likely form loose aggregations 

of varying sizes on the high seas at night, when the gillnets are deployed. However, the 

35 number of salmon in these aggregations is likely quite small, as both the mean catch 
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and the estimated length scale for the spatial aggregations are low. The estimated 

length scale may also increase during spawning migrations by mature salmon into 

coastal waters, when they might form larger aggregations. If so, the sampling 

characteristics of the gear would differ because the effective number of observations that 

5 could be obtained from a fixed net length would decrease. 

Interestingly, the small k=5 value estimated for pink salmon implies a longer 

spatial decorrelation length scale of roughly 250m/ 5 = 50m, and therefore indicates a 

greater level of spatial aggregation. However, this result is inconsistent with the small 

10 mean catches of µ<=6. The result is therefore probably a sampling artifact, rather 

than evidence that ·pink salmon form larger spatial aggregations than chum and sockeye 

on the high seas. 
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Table 2. Properties of some relevant statistical distributions f(x), and range for which f(x) is valid. 

5 Distribution f(x) Parameters Mean Variance Range 

Normal :!d. 11,a a1 (--,•) 
_l_e ,,;& 

Jr.a 

Poisson 11% e-11 a1 = fl (0,1,2, ... ) 

%1 

10 Negative 
I'(% +k) ( k )'( I' r 11,k µ1 (0,1,2, ... ) 

Binomial a2 = 11 +-
r(x+l) r(k) 11+k 11+k k 

Gamma 1-L I xi-1 e-1'% 11,k 1 (0,•) 
a2 = ~ 

r(k) k 

Exponential 11 e-11% 0 1 = f.12 (0,•) 



Fig. 1. 

Fig. 2. 

5 

10 

Fig. 3. 

15 Fig. 4. 

20 Fig. 5. 

25 

Fig. 6. 

30 

Fig. 7. 
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Location of the fishing experiments conducted in 1983 and 1984, with the 

sequence of sampling locations indicated. 

Average spatial correlation between salmon catches in 5-tan (250m) gillnet 

sections. Serial autocorrelation functions were calculated for catches from 

the 30 nightly catches, and then averaged to calculate the mean serial 

autocorrelation ±2 standard errors. Horizontal lines indicate the 

approximate 95% confidence interval for an individual autocorrelation 

function. 

. Comparison of mean and variance of the salmon catch for each night's set 

along with the least-squares fit of the power curve (Table 3). Dashed lines 

indicate the u2=µ (Poisson) and u2 = µ2 (gamma, k=l) reference lines. 

Empirical quantile-quantile (QQ) plots for the normal, Poisson, negative 

binomial, gamma, and exponential distributions. For the negative 

binomial and gamma distributions we specified k=20. The 1:1 reference 

line is shown (dotted line) along with the least-squares fit (solid line). 

Maximum likelihood estimates of the parameter k for the 89 observations 

and associated approximate 95% confidence limits, assuming the negative 

binomial distribution applies. Except at low salmon densities, there is 

little reason to reject the hypothesis of a constant k. ff the salmon catch 

• per 5-tan (250m) net section is equivalent to one observation, then 

estimates of k should cluster around k=l. 

Parametric tests of whether the observed sampling distribution for 

individual experiments is consistent with a negative binomial distribution. 

Two test are shown, which compare the expected and observed second (U) 
and third (T) moments of the data, assuming the maximum likelihood 

estimates of k. The null hypothesis is that the statistic is zero for both 

tests. 

Comparison of the sampling distribution of the negative binomial and the 

Poisson for three mean densities encountered in the experiments 
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(µ=1,10,30). The shape of the negative binomial distribution is shown 

under the assumption that each fishing operation provides only one df 

(k=l), that each 250m net section of a standard commercial gillnet 

provides one df (k=20), and that each commercial gillnet provides ca. 300 

df (=5km/15m). The 3 df curve is the estimated sampling distribution for 

each 50m tan within the 100 tan commercial net. Note that even at high 

densities the negative binomial distribution is significantly skewed when 

the df are low, and that for a single independent observation the most 

likely catch is zero. The Poisson distribution (k=oo) is shown as a dotted 

line. 
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