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Abstract

Trawl research surveys for groundfish populations provide an important source of infor-
mation for estimating the size of the population. The surveys usually provide an estimate
of the size of a component of the population, called trawlable abundance. In this thesis
we consider how to efficiently estimate trawlable abundance, and how to construct precise
confidence intervals for this quantity. The mobility of the population and other aspects of
the survey design motivate us to pursue a model-based approach for inferences. Another
advantage of the model-based approach is the relative ease in which scientific knowl-
edge can be incorporated into inferences. We demonstrate that this can have important
consequences on the precision of inferences.

We propose a mixture-model approach for the analysis of trawl survey data. With
such data it is common that extremely large catches occasionally occur. While most
catches vary smoothly in terms of spatial location and depth, these large catches are
quite different. In some years large catches do not occur, but it still seems likely that
the dense fish aggregations that produce these catches exist. These aggregations are
not sampled simply due to the small probability of sampling a very dense aggregation.
Simple habitat-selection theory suggests that it is reasonable to expect different trends
in abundance at favorable and less favorable locations. This is because animals tend to
move to more favorable sites as space becomes available. This is the basis for our mixture-
model. We use a smooth mean-function model for most trawl catches (type I’s) in terms
of spatial location and tow depth. For the rare large catches (type II's) we use a simple
constant mean model, where the mean of the large catches is constant over time. The
mixture-model combines the models for type I and type II catches. Habitat-selection is
accommodated because the mean for type II catches can remain high while the mean for
type I catches declines. We apply these methods to trawl research survey data for cod on
the Southern Grand bank of Newfoundland.
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We used a variety of graphical procedures for model building purposes. They suggest
a nonparametric approach for modelling type I catches is useful. The approach we take is
local likelihood estimation. A concern in model building is which covariates to include. We
propcse a nonparametric variable selection procedure for this purpose. We do not know
exactly which catches are type II a priori, so robustness is an issue. For this we develop
a robust nonparametric Negative Binomial smoother, to identify type II catches and for
“robustified” variable selection. The Negative Binomial distribution is the stochastic
model we use for trawl catches. We show that the mixture-model is an improvement over
the model commonly used to analyze trawl survey data. We suggest approximate pivotal
methods for confidence intervals for total type I and type II abundance, and use the profile
likelihood to compute confidence intervals for total type I + type II abundance.

Our estimates show less interannual variation than traditional methods for estimating
abundance. We feel the mixture model estimates are more consistent with the survey
data. Our confidence intervals are also considerably shorter in some years than those

based on +2x the design-based standard errors.
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1. INTRODUCTION

In this dissertation we present methods to make probabilistic inferences about the size of
a fish stock based on scientific survey data. The total number of fish in a stock changes
with time, and it is very important to know whether the stock is increasing or decreasing,
and at what rate. The total number of fish at time ¢, denoted as IV, is never known
exactly; however, annual research surveys are often available which provide quantitative
information about components of the stock. These surveys involve random trawl samples,
and they are often conducted for periods of 10 years or more. Many measurements are
taken during the surveys, and the one we focus on is the number of fish caught in the
trawl. Statistical methods are required to make inferences about trends in stock size
from the survey data. The methods we investigate will be used to estimate the relative
magnitude of IV, with high precision, and we develop confidence intervals for this quantity
as well.

The fish stock we consider is the Atlantic cod (Gadus morhua; see Figure 1.1), located
off the east coast of Newfoundland in NAFO (North Atlantic Fisheries Organization)
Divisions 3N and 30 (3NO; see Figure 1.3 in the Appendix). This area is commonly
referred to as the Grand Bank of Newfoundland. A Grand Bank cod fishery has been
conducted for nearly 500 years. This stock and other Atlantic cod stocks have played a
fundamental role in the development of the economy of Newfoundland and the Maritimes
in Canada, as well as the northeastern United States. Despite the recent commercial

collapse of this stock and several other Northwest Atlantic cod stocks, great scientific and
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Figure 1.1: The Atlantic cod, Gadus morhua.

commercial interest still exists in these fish. Hence, the cod example is quite important
and methodologies developed in this dissertation may well be applied in future assessments
of this stock.

We first review common methods used to assess the size of fish stocks. Most of these
methods require accurate estimates of the size of commercial fish catches. Next we review
the survey design used to assess 3NO cod, including methods for summarizing the survey
data. The basic design used is stratified random sampling. Exploratory graphical analyses
are presented that suggest a mixtur;e model is useful for analyzing the survey data. Stock
size inferences are then based on the mixture model.

A common method used to analyze research survey data is based on the survey design
used to obtain the data. This method is often referred to as the design-based approach.
There are several problems with the application of this approach to the 3NO cod survey
data. With design-based methods we must assume that fish are stationary; however, this
assumption is not true for 3NO cod. Failure to meet this assumption implies that the
precision of inferences may be compromised. To assess the variability of an estimator, the

design-based approach requires that any two sampling units have a positive probability
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of being included in the sample. This is not the case for the 3NO survey (see Chapter
3). Another implicit assumption in the design-based approach is that all sampling units
are alike, at least for those in the same stratum. For 3NO cod extremely large catches
occasionally occur that seem very different from the other catches within the stratum.
Such catches should be considered as special cases because, otherwise, they have undue
influence on stock size inferences. An approach for dealing with such extremes is to
identify these units before conducting a survey and assign specific inclusion probabilities
to the large units accordingly; however, for our case it is not possible to do this.

To address these problems we use a model-based approach to analyze the survey data.
Such an approach is based on an assumed stochastic model that “generates” the data.
A model-based approach can accommodate random movements of fish. This approach
facilitates variance estimation in that it does not require that any two sampling units
have a positive probability of being included in the sample. In fact, it does not even
require that observations be collected using a sampling design with known inclusion prob-
abilities, which is a basic assumption in the design-based approach. We can also use
a separate model for large catches, according to any biologically relevant theory about
their incidence. The model we use can be categorized as nonparametric regression. The
fundamental assumption we make is that fish abundance varies smoothly over time, space
and depth, and possibly other covariate dimensions. Many covariates are measured in
the 3NO cod survey, and we use these data to construct a hopefully reliable predictive
relationship between some of the covariates and fish abundance. In doing this, some
interesting statistical problems arise.

It is well known that when the number of observations is limited we cannot fit a
model with a large number of covariates. Otherwise the mode! will over-fit the data
and have little predictive value, and this is important in our application. Including too

few covariates may result in a poorly fitted model and possible bias. A challenging
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statistical problem in our work has been to determine which covariates should be included
in the model. This problem has received much attention for linear models; however, little
discussion is present in the statistical literature for nonparametric models. We use a
two-stage approach for this purpose. First we conduct graphical analyses that focus on
potential covariate associations that seem plausible. Covariates that seem unrelated to
survey abundance are removed from further analyses. The second stage involves analytic
variable selection procedures performed with the covariates that appear important in the
graphical analyses. These methods are used because it is difficult to graphically assess
the relative strengths of covariate associations in more than two dimensions. Confounding
among covariates is also a problem in the data we analyze; hence, an association between
trawl catches and a covariate may be an artifact caused by the association between that
covariate and some other variable that is truly related to trawl catches. In this dissertation
we select covariates subsets that minimize, or nearly minimize, an estimate of mean square
prediction error; that is, the mean squared difference between a random observation and
its predicted value.

Even if we know exactly which covariates to include there are still difficulties due to
a small number of extremely large catches. These large catches are dissimilar to other
catches with similar covariate valu;es, and this conflicts with the assumption that fish
abundance varies smoothly as a function of covariates. Recall that this is also a problem
in the design-based approach. These large catches should be removed when fitting the
nonparametric regression, and yet we do not know which catches are clearly extreme
without the regression. It is not a simple matter of deciding which catches are large
through the use of a cut-off criterion because spatial clusters of large catches can occur
that are consistent with nearby catches. We use robust smoothing techniques as a solution
to this problem.

Large catches do provide vital information about the size of the stock however, and
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they cannot be ignored. It commonly occurs that 50% or more of the total catch of cod in
a survey occurs in less than 10% of the samples, and this is merely a reflection of the truly
contagious nature of stock abundance. It is quite easy for a large percentage of the total
stock abundance to lie between two sample sites, and yet no fish exist at these sites. The
large catches are not mistakes. They are often more informative than other catches. To
utilize the rich information contained in these catches we use a separate model specifically
designed for this purpose.

Before analysis we do not know which large catches are inconsistent with nearby
smaller catches. Visual inspection of spatial plots of the data are very useful for this
purpose, but analytical methods are still required because other covariates, specifically
tow depth, are also important, and we cannot visually inspect trawl catches for covariate
dimensions greater than two. For this we use robust nonparametric regression to identify
the large discordant catches. Robust residuals are used for this purpose. It is well known
that nonparametric regression techniques are quite sensitive to outliers, and the standard
non-robust fitting techniques will “mask” the discordant catches. A simple example of this
is given in Chapter 5. Robust nonparametric regression techniques are much more useful
for this purpose. Once the discordant catches have been identified the nonparametric
model is then fitted to the data with the discordant catches removed.

We propose to use a very simple model for the number and size of catches discordant
with a smooth mean function of covariates model. The probability of a discordant catch
is assumed to be constant over time, but vary spatially over three large geographic regions
within 3NO. This is consistent with life-history information about cod in this region. The
mean and variance of the discordant catches are assumed to be constant over time and
throughout 3NO. Part of the rationale for this assumption is that the number of discordant
catches we identify is quite small, and we simply do not have enough information to fit a

more complicated model than the one we have chosen. The small number of large catches
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does not mean that they have no influence however.

It is easy to use the model for stock size inferences. Each year the nonparametric
model is used to predict trawl catches at a large number of locations. These predictions
are merely weighted averages of the observed catches for the year in question, minus those
that are identified as discordant. The predictions are combined with predictions for the
discordant catches. The combination is also a weighted average, where the weighting
involves the probability of a discordant catch. The end result is a set of weights used to
estimate total trawlable stock abundance, and in this respect our inferential methods are
identical to the design-based approach. Note that the weights used in the two approaches
may be very different however.

This dissertation is orientated towards the solution of an important practical problem
that involves rather complex data. To reach this solution a variety of statistical methods
are employed. In important analyses we have exercised great care to ensure that our
estimators are as efficient as possible. For example, the nonparametric regression proce-
dures were selected to provide a reasonable summary of trawl catches while maintaining
as many “error degrees-of-freedom” as possible. OQur main contributions to statistical the-
ory involve practical issues in nonparametric variable selection, and fitting nonparametric
regression models to over-dispersed count data. We have developed useful theoretical re-
sults for robust estimation with Negative Binomial data, and robust smoothing of count
data. We have also developed inferential procedures for the mixture model. We have
tested some of our inferential results with simulated data and found them to be good for
the samples sizes in our time series. Our main contribution to fisheries theory is a method
more suitable for summarizing trawl survey catches than stratum area-weighted averages,
which is the current method used. We have also developed a method for dealing with
large errant catches. We have assimilated a wide range of fisheries literature relevant for

stock size inferences. We have also explored the importance of this literature for 3NO cod,
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and where possible we have attempted to quantify the covariate relationships suggested
in this literature. In doing so we were able to assess the importance of these relationships
in terms of inferences about annual stock size.

The mixture model is an important contribution. It is an implementation of a sim-
plified version of a habitat-selection model in which fish move from less favorable areas
to more favorable areas as space becomes available; hence, annual stock density trends in
less favorable areas are expected to be different than in more favorable areas. The model
estimates, especially in 1991-1993, are more realistic than those from the design-based
approach. We anticipate that the results in this dissertation will lead to improved esti-
mators of stock size in other regions. For example, 87% of the survey biomass for 3PS
{(Just west of 3NO; see Figure 1.3) cod in 1995 occurred in one out of more than 100 tows,
and this has lead to considerable uncertainty in assessing the history of this stock. The
methods developed in this dissertation may improve this situation substantially.

1.1. Data source: Trawl research surveys

Trawl research surveys are conducted annually by the Canadian Department of Fisheries
and Oceans (DFO). Data are collected by towing a standard research trawl (see Figure
1.2) at a constant speed for a fixed duration of time. The measure of stock size we
considered is based on the number of cod caught per tow; however, a variety of other
abundance and biological information for many species is also collected. Essentially the
unit of measurement is a three-dimensional quadrat sample of relative stock abundance.
Measurements are relative because not all fish in the path of a trawl are caught, and a
portion of the local abundance will be above the trawl and also not caught. The time
period chosen for analysis is 1984-1994. This period was selected because relatively few
changes in the survey design occurred during these years.

The survey design used in 3NO since 1974, and in all areas that DFO surveys in the
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Figure 1.2: A trawler towing an otter trawl.

Northwest Atlantic Ocean, is stratified random sampling. Doubleday (1981) presents a
comprehensive manual on the survey methodology. The strata boundaries for NAFO
Divisions 3N and 30 are presented in Figure 1.4 in the Appendix (Section 1.3). These
boundaries are primarily based on depth, which is important in delineating distributional
patterns of some species (Pitt ef. al., 1981). Each time a station is trawled many variables
are measured, such as the time and location of a tow, light conditions, wind and sea
states, depth of a tow, water temperature, and the number and weight of every species
caught. Samples of the catch are taken to measure individual fish lengths, whole and
gutted weights, liver and gonad weights, stomach contents, sexual and maturity status,
and presence of parasites. Otoliths (ear bones) are also taken for age determinations in a
lab. We restrict our attention only to the numbers caught per tow; however, clearly the

surveys provide much more information than this.
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1.2. Outline

We begin our investigations in Chapter 2 by briefly outlining the history of the cod
fishery on the Grand Bank, as well as the basic biology of cod in this region. In this
chapter we also study common methods used to estimate the size of fish stocks. The
advantages and disadvantages of many of these methods will be illustrated.

Design based methods for estimating stock population parameters from research survey
data are often used in practice, and are considered in Chapter 3. The details of the 3NO
survey design are first presented, followed by methods of inference for total trawlable
stock abundance.

Chapter 4 involves a graphical overview of the survey data. The purpose of this
chapter is to present graphic explorations of potential relationships in the data. Many
of the plots focus on relationships that have been suggested in the fisheries literature on
similar stocks. These plots will also be used to develop and interpret a stock dynamics
model in Chapters 5 and 6.

Based on the previous graphical investigations a simple mixture model for trawl catches
is postulated in Chapter 5. This involves a smooth mean function of covariates model
which describes most (Type I) catches. A small number of isolated, very large, (Type II)
catches are described by a different model that is a function of space only. Estimates from
this model will be based on the average stock density for the two mixtures, as well as their
areal extent. We compare the fits from this model with those using strata information
only.

In Chapter 6 we use the mixture model to estimate annual trawlable stock abundance.
This estimation is based on predictions of trawl catches at many trawling stations. In
this chapter we also develop and use methods for constructing confidence intervals for
trawlable stock size. The estimates and confidence intervals are compared with those
obtained in an analogous design-based approach.
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A summary of the material in Chapters 1-6 is presented in Chapter 7, along with

future research considerations.



CHAPTER 1. INTRODUCTION

1.3. Appendix: Figures
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2. REVIEW OF SOME FISHERIES TOPICS

2.1. Introduction

In this chapter we review several fisheries topics that provide background information, and
a context, to assess the methods developed in this thesis. The topics involve the history
of the cod fishery on the Grand Bank (Section 2.2), basic biological information about
cod (Section 2.3), and analytic methods for assessing fish stocks (Section 2.4). The
first topic is of general interest and provides information on the historic size of the Grand
Bank cod fishery. The second topic provides some life history information on cod and is
useful when considering population dynamics models for this species. In data analysis it
is generally useful to understand as much as possible about the subject of measurement,
and this rule applies to 3NO cod. Some of the information presented in Section 2.3
and 2.4 will be drawn upon when ﬁlotivating the use of models in Chapters 4-6. This
information is also useful in understanding the way these fish are surveyed. The third
topic provides the motivation for the remainder of the dissertation, and illustrates how
the methods we develop may assist when assessing the absolute size of a fish stock such

as cod.

2.2. Brief history of the Newfoundland cod fishery

Records of cod fisheries in Newfoundland waters exist for the early sixteenth century
(Innis, 1954) and fisheries probably existed even before then. France, Spain and, to a

13
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limited extent, Portugal first started a Newfoundland fishery early in the 1500s. England
became involved later. During the 1600s and 1700s the British and the French controlled
the Newfoundland fishery. During the years 1600 to 1750 approximately 300 French vessels
visited Newfoundland each year. Approximately 250 English vessels visited Newfoundland
each year in the first half of the 1600s, and about 100 vessels each year in the second half
(Cushing, 1989). While the Grand Bank fishery expanded in this time period the bulk of
the total Newfoundland catch came from the inshore fishery; however, later in the 1700s
declining catch rates prompted the English and resident fishery to move northwards, and
the English fishery also moved to Labrador coastal areas. By the 19th century the English
fishery in Newfoundland had diminished, and largely the residents of the Island and the
French carried out the Newfoundland fishery.

In the early 20th century France and Newfoundland were the dominant nations fishing
in Newfoundland waters, although France’s total catch rarely exceeded half of the total
catch by Newfoundland. Most of Newfoundland’s catch still came from the inshore. Until
the 1950s the fisheries in the Northwest Atlantic were largely based on cod; however, the
advent of the factory freezer trawler resulted in a diversification of the fishery to other
species (Pinhorn and Halliday, 1990). The reported landed catch of 3NO cod (Stansbury
et. al., 1995) 1954-1995 is presented in Figure 2.1. Catches peaked at 227 000 tonnes in
1967, but declined till the late 1970s. Following the establishment of a 200 mile resource
jurisdictional limit in 1977 catches increased till the mid 1980s and have declined steadily
since. In 1995 a moratorium was established on commercial fishing in 3NO. The mora-~
torium is still in effect. The trends in cod catches in 3NO also appear in other stocks
(Pinhorn and Halliday, 1990).
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2.3. General biology of Atlantic cod

In this section we present a brief description of the biology and ecology of Atlantic cod,
especially those in 3NO, which are the subject of this thesis. This information will be
drawn upon occasionally throughout this dissertation, for model building purposes. An
important concept is the degree of mixing between cod in 3NO and cod in other Divisions.
We do not specifically use this assumption in the methods we develop; however, we refer
to estimates as being of stock abundance, when they are really estimates of the abundance
of fish within the 3NO region. The relationship between the abundance of cod in 3NO,
i.e. those cod within the 3NO region, and 3NO cod stock abundance depends on the
affinities between this stock, and other stocks, with the 3NO geographical region.

Atlantic cod is a bottom dwelling (demersal) species that ranges in distribution from
Greenland down the Northwestern Atlantic continental shelf as far south as North Car-
olina in the United States (Scott and Scott, 1988). Cod are also found in the Northeastern
Atlantic, from Iceland southward to northern Spain. Atlantic cod are found over a wide
range of depths, from 0-1 kilometers. Females may lay up to 12 million eggs, but only a
few survive. Females generally spawn at depths less than 400 meters and water temper-
atures of 3-4° Celsius. Spawning occurs as early as February in northern regions and as
late as December in southern regions.

After the cod eggs are fertilized and hatch, the young (larval) cod remain in the water
column for some time but eventually descend to the ocean bottom where they grow and
feed on a variety of small crustaceans. As cod get older they continue to feed on small crus-
taceans but eventually fish, including smaller cod, become the predominant food source.
Generally, cod grow faster at lower latitudes because of warmer water temperatures. The
weight of cod also varies with year, age, and location. Cod can weigh up to 80 kilograms
and live as long as 26 years, but commercially caught cod in the Northwest Atlantic during
the 1980’s were typically 5 or 6 years old.



CHAPTER 2. REVIEW OF SOME FISHERIES TOPICS 17

2.3.1. Stock designation of Southern Grand Bank (3NO) Atlantic cod

The cod found on the southern portions of the Grand Bank are generally thought to
comprise a stock. A fish stock has been defined by Cushing (1981, p 70) as those fish that
return year after year to the same geographical region to spawn. This is essentially the
same definition found in Templeman (1962, 1979). The stock concept will be important
for understanding population models for 3NO cod, so we review this idea in some detail.

An early account of why cod on the southern Grand Bank comprise a stock is given
by Fleming (1960). He found that:

1. fish tagging experiments “gave no evidence of inter-migration of cod between the
southwestern part of the bank and the northeastern part”;

2. vertebral length averages “indicated a distinct difference between cod from the two
regions”;

3. the otolith (ear bone) is somewhat different in cod from the two regions;

4. the “southwestern Grand Bank cod generally lag behind the northeastern ones in
reaching sexual maturity”;

5. the “average sizes for the various age-groups of cod from the southwestern Grand
Bank were generally much higher than for the corresponding age-groups of the
northeastern cod”.

Fleming (1960) hypothesized that a cold layer of the Labrador current “which is in contact
with the northern, eastern, and western edges of the Grand Bank at intermediate depths
forms an effective barrier which prevents fish from the deeper waters of the northern area
from mixing with the fish of the shallower water on the body of the bank to the south”.
However, tagging experiments indicated some mixing of Southern Grand Bank cod with
cod in 3Ps (see Figure 1.2).

Templeman (1962) presented evidence for the stock division of Southern Grand Bank
cod:

1. the stock has a “low vertebral number; over 1 vertebral lower than the Labrador-
Newfoundland stock™;
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2. the stock has a low rate of infection by the parasitic copepod Lernaeocera branchialis
compared to nearby coastal and more northerly offshore areas.

Templeman (1962) also presented evidence of other low vertebral number cod found on
the northern portion of the Grand Bank which indicated the potential existence of two low
vertebral number cod stocks, or that the Southern Grand Bank cod stock might range into
more northern areas from time to time. Templeman (1974) presented further evidence
from tagging studies where cod tagged on the southeastern part of the bank were mainly
captured on “the southern half or two-thirds of the Grand Bank”, although some tagged
fish were recovered on the northern portion of the bank, in 3Ps, and also in southeastern
coastal areas of Newfoundland. Templeman (1981) studied cod vertebral numbers and
found that the “most consistently low vertebral means, and the lowest proportions of high
and highest proportions of low vertebral numbers” were found in the Southern Grand Bank
cod. Templeman found that in “the northwestern part of Division 30, the northeastern
part of Division 3N and along the slope in Division 3L there was intermingling with high
vertebral-count fish of the northern stock”.

The results in this section show that cod on the Southern Grand Bank usually have
similar morphological characteristics, and this suggests that these fish come from the
same spawning unit. The results also demonstrate that mixing of this stock with other
stocks to the north and west does occur, particularly along the northern 3L boundary and
the western 3Ps boundary. This information will be useful when interpreting anomalous
estimates of total stock size in some years, which seem to be driven by large catches in

the boundary regions of 3NO.

Delineation of 3NO boundaries

So far we have not addressed why the 3NO boundaries were constructed, and what they
have to do with the Southern Grand Bank (3NO) cod stock. This is important if our
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inferences are to really pertain to 3NO cod, and not merely that fraction of 3NO cod, and
cod from other stocks, that were surveyed within the 3NO boundaries.

Halliday and Pinhorn (1990) describe the evolution of the NAFO Divisions from the
early 1930s. The current Divisions closely resemble an earlier scheme developed in the
1950s. These Divisions were based on uniformity of size, important fishing grounds and
fish stocks, simplified reporting of statistics, and conformity with existing areas. It seems
that the 3Ps and 30 division boundaries were based on the distribution of important
haddock stocks, while the division between 3N and 30 was based more on important
commercial fisheries than any stock information.

This report does not indicate that the Division boundaries of 3NO were directly based
on the distribution of Southern Grand Bank cod. This suggests that it is reasonable to
expect stock mixing, especially in the boundary regions with 3Ps and 3L, and this is
what the tagging studies reviewed previously have suggested. The delineation of stock
boundaries is a controversial issue, especially in 3Ps, and we can do little with it here.
As a matter of convenience we assume for now that our inferences are directly related to
3NO stock size. Removing this assumption will not affect our methodology, but it does
affect the nature of our conclusions;' that is, we may in fact be estimating the abundance
of cod in 3NO, and not the abundance of the Southern Grand Bank stock. Note that this
assumption is critical for most of the methods used in Section 2.4, because the models
there assume that the reported commercial catch of cod taken in 3NO comes exclusively

from a single stock.

2.3.2. General biology of the Southern Grand Bank (3NO) Atlantic cod

The Southern Grand Bank Atlantic cod inhabit the southern slope of the Grand Bank
in winter and disperse northwards across the surface of the bank in the spring (Pinhorn,

1976; p 7). Spawning occurs from the latter half of April to early June (Templeman, 1979).
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Cod often aggregate densely during this time. The larvae from the northern and eastern
portions of the bank drift slowly southward and are retained on the southern Grand
Bank, along with larvae from spawning on this bank (Templeman, 1979). Generally small
cod (<40 centimeter) feed on crustaceans, medium sized cod (40-69 centimeter) feed on
capelin and sand lance, and large cod (> 90 centimeter) feed more on flatfish (Gomes,
1993). The sand lance (Ammodytes dubius) is relatively more important in the diets of
3NO cod than of cod in more northern regions.

Templeman (1966) presented some growth data for 3NO cod. A five year-old cod
averaged 50.5 centimeters in length and weighed one kilogram (gutted, head on). A
twelve year-old cod during the same time period weighed on average six kilograms and

measured &9 centimeters in length.

2.4. Some stock size assessment methods

Methods for assessing the size of a fish stock are reviewed in this section, with attention
to the incorporation of probabilistic mechanisms. A stock assessment is concerned with
the provision of advice to various management agencies about the state of a fish stock

(Gulland, 1983; Hilborn and Walters, 1992).

2.4.1.' Data sources

Many data sources are routinely used in stock assessments, but the most important data
usually involve commercial catch and effort. Commercial catch data typically consists
of the total weight of fish caught by the commercial fishery, with some sampling of the
catches for lengths and ages. Effort data consists of the number of hours fished, number
of vessels, etc. These data are used to compute relative indices of stock abundance and
are also used in population models.

Another important source of information comes from annual research surveys. Trawl
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survey data has already been discussed; however, other types of survey data are also
routinely used in some stock assessments. Examples include fixed fishing gear surveys,
hydroacoustic surveys, egg and larvae surveys, and, for some species, sighting and aerial
surveys (see Pope, 1988; Shepherd, 1988).

A variety of experimental data sets may be used in stock assessments. Tagging data can
be used to estimate stock movements and commercial fishery exploitation rates. Studies
on fish condition, growth, reproductive abilities, etc. are occasionally conducted, and

their results incorporated in assessments.

2.4.2. Total catch and effort analysis

The total size of commercial catches depends on the fishing effort expended by the fleet;
that is, if there is no fishing then there will be no commercial catch. Effort is measured in
many ways; for example, number of hours fished or number of vessels. Commercial catch
and effort are basic quantities used in the assessment of many fish stocks. In the next
several sections we outline some basic assessment models that use catch and effort data.
The models require varying amounts of data, ranging from total catch and effort for a
single year to long time series of ca.tqh——a.t-a.ge and effort. These models can provide a range
of information about stock size, ranging from relative estimates to absolute estimates,

depending on the amount of data available and the type of fishery.

Catch per unit effort

Catch divided by effort is commonly referred to as catch per unit effort (CPUE), and
is often thought to give a proportional index of stock abundance; that is, an estimate
of relative stock size. It can be used as follows. Let U denote the area of a region to
be surveyed, which is stratified into subregions of homogeneous fish density with known
areas U;. Let IV denote the total number of fish in region U, and define N; similarly for
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region U;. If D; is the density of fish over U;, then
N=)» N;=)Y UD:. (2.4.1)

Both the N;’s and D;’s are unknown to us, so this equation gives no information about
stock size; however, it suggests a way to use CPUE to estimate relative stock size. Let
C; be the catch in U; that resulted from known effort E;. We assume that the fishery
catch rates are proportional to local density. The proportionality is because fishing gears
are usually less efficient in catching small fish, etc. This assumption may be stated as
gD; = C;/E;, where q is the unknown catchability of the fishery. Substituting this result
into (2.4.1) gives

U:C;
gN =Y 5 (2.42)

where the only unknown in (2.4.2) is ¢/N, which is often referred to as trawlable stock
size; hence, CPUE, through the use of (2.4.2), can be used to estimate relative (trawlable)
stock size.

If different gear and vessel types are used then some standardization of catch and
effort data is usually employed (see Gavaris, 1980; Richards and Schnute 1992). The use
of CPUE is often criticized because C;/E; may not be proportional to D; (see Paloheimo
and Dickie, 1964; Gulland, 1983; Hilborn and Walters, 1992; Arreguin-Sénchez, 1996).
This is particularly problematic for schooling species like cod, because fishing fleets can
find schools and maintain high catch rates for a wide range of stock sizes. When accurate
information is not available about commercial catches or effort, which is often the case,
then other indices of stock size are required to estimate relative stock size. This is the

case for 3NO cod, and we will use research vessel catch rates in a similar manner as above.
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Biomass production models

When annual time series of commercial catch and effort (see the previous section for
definitions) are available then it is possible to estimate both stock size and the catchability
of the fishery. This is a potentially major improvement over the previous approach because
it yields information on absolute, rather than relative, stock size. Estimates of absolute
stock size are usually required for effective stock management.

In this approach stock size is expressed in terms of biomass, and biomass dynamics
models (Hilborn and Walters, 1992) are used for estimation. These models are usually of

the form

next biomass = last biomass + recruitment + growth — catch — natural mortality,

= last biomass + surplus production — catch.

Let B, denote the unknown biomass in year y, then
By+1 = By +g(By) — Gy,

where g(By) represents recruitment+growth—natural mortality. This can be a positive or
negative amount. Hilborn and Walters (1992) considered g(B,) = rB,(1—B, /k), where r
and k are unknown parameters. Let X, = CPUE = C,/E,. Hilborn and Walters (1992)
rearranged this model into a linear form by assuming that B, = X, /g:

Xy
Xy

r
—1=r—ac-Xy—qE'y.

The parameters r, k, and ¢ can be estimated using least squares.
Recently Freeman and Kirkwood (1995) and Reed and Simons (1996) considered
Kalman filter approaches to estimate parameters. Their stochastic models included both
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measurement error in CPUE indices and process error in the stock production model.
Freeman and Kirkwood (1995) considered X, = ¢By + &, where &, is normal with mean
zero and variance o2. Reed and Simons (1996) considered log(X,) = k + plog(B,) + &,-

Other approaches use less empirical error assumptions. They postulate stochastic
dynamics for fish capture by fishing gear, and use the dynamics to generate the distribution
of commercial catches. de la Mare (1984) assumed a Poisson counting process to model
commercial catches, and found “extra-Poisson” variation in 41 of 42 time series on CPUE
for whales. Reed (1986) considered a simple Poisson process for commercial catches. Reed
and Simons (1996) modelled the fishery as a Poisson process with a contagion effect for
fish capture. Bishir and Lancia (1996) explicitly showed how probabilistic models for
catches can be used for inferences; they also considered a more general catch/effort model
that is useful for open populations.

Regardless of how the stochastic nature of the data is modelled, biomass production
models provide only limited stock size information because they do not consider the age
composition of the stock. They provide little information on stock dynamics. Realistic
production models usually contain parameters which can not be estimated, or poorly
so, based only on catch and effort data. In addition, effort data is often not available,
and when it is available the qua.lity' is often poor. This is the case for 3NO cod. These
methods do not receive much attention in the assessment of cod stocks off the East Coast
of Canada. Methods based on age-structured models are generally thought to be superior

to production models.

2.4.3. Catch at age analyses

The previous methods relied upon relatively basic information about stock abundance,
namely total commercial catches and fleet effort. When a time series of annual age distrib-

ution information is also available then better estimators of stock size can be constructed.
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Age disaggregated models are primarily used in North Atlantic fish stock assessments.
The simplest method is virtual population analysis (VPA), in which a minimum estimate
of historic stock numbers at age is the sum of subsequent catches from each cohort. An
extension of this method is called sequential population analysis (SPA). These methods
only utilize commercial catch data. Methods for the incorporation of effort data into
stock size estimation methods are also available, as are related methods based on CPUE
or research survey data.

Let ¢ and y denote age and year standardized so that a = 0,...,Aand y =0, ...,Y.
Let ¢ denote time within a year, 0 <t < 1. Let N, and C,y denote stock numbers and

commercial catches at age a in year y. The Ng,’s are usually unknown.

Virtual population analysis (VPA)

The wvirtual population is the minimum population that must have existed so that the
catches Coy-4, ---, Cay could occur; that is, there must have been at least 32 Coy_ava
fish in a cohort in year y — A. A virtual population analysis (VPA) simply involves
summing cohort catches, and produces a lower bound on the size of cohorts when first
exploited by a fishery. The lower bound is usually too conservative for cohorts that are
still heavily fished. This approach provides no information on cohorts that are not fished.
This is a concern for stocks under fishing moratoria, where the younger age classes have

not been fished. This is the case for 3SNO cod.

Sequential population analysis (SPA)

The absolute size of historical cohorts can be estimated by incorporating natural mortality

rates of fish into a cohort model. A common exponential decay model is:

Notay1 = Noye™ o Zav(®32, (2.4.3)
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where Z,,(t) is the total unknown mortality rate. This rate is assumed to be separable
into Zoy(t) = Foy(t) + May(t), where Foy(t) and Mey(t) are fishing and natural mortality
rates. Usually M,,(t) = M, whose value is obtained from other data. If fishing mortality

is constant throughout the year then it can be written in terms of annual catches as

Cay _ Foy

= o (2.4.4)
Nay - Na+1 y+1 Za

In (2.4.4) Ngy—Ngyg 441 is the age-specific total decrease in stock size from year y to y+1.
The ratio of G,y to the total decrease is assumed to equal the ratio of fishing mortality to
total mortality. When N,, and C,, are known the solution of Fy, in (2.4.3) and (2.4.4)

can be obtained numerically. It is often approximated using
Na+1 y+1 — (Naye-Mav/2 - Cay) 6—May/2. (2.4.5)

Remark 1. In what follows let {X}y.1, 5.0, = {Xij:i=1,..., L, 5=, ..., Ju}. Ifonly
one value is given for a subscript range then it is implicitly understood that the subscript

is fixed at that value. For example, {X}o .5, = {Xi5:1=0, 5= J1, .. Ju}-

When {C}o.a0y and {M}o.4 0y are known, then equations (2.4.3) and (2.4.4) can
be used to derive {N}Q:A oY g'iven {N}Q:A{) and {N}o 1.y, O given {N}A 0:Y—~1, {N}O:A Y
using the backward solution:

Na y = (Na+1 y+leMav/2 + Cay) eMav/Z_ (2’4'6)
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The backward solution is used more often. For example, consider a population of five

ages, modelled over 7 years. We represent this model as a 5 X 7 matrix:

NN NN N N Ny
NN N NN N Ny
NN N NN N

NONON N NN Na
N51 N52 N53 N54 N55 N56 NS?

In this matrix the N’s are the unknowns, and the \'s represent quantities that can be
obtained in terms of the N’s, commercial catches, and mortalities; for example, Ngg is
obtained by plugging in Ns7, Mye, and Cye into (2.4.6). The {NV }q.4 y are the survivors and
usually must be estimated. The {IN} 4 o.y-1 are often modelled in terms of survivors. For
example, assuming Fay = Fa_14 gives Nay = Ng_1,Cay/Ca-1,, and this relationship
can be used recursively to express the {IN}40.v in terms of survivors. For the above

example, the cohort matrix is filled out like

NN NN Ny
NN N Ny
NN NN N Ny
NONON NN N Ny
L L L L L | Ny

The | arrow indicates that Ng4, is obtained using {N}¢.a—14- The survivors cannot be
estimated from catch data alone because the method of solving for F;,’s uses all available
“degrees of freedom” in the data. It is the survivors, or the current population age
distribution, that is of most interest, and required for management purposes; hence, an

SPA on its own is not that useful. Several solutions have been proposed that involve the
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use of statistical models for estimation purposes.

Separable sequential population analysis

One of the simplest methods used to provide relative information about survivors involves,

in addition to (2.4.3), an assumption about the separability of fishing mortality; that is,
Foy = safy, (2.4.7)

where s, is a parameter accounting for the differential exploitation of age classes in the
commercial fishery and f, is a parameter that accounts for yearly differences in the overall
stock exploitation by the fishery. Here we assume again that fishing mortality is constant
throughout the year. The separability assumption reduces the number of unknown fishing
mortalities in (2.4.4) from AY to A+Y . This allows the catches to also be used to estimate
stock numbers at age.

The separability assumption (2.4.7) can be used with (2.4.3) and (2.4.4) to express

catches in terms of stock numbers,
Cay = Naysafy(1 — e_za")/zayr

where Zg, = Mgy + S.fy. Recursive substitutions of N,, = N,_j y—1€"Z% can be used to

show that
Cay = SafyNoy_qe™ Ti0 Ziv-ati(] — g~Zev) /7, (2.4.8)

When the catches and mortalities are known then {s}o.4, {f}o:v, {V}o:40, 20d {N}o1¥
can be estimated using (2.4.8). Estimation is required because (2.4.8) will not hold exactly.
There are a total of 2(Y + A) + 3 unknown parameters to estimate. Using these estimates
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we can compute all the {/NV }q.4 0.y- Many estimation procedures have been proposed. For
example, Doubleday (1976) used least squares based on log catches because he felt the log
transformation would stabilize error variance, which he assumed to be proportional to the
mean. Pope and Shepherd (1982) considered a similar estimation procedure. Shepherd
and Nicholson (1986) examined the estimation of (2.4.8) within the GLIM setting, where
the E(C,,) is modelled as the right hand side in (2.4.8).

Shepherd and Nicholson (1986) show that two of the parameters in a separable SPA
are not identified without additional information. Many kinds of parameter constraints
have been proposed. For example, Shepherd and Nicholson (1986) suggested constraining
so = fo = 1. Deriso et. al. (1985) constrained the s,’s by modelling them in terms of
a and two unknown parameters using a gamma function, where the gamma curve was

scaled so that s, was one for older ages. Gudmundsson (1994) constrained s,’s so that

am <A
a=0

relative estimates of stock size. For example, if we fixed s, = f, = 0.1 then estimates of
stock size will be 10x that obtained if we fix s, = f, = 1. The separable SPA is useful for

log(se) = 0, and Sg34,, = s. These procedures are arbitrary and produce only

trend information only.

In summary, the assumption about the separability of fishing mortality produces rela-
tive estimates of current stock status, whereas an SPA without this assumption produces
no such information - not even reliable trend information for cohorts still heavily fished.
As mentioned in Section 2.4.2 what we really want are absolute estimates of current
stock size. The solution to this problem is often obtained by incorporating additional
information into a model to produce reliable and robust absolute estimates of current

stock size.
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2.4.4. Catch and effort analysis

In this section we review methods involving an age-disaggregated separable SPA in which
effort is used to reduce the number of unknown commercial exploitation parameters, f,’s.

The annual effort, E,, of the commercial fishing fleet in obtaining catches can be used
in a separable SPA to eliminate the f, unknown parameters by assuming that f, o< E,;
hence, F,, = s, E,, the s, is different than in (2.4.8) because it absorbs the proportionality
constant. If Z,, in (2.4.8) is small so that log {(1 —e™%=)/Z,,} = —-Z,,/2, and also
Se = s and M,, = M then (2.4.8) can be written as a linear model (Paloheimo, 1980) by

substituting sE, for Fgy:

log (CE’:’:?) = Yy_o +8X1(a,y) + MX5(a),
where 7,_, = log(sNoy-a), X1(2,y) = — Xi5g Ey-a+: — E,/2, and Xp(a) = —(a +1/2).
Recruitment estimates to the fishery are obtained using Npx = €7*/s. Paloheimo (1980)
advocated estimation based on least squares using log CPUE.

Several papers have been published where the stochastic nature of the catch/effort
data has been incorporated in various ways. Fournier and Archibald (1982) assumed that
the annual total catch was lognormally distributed, and that the catch at age conditional
on total catch was multinomially distributed. They used a log-linear stochastic model for
fishing mortalities in terms of effort and a parametric function for age effects, but also

included year effects; that is,

log(Fuy) = B1g(a) + Br9°(a) + log(f, Ey) + &y,

where {6}o.y are iid normal random variables, and g(a) is a known function of @. This
is also basically the same approach taken in Deriso ef. al. (1985). The stock synthesis
approach (see Methot, 1989) incorporates additional sources of data beyond effort. For
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example, Method’s (1989) Northern Anchovy example incorporated auxiliary data related
to My,’s and sg’s.

While effort may be used to reduce the number of unknown parameters in a separable
SPA, it is still the case that such estimates produce only relative estimates of stock size
because one parameter is still not identified based on catch data alone. For reasons already
discussed we require methods to produce absolute estimates of stock size. Methods will be
discussed in the following section in which the unknown SPA parameters are estimated
using an index of stock abundance, i.e. an index proportional to stock size, such as
standardized CPUE or survey estimates of trawlable stock abundance. This results in

absolute estimates of stock size.

2.4.5. Relative indices of abundance

A wide variety of stock size indices are used to assist in the estimation of absolute current
stock size using SPA’s. An index R,, is some measure that is assumed to be related to
stock size in some quantifiable way. Many indices are used, and their relationships with
stock size are diverse. One example is the average catch from a research survey. The basic
relationship usually involves an assumption about proportionality.

The analysis of relative abundance indices usually proceeds with the stochastic model

g(Ray) = g(QayNay) + €ay, (24.9)

where g is a known link function, gy is the unknown constant of proportionality between
R,y and Ny, and €,y is a stochastic error term. The g,,’s and N,,’s are functions of a
smaller number of unknown parameters; for example, q,, = g, for all y. If N, is defined
by (2.4.3) and (2.4.4) and the F,’s are somehow constrained in terms of survivors, as is
usually the case, then Ngy = Ngy({N}o:4v); that is, all the N,,’s can be computed using
just the numbers in the final year (Y'). Note that many other types of functions for the
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gay’s and Ngy's are routinely used. The unknown parameters are usually estimated by
least squares or maximum likelihood.

Many approaches that fall within the framework of (2.4.9) have been published. Collie
and Sissenwine (1983) considered the identity function for the g’s and estimators that
minimized Zy Y o €2, plus a process error component in their age-structured population
dynamics model. Mendelssohn (1988) also considered the identity function for g and
assumed additive errors, but he specified an objective function based on the notion that
the underlying population process (the Ng,’s) is stochastic and should be treated as
missing data. An adaptive framework encompassed by (2.4.9) is used within DFO (see
Gavaris, 1988), and is based on the unseparated SPA. In this framework g is usually
either the identity or log function, and errors are additive. Several abundance indices are
routinely used in the objective function. The errcr terms are assumed to be independent
and identically distributed, and estimates are produced that minimize a weighted error
sum of squares. Myers and Cadigan (1995a) have generalized this procedure somewhat

by allowing the €,,’s to be correlated within-years.

CPUE indices

Commercial catches standardized by fleet effort, or catch per unit effort (CPUE), is often
used as a relative index of stock abundance, and we have mentioned some problems

associated with this use. Gavaris (1988) described two difficulties:
1. “potential bias arising from the non-random distribution of fishing locations”, and

2. “the amalgamation of information from all cohorts necessitating the use of indirect
methods to obtain abundance at age”.

The first problem has proven to be quite insidious for schooling species because catch
rates may not reflect abundance if changes in abundance correspond to changes in the
number and size of schools but not the density of fish within a school. In this case efficient
fish finding devices may enable catch rates to remain high even as fish densities decline.
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The important errors in commercial catches are often more systematic than stochastic;
for example, unreported discarding of fish at sea. These types of errors are difficult to
accommodate statistically. Although this problem will affect an SPA no matter how
parameters are estimated because an SPA is based on commercial catches, the effect of
the systematic catch errors will be greater if estimates are based on CPUE abundance
indices. These problems are hopefully not present when using research survey relative

abundance indices if the survey follows a reasonable protocol and has adequate coverage.

Research survey indices

The use of research survey data to provide relative indices of stock abundance has become
standard within DFO. This is the motivation for studying research survey data in this
dissertation. The relative abundance indices used are simply estimates of population mean
trawlable stock size, and it is this quantity that we focus on estimating in the remainder
of the dissertation. We have shown how estimates of trawlable stock size can be used
to produce estimates of absolute stock size; however, precise stochastic descriptions of
trawlable stock size are currently not available, and this has naturally lead to difficulties
in estimating absolute stock size. ‘

Many of the problems with using CPUE data are either absent or reduced when using
survey data; for example, misreporting of catches can be eliminated. Also, changes in
catchability due to technology can be controlled to yield more reliable relative abundance
indices; however, changes in catchability due to biological and hydrographic reasons may
still exist.

In recent years some difficulties have arisen in SPA analyses using survey data. One
difficulty is year effects in the indices that are unrelated to stock size. These can lead
to misleading inferences (Myers and Cadigan, 1995a,b). Another problem involves a

systematic change over time, or a retrospective pattern, in population estimates from
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SPA regressions with research survey data. That is, quite often population estimates
for a particular year decline as additional years of survey data and catches are used to
produce the estimates (see Figure 1 in Sinclair ef. al., 1991; Figure 6 in Myers etf. al,
1997). Note that this problem cannot solely be attributed to the survey indices; it could
also be related to deficiencies in the commercial catch data or other assumptions.

As with all methods relying on commercial catches, difficulties arise for stocks under
commercial fishing moratoria, such as 3NO cod. However, absolute estimates for such
stocks can still be produced using the relationship between known historic stock size from
SPA and historic survey indices, and applying this relationship to current survey indices
(or whatever indices are used). With the separable SPA this was not possible.

Despite these problems the method of estimating SPA parameters using research sur-
vey indices is one of the most common methods used to estimate stock sizes in the North
Atlantic ocean, and certainly off the east coast of Canada. It is hoped that the methods
we develop will improve SPA estimation by providing a precise stochastic description of

the research survey indices that stock size estimation is based on.

2.4.6. Catch at length analysis

We would be remiss not to mention that length-structured methods are also used in fish
stock assessments, especially in tropical fisheries where age-structured data may be dif-
ficult to obtain. Lengths are more easily measured for fish than are ages; in fact, age
compositions are often estimated from known length compositions of catches and esti-
mated length to age conversion formulae constructed from samples of the catch. The
fundamental methods used in length-structured assessments are reviewed by Rosenberg
and Beddington (1988). Examples of length-structured stock assessments methods are
given in Fournier and Doonan (1987) and Sullivan (1992). A basic difference in length-
structured models compared to age-structured models is that from year to year fish lengths
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increment differently for different individuals, whereas ages increment by one for all indi-

viduals. Annual length-structured models require length transition matrices.

2.4.7. Future considerations

A diverse array of methods for estimating stock size have been presented. These methods
range from a simple VPA to complicated models involving multiple data sources and
associated stochastic relationships with underlying (latent) stock dynamics. The major
improvements in stock assessment models historically have involved the addition of new
data that reflect some aspect of the fish stock, such as the incorporation of research
survey relative abundance indices. This trend will persist in the future. The demand
for risk-based stock management will require even better understanding of the stochastic
relationships between fish stocks and the data available for their assessment. This is
another motivation for studying research survey data in this dissertation. New sources of
data will likely involve improved research surveys that more completely cover the range
of a stock, as well as more detailed commercial catch statistics. In addition, multi-species
approaches to stock assessments will require joint modelling of fish stocks, their prey, and

their predators.



3. SURVEY DESIGN AND INFERENCE

3.1.. Introduction

A simple and often effective statistical method for analyzing survey data is the survey
sampling approach. This is the method currently used by DFO to produce summary
statistics from research survey data. In the sampling approach we assume that the pop-
ulation consists of stationary sampling units. When a unit is selected for sampling we
measure characteristics about the unit. Statistical inference about population charac-
teristics 1s then based on how the samples are collected, and the observed values in the
sample. To save costs, improve precision, and sometimes for practical considerations,
various survey designs are often used in different applications. In Section 3.2 we give
a detailed description of the design used in the 3NO research surveys, and also give the
rationale for this design. '

Once the sample has been collected we need to choose a standardized statistical analy-
sis method. In the sampling literature there are two broad classes of analysis methods:
design- and model-based. The assumptions under the design-based approach are that the
population consists of fixed units. We obtain random outcomes because the sample units
are selected randomly. The model-based approach assumes that the responses from the
sampling units are themselves random. The additional randomness from the design is less
relevant in this approach. Recently, discussions have appeared in the sampling literature

about model-assisted approaches, which are model-based and yet also have some good

36
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design-based properties. It is hoped that such an approach will be good when the model
is correct, and not fail badly when the model is not valid. In this chapter we focus on
how to construct a design-based estimate of a population total, and confidence intervals
for this quantity, using the 3NO survey design.

In Section 3.3 a brief account of the design-based approach is given. This section de-
scribes the Horvitz-Thompson (HT) estimator, and related quantities. The HT estimator,
or expansion estimator, gives an algorithm for constructing a design-unbiased estimator
based on a known probability sampling design (see Section 3). In Section 3.4 we apply
this approach to the 3NO survey data. Unfortunately unbiased estimators of the variance
of HT estimators do not exist for the 3NO survey design. This is because some pairs of
units in the population have zero probability of appearing in the sample. We discuss the
utility of the design-based approach for the 3NO survey design in Section 3.5. Although
we do not recommend the design-based approach for the analysis of the 3NO survey data,
we do feel that such an approach provides useful benchmarks to assess model-based results
developed in later chapters. The conclusions from this chapter are presented in Section

3.6.

3.2. 3NO design

In this section we present the basic rationale behind the survey design used in 3NO, along
with the relevant design details required to construct inferences. Common variations in
the design are also discussed.

Stratified random surveys began on the Grand Bank in 1971, and good coverage
throughout strata has generally been achieved since 1980. A stratified design was adopted
to improve the precision of estimators by exploiting trends in groundfish abundance with
hydrographic and/or bathymetric conditions (Doubleday, 1981). Strata are based primar-
ily on depth because depth zonation is important in delineating distributional patterns
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for many species, although cod have a relatively wide depth range (Pitt et. al., 1981).
The areal divisions of strata were made to correspond to NAFO division boundaries. The
strata boundaries along the top of the bank were generally drawn along lines of latitude
and longitude. The Southeast and Southwest slopes of the bank are strongly influenced
by northward flowing Gulf Stream water; hence, strata in these regions were made as
small as possible to facilitate detailed analyses of trawl catches. Boundaries for many of
the strata are presented in Figure 1.4; however, additional strata (covering depths to 1.4
kilometers) have been added to the survey since this map was drawn. Relevant strata
information is presented in Tables 3.1a,b in the Appendix B (Section 3.8); these tables
are based on Doubleday (1981) and Bishop (1994).

Timing is also important in the survey design. The survey should take place at the
same time of the year, or even better at the same migration stage of important stocks.
This is to ensure that the same portion of the stock is surveyed from year to year so
that the annual survey results are comparable. The seasonal timing of the survey in
3NO throughout 1984-1994 is presented in Figures 4.2a,b in Chapter 4. The timing has
primarily been determined by the survey vessel availability, and this has varied somewhat
throughout the years. The annual survey duration is also important. The surveys should
be conducted as quickly as possibie to minimize the effects of fish movements. Such
movements can result in counting schools of fish more than once, and missing schools
that should have been detected. The survey design should also be balanced throughout
all hours of a day because of potential day/night vertical stock migrations. In 3NO this
has approximately occurred because the survey vessel has operated on a 24-hour basis
throughout 1984-1994; hence, approximately the same number of day and night tows
occur from year to year.

Bottom type is an important determinant in the distribution and abundance of a stock

(Doubleday, 1981). Unfortunately, the survey gear cannot be towed on rough bottoms and
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this introduces a potential source of bias if stock density is not the same in trawlable and
untrawlable regions. Ideally the best way to deal with this is to delineate the rough bottom
areas in 3NO, and then restrict sampling and inferences to trawlable areas; however,
maps of rough bottom areas do not exist. In practice, if an untrawlable site (station) is
selected in a sample then a nearby trawlable station is substituted; hence, the presence of
untrawlable areas also affects the probability that a trawlable site is sampled. The sample
selection procedure is discussed in the next section.

Attempts are made to standardize the survey measurement procedures. The vessel
speed is kept at 3.5 knots (nautical miles per hour), or 6.5 kilometers per hour. The
duration of a tow is almost always 30 minutes; hence, a tow covers a distance of 1.75
nautical miles, or 3.24 kilometers. The net width is generally determined by the net wing
spread, which is usually taken at the nominal value of 45 feet, or 13.7 meters; hence, the
nominal swept area of a tow is 44388 meter®. Later in this chapter the swept area is used
to approximate the design weights. In reality the wing spread varies from tow to tow, and
has been shown to generally increase with depth (see Koeller, 1991); hence, swept area
varies, and probably increases with depth. This implies that the design weights also vary,
and the variation may be systematic with depth.

The direction of a tow is determined so that the tow depth is maintained at a constant

level, and otherwise the tow direction is along the course leading to the next survey station.

3.2.1. Sample selection

The procedures for determining where to sample in 3NO are presented in this section.
This essentially defines the survey design. Let H be the number of strata in 3NO, and
let n be the number of tows in a year. Define n, similarly for stratum h, and let A be
the surface area of this stratum. The amount of vessel time that is available determines

n. At least two tows are allocated to each stratum, after which the remaining samples
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are allocated to strata in proportion to A;. The station location is determined randomly
within a stratum using a three-stage procedure.

Each stratum is subdivided into primary units that are approximately 120 Km?. Each
primary unit is further broken down into 10 equal area secondary units, which are called
fishing units. These units are used to determine the location of a tow. The number
of fishing units in each stratum is presented in Tables 3.1a,b. The three-stage selection

procedure is as follows:

Stage 1. Randomly select without replacement n; of the primary units.
Stage 2. Randomly select one fishing unit from each of the selected primary units.

Stage 3. Select a tow station within the fishing unit.

Stage 3 is determined at sea. Typically the location and direction of a tow within a
fishing unit is chosen to maintain a constant tow depth and speed, and to be as close as
possible to the midpoint of the fishing unit. The rationale for the three-stage selection
procedure is that nearby fishing units will have similar fish densities and, consequently,

more information can be gained by spreading out the sampled tow stations.

3.3. Overview of design-based inferences

The framework for design-based inferences is presented in this section. We begin by
considering a simple design, then show how the Horvitz-Thompson (HT) estimator can
be used for unbiased estimation with an arbitrary probability sampling design. We then
apply the general procedures to the 3NO sampling design. In addition, we consider a useful
variance decomposition for the HT estimator of a population total. This decomposition
illustrates a problem with the 3NO sampling design. Finally, we illustrate problems with

variance estimation for the 3NO design using a simple population model.
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Consider a finite population of N elements labelled 1,2,...,N. Let U = {1,...,N}
denote the elements in the population. Associated with each element in the population
is a measurement y;, for which the population total is T = vazl y;. All of the elements
in the population cannot be measured, so T is estimated using a simple random sample
without replacement (SRSWOR) of n elements. An intuitively reasonable estimator of T’
isT=N Y, where 7 is the sample mean.

A probability sampling scheme is essential for reliable design-based inferences. Sarndal
et. al. (1992; pg. 8) define a probability sample as

1. a set of samples, S = {s : s C U}, that are possible to obtain with the sampling
procedure,

2. a known probability of selection, p(s), associated with each sample s,

3. a nonzero probability of selection for every element in the population, and

4. one sample is selected using a random sampling mechanism through which each s
receives exactly the probability p(s).
Design-based inferences are made with p(s). For example, with SRS there are (1: ) pos-
sible samples to take, each with equal probability. It is easy to show in this case that
E(T) = T, and Var(T) = N(N —n)S5?/n, where S? = SN (¥ — Y)2/(N — 1) is the
population variability in the y’s. Confidence intervals are quite often used to summarize
the uncertainty in T

A confidence interval CI(s) = [TL(s),Ty(s)] is a random interval such that T (s) <
Ty (s) for every s (Sarndal et. al., 1992). The coverage probability, or the confidence level,

of the interval is

Pr[CI(s) 3T] = 3 (),

3€S¢

where S, = {s : s € S, p(s) > 0, and T € [T;(s),Ty(s)]}- The required coverage
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probability is pre-specified, and is usually close to one. A pivotal statistic for T is usually
needed to construct an exact confidence interval, but is often not available for most
parameters, and approximate methods are required. Asymptotic-normal and bootstrap
methods are two common procedures used to produce approximate confidence intervals.

If the sampling distribution of T is asymptotically normal with mean T and variance
Var(f), and v(T) is a consistent estimator for Var('f), then CI(s) = T+ Zl_a/g\/-@
is a confidence interval with approximate coverage probability 1 — o, where Z;_, is the
upper ath quantile from a standard normal distribution. Hence, variance estimation is
important in setting asymptotic confidence intervals. The accuracy of the approximation
will be greatly influenced by the skewness of the distribution of ¥, ..., yn, among other
things.

Bootstrap methods rely on approximating the usually unknown distribution of T with
a distribution generated from the observed sample, and inferences are based on this ap-
proximate distribution. Efron and Tibshirani (1993) give a general introduction to the
bootstrap, and Booth ef. al. (1994) consider the application of the bootstrap to finite

population sampling problems.

3.3.1. General design inferences

In this section inferential procedures for an arbitrary probability sampling design are
presented, followed by specific procedures for stratified simple random sampling (SSRS)
and stratified three-stage cluster sampling (S3CS) designs. The latter design is most
similar to that currently used by DFO, while the summary statistics currently produced
by DFO are based on the first design.

The relevant design information is contained in p(s); however, many calculations can be
performed more easily using the sample inclusion probabilities for the population elements.

The inclusion probability for the ith element in U is the probability that this element
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appears in the sample. That is, forall s€ &

m;=Pr(s21) = Zp(s)-

3:1ES

Another way of defining w; is through the sample indicator variable

1, z€s,
I; =
{ 0, otherwise.
7; is merely the Pr(I; = 1), or equivalently E(I;). In a similar manner, define the joint

inclusion probability for the ith and jth elements in U/ as

Ty = Pr(i&j € s) = Z o(s).

#:1,jE€S

Note that Var(l;) = mi(1 — 7;), and Cou(l;, I;) = wy; — wim;.

3.3.2. Horvitz-Thompson estimator of T

The Horvitz-Thompson (HT) estimator of T is given by
T = Zy,— /7.
i€s

The HT estimator is sometimes referred to as the 7w expansion estimator (for more dis-

cussion see Sarndal et. al., 1992). This estimator is widely used. By construction T is
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design unbiased; that is, E(T) = T. The variance of T = 3, Liy:/; is

Var(T) = i(%) Var(I)+Zz(y‘y’)c ov(L:1;),

= =1 J;&t
z Y YilY;
= > ( t) mi(l —m) + ZZ (#) (mij — mims).
i=1 i=1 j£i b
For designs with fixed sample sizes m;(1 — m;) = — ;Y#(Trij — m;7;), and this can be used

to show that

Var (f) =

N)Iv—-'

N N 2 N N Yi Ui
Z Z ( ) =— Z Z Q,W—T—r’: (3.3.1)
where 'Q'ij = Wiy — Ty5-

Provided all 7;; > 0 an unbiased estimator of Va.'r(f) is

2
u(T) =—ZZ Wij (—: - ) ;
i=1j =i
where w;; = Q;;/7;;. The notation v is used to denote an estimator of Var. No unbiased
estimator of Var(T) exists if any of the m;; = 0. This is the case for the 3NO research
survey design, as will be shown later.

As an example, consider HT estimators for a SRSS design. Let N, _ denote the size
of stratum h, and let n,_ denote the corresponding sample size. This notation is used to
be consistent with the next section. In this case m; = my. /N, when observation 1 is in
stratum h. Also, m;; = np. (nn.. — 1) /Ny, (Nh.. — 1) when 7 # j are in the same stratum.

Otherwise, m;; = m;w;. The HT estimator is

H
Ty = NuT,
h=1
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and

H
Var(’f‘s) = Z(Nh.. - nh..)Nh..Sz/nh..y

h=1

where S2 = S M- (y; — Y)2/(Ns. — 1). The same formula is given in Cochran (1977).

=1

3.3.3. Stratified three-stage sampling

Recall that the survey design used in 3NO is basically stratified three-stage cluster sam-
pling (S3CS); that is, a trawl station is (i) selected from a fishing unit, which is (ii)
randomly selected from a primary unit, which is also (iii) randomly selected in a stra-
tum. Each primary unit has ten contiguous fishing units; hence, a primary unit is a
geographic cluster of fishing units. Fishing units are not subdivided into disjoint trawl
stations, as was discussed in Section 3.2.1; however, the traditional approached used
by DFO to analyze trawl survey data is based on assuming disjoint trawl stations within
fishing units are sampled. In this chapter we also assume disjoint trawl stations within
fishing units; hence, we consider a fishing unit to be a geographic cluster of trawl stations.
This is the finite-population sampling design that most resembles the 3NO survey design.
Design-based inferences should take into account the sampling restrictions imposed by
the primary and fishing units, which is why we consider the S3CS design. In this section
HT estimators of T', denoted as 'f’c, are derived for a S3CS design. The subscript ¢ is used
to indicate that this estimator is based on a cluster sampling design.

Some notation for a multi-stage design is introduced next. Let IV, denote the number
of primary sampling units in stratum h, and let U, = {1,...,Nz}. Define Ny; and Uy;
similarly for secondary sampling units within the ith primary unit, and let U,;; be the
set of population elements in the jth secondary unit within the Zth primary unit. In
terms of the 3NO survey design, Up;; is assumed to be a finite population of disjoint trawl
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stations within the jth fishing unit in the ith primary unit in stratum h. Let g, 724:, and
npij be the size of the samples taken from U, Uni, and Up;j. For the 3NO survey design
Tup; = Ny = 1 for all 7, j. We develop results for more general designs than stratified three
stage one-per-cluster sampling (S3C,S) because we wish to investigate the performance
of two variance estimators for S3C;S, and compare these results with other S3CS designs.

The sampling theory to be developed is based on the assumption that strata and
clusters are sampled independently, and with the same design regardless of which other
units are sampled. The primary unit inclusion probabilities are mp; = np/Np, © € Us.
The secondary unit inclusion probabilities conditional on the ith primary unit being
selected are wjp; = Tpi/Npi, § € Un;. The population element inclusion probabilities
conditional on the jth secondary unit being selected within the i{th primary unit are
Tkihi; = Thij/Nhij, k € Up;;. The unconditional inclusion probabilities for the population

elements can be computed based on the independence assumptions, and are:
Mg = ThiTkji = Thi T jiri T k{hij, ke uhij-

Second order inclusion probabilities can be found in a similar manner. All we require
to compute HT-estimates of T', and associated variances, are the first- and second-order
inclusion probabilities; however, it is useful to further simplify these estimators for com-

putational and theoretical purposes.
The HT estimator of T is

H
Te=2_w/m=>_Th
kes h=1
That is, T, is merely the sum of estimated stratum totals. Note that T, = D iess T /7
1s also a weighted sum of estimated primary unit totals, for those units selected for
sampling (s;). Because strata are sampled independently from each other Var(ﬁ) =
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S Var(Ty). We show in Appendix 3 (Section 3.7) that Var(T;) can be written as
Var(Th) = Va1 + Vaz + Vis,

where

S2
V;l.l = Nfg (l_ﬁ') Th:

N/ np

Ny 2
N, :\ St.
Vie = =3 N2 l—nh)—T"‘,and
=1

Tep < Np:) Tpg
N Nh:
Nn N Z N2 nni; \ Shi
%3 = -_— hij 1 -— N_ —_—
a3 ™ 4 hij / Tthij

5221 and S%M are the population variances of the primary and secondary unit totals; that
is,

Ny
St = Y (T —Tw/Nu)?/(Np— 1), and

=1

Np;

Si = E(Thij — Thi/Ni:)?/(Nn: — 1)-
=1

S ,%ij is the population variance within secondary sampling units,

Nhij
St =D (U — Y1j)?/(Nag — 1)
k=1
This expression for Va.r(f’c) is partitioned into variability related to primary and secondary
sampling unit totals, and population variability within secondary units. We show in the
Appendix A in Section 3.7 that an unbiased estimator of Var(T%) is v(T%) = vi+vs+vs,
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where S}, , S%, , and S7;; are replaced by their sample equivalents,

5= O (Tni— Ta/Na)/(nn — 1),

=1
Nhs

st = O _(Thij — Thi/Nu)?/(nn: — 1), and

j=1
Nhij

s%ij = Z(yhk —-ghij)z/ (ni; — 1).
k=1

Variance estimation with one-per-cluster sampling

The problem with sampling primary units only once is that no information is available
about SZ or SZ;

hij-
One estimator has been proposed by Sérndal ef. al. (1992) when within-cluster variability

In this section the bias for two estimators of Var(7T%) is considered.

is unknown. The other estimator is based on assuming simple random sampling within
strata. This is the estimator currently used by DFO.
The first estimator we consider is

v = § :E : § : ﬂ—hu "Thiﬂ-fn Thi Th.i'
b
Thi Ty

h=1 i€sy ;' Esp

and was suggested by Sarndal et. al. (1992), especially when n, << N,. Under S3SC
sampling it can be shown that the bias(vi) = — S5, na(Vie + Vasz)/Na. If np << Ni
then the bias relative to Var(ﬁ) will usually be small. For a single stratum design the

relative bias is

-1

bias(v;) n W —n)S¢
7——1? = N 14 S%- Ny N: S2.
aT( c) Eili-l Nt2 (1 - —If\%) T:. + i=1 ng J':l N2 (1 - Nv) :“j

- o(3).
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This variance estimator has the undesirable property that it can be negative for some
samples (see Sarndal et. al., 1992, p 47). In addition, for the 3NO surveys it often occurs
that n, = N, and this approximation is not that useful. This is because many strata have
only 2-5 primary units (#fishing units/10; see Table 3.1a,b), and the sample size allocated
to these strata is the same as the total number of primary units; that is, n, = Np.

If we assume that within-strata samples are collected at random without replacement,
then the HT-estimator of T is T, which was presented in the last paragraph in Section
3.2. An unbiased estimator of Var(T}) for this design is

H
t= Z(Nh — 14 )Ny st /7.,

h=1
where s = Y ;. (% — Tx)?/(ns — 1). This is the estimator currently used by DFO for
estimating the Var(T.). The bias in v*(T.) is not particularly revealing. In the next
section we use a simple random-effects population model to assess the biases in v; and
v*. The random-effects model is constructed to have features broadly similar to the 3NO
cod stock.

Bias in v; and v* for some simple population models The bias in v; and v* depend
on the y values in the population, particularly the variability of responses within primary
and secondary sampling units. In this section we assess the bias in v; and v* under
a population model that has some similar characteristics to the 3NO cod population.
That is, in our model population, observations within secondary units are more similar
than those between secondary units, and observations within primary units are more
similar than those between primary units. We will show in Chapters 4 and 5 that 3NO
survey catches are correlated spatially. The correlations we impose in our population
model have this structure, because primary and secondary units in the 3NO design are

geographic clusters of tow stations. For a fixed sampling design and sample size, we
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compute model expectations of bias(v;) and bias(v*) for specific parameterizations of our
model. This gives us some understanding about potential problems with the variance
estimator currently used by DFO (v*), which, in part, motivate us to explore new model-
based procedures for inferences about stock size.

We deal with a simple population, and also a simplified S3CS design. Recall that
the population of trawl stations in the 3NO design are grouped in spatial clusters. Stock
abundance at tow stations in the same cluster will generally be more similar than abun-
dance at tow stations in different clusters; that is, the within-cluster correlation in trawl
abundance should be positive. We assume that the amount of correlation depends on
whether tow stations are in the same fishing unit or primary sampling unit. A random-
effects model is used to generate a population with this correlation structure. We feel the
correlation structure should be constant across strata; therefore, expected biases will be
additive across strata, at least in sign, if the same sampling design is used in every strata.
This is because biases across strata are weighted averages of biases within strata, where
all the weights are positive. For this reason we only consider a single stratum population.

Consider a random population of y’s, where

yx = &; +§j|i + Ek[ija

The £’s are independent random variables, where £; is an effect common to all members
in primary unit %, £; is an effect common to all members in the jth secondary unit within
the ith primary unit, and §j;; represents the randomness of individuals in primary unit
t and secondary unit j. Let E¢ and Vare denote expectations and variances with respect
to the £’s. Without loss of generality assume that E¢(£;) = E¢(§;1:) = Ee(éyy:;) = 0 for
all 4,7, k. Also, Vare(¢;) = ao?, Varg(€;;) = Bo?, and Vare(€y;;) = o2, where o, 8 2 0.
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This model allows for positive correlations in the y’s within clusters; that is,

’ ’ n (873 +
Within secondary units: Corre(yr, yy'; k. k €EUsj, k#k)=p = B -
! . N " 84
Between secondary units: Corre(ye,yp; K €Uy, K €Uy, jF#7)=p = -,

Between primary units: Corre(ye, yp; K €Uy, k € Uy, 1 # i)y=p =0.

This population model is used to help quantify the biases in v; and v*. To simplify for-
mulae we consider a simplified version of S3CS in which primary and secondary sampling
units are all of the same size; that is, K primary units each contain L secondary units that
consist of M sampling units. A simple random sample without replacement (SRSWOR)
of k primary units is selected. Within each primary unit a SRSWOR of [ secondary units
is selected, and within each secondary unit a SRSWOR of m sampling units is selected
for measurement. The total number of sampling units in the population is denoted as
N = KLM, and the total sample size as n = klm. Let f, =n/N, fi =k/K, fi=1l/L,
and f,, = m/M. The following results are required to compute model-expected biases:

o E¢(S%) = a2,

o B¢ [S}] =o*M(MB+1),

o E[S2] =o?LM(LMa + MB/L +1), and

o Ec[S =0*[l+a(N—-ML)/(N-1)+B(N — M)/(N —1)).

We use M = 270 and L = 10 in our comparisons. The value for L is always used
in the 3NO surveys, and the value of M is typical, being the nominal fishing unit area
of 12 Km? divided by the nominal trawl swept area of 0.0444 Km?2. We consider designs
with K =3 and K = 70; these values are appraximately lower and upper bounds on the
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number of primary clusters found in 3NO strata. The sampling designs we explore are

K=70, n=8, (Dk=8,l=1,m=1,
(k=2 1=2 m=2,
(i) k=1,I=1, m=2§,
K=3 n=2 (vVk=21l=1 m=1,
WMk=11l=1 m=2.

The values n = 2 and 8 are lower and upper bounds on the within-strata number of

stations towed in 3NO surveys. Four populations are considered:

1

A: p" =01, p" =0.05,
B: p" =05, p’=0.1,
C: p" =09, p'=0.5,
D: p" =0.99, p" =0.99.

Note that sampling schemes (i) and (iv) are typical in 3NO. Analysis of spatial auto-
correlation in catches presented in Section 4.1 of Chapter 5 suggest that the population
of y values in 3NO may resemble A-or B the most.

Recall that bias(v;) = Efv; — Var(T.)]. Define the model-expected relative bias in v,
as erb; = Eg[bias(v;)}/Ee[Var(T.)]. This expression can be written as:

BA-fiym+1— fifm
1— fat+ M, B)

erby = —f

where

Me, B) = a(l — fi)lm + B(1 — fi fiym.



CHAPTER 3. SURVEY DESIGN AND INFERENCE 53

Ifa=08=0(e p =p =0)then erby = —fx(l — fifm)/(1 — fa) which is O(fx).
The expected relative biases for the five sampling designs (i-v) and four populations (A-
D) described above are presented in Table 3.2a. As expected erb, is relatively small for

sampling schemes i, ii, and iii in which f; is small, and this is more so when the within-

Table 3.2a. erb; = Ee[v1(T)|=E¢[Var(T)]

E¢[Var(T)]
Sampling Populations
Scheme A B C D
(i) -0.11 -0.10 -0.06 -0.00
(ii) -0.03 -0.02 -0.01 -0.00

(i)  -0.01 -0.01 -0.01 -0.00
(iv)  -062 -0.61 -0.47 -0.02
(v)  -0.32 -029 -0.18 -0.00

cluster correlation is large. The results in this table suggest that v, (f;) can be very poor
when n is close to K. In fact, if n = K then 1, (ﬁ) = 0 always! Hence, v; is a poor
variance estimator when the number of primary units sampled is relatively large; that is,
when f} is large.

For our simplified design v* can be written as
v* = (N —n)Ns*/n.

Under SRSWOR. v*is an unbiased estimator of Va.r(Ts), the SRSWOR variance of T, =
N7v; however, v* is biased for Var(Tc), the cluster sampling variance of 7%, even though

T, = T. in our simplified S3CS design. If we express s? as

1 (3
2 —3 ———— . — 77 2
S - n — 1 E-—l:(yt y)

_ 5 _vye__n 1.
B n—lg(yt Y) n—lNz(T 7).
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then under the simplified S3CS design it is straight-forward to show that

o9y T N-1, 1 -
E(s)—n_l{ N S NZVar(T) .

Using this result we can show that

Bias(v*) = (N —n)NE(s?)/n— Var(T)
_ (N—n)(N—l)S2_( n ) (N—l) Var(f)

n—1 n—1 N

Using the expressions for E¢(S%), etc., that we developed earlier, the model-expectation

of bias(v*) is

o~ St () () ().

where
w(e,B) = a(N — ML)/(N —1)+B(N - M)/(N —1).
When o = § = 0 then erd* = 0. Values of erb* are presented in Table 3.2b for the

Table 3.2b. erp* = Zel’(DI-EelVar(T)]

Ee[Var(T)|
Sampling Populations
Scheme A B C D
(i) 0.00 0.02 0.07r 0.13

(i)  -0.09 -047 -0.74 -085
(iii)  -0.35 -0.89 -0.99 -1.00
(iv) 00L 0.10 056 194
(v)  -011 -064 -0.94 -0.99

same populations and sampling designs as in Table 3.2a. As expected erd* is small for



CHAPTER 3. SURVEY DESIGN AND INFERENCE 59

population A, in which the y values have relatively little within-cluster correlation. It is
also generally small for one-per-cluster sampling schemes (i and iv) when correlations are
not large. However, the results illustrate that v‘(ﬁ) can be a very poor estimator if the
within-cluster correlation is large (Populations C and D).

The model-based comparisons of v; and v* suggest that for the 3NO survey v'(’f,_-)
provides more reliable estimation of Va’r(fc) than does vy (ﬁ) because of the poor perfor-
mance of the latter estimator when f; is large. If the within-cluster correlation is not large,
i.e. < 0.5 for secondary units, then our results suggest that v* (ﬁ) may provide reasonable
variance estimation; however, further investigation is required to better understand the
bias in v* for 3NO cod.

If auxiliary information about & and # is available then several procedures can be em-
ployed to improve variance estimation. For example, if the variance components model is
reasonable for the population then o2 could be estimated from primary sampling units and
then Var(’fc) could be estimated using a “plug-in” estimator. Procedures for construct-
ing optimal variance estimators could also be employed (see Wolter, 1985; p 253-255).
The spatial nature of the clusters in the 3NO survey suggest that a spatial model could
provide information about within-cluster variability. This is because tow stations that
are spatially close together do occur; for example, it is possible for two fishing units to be
adjacent if they are from different primary units. The spatial structure of the survey data
is investigated in Chapter 4; however, the spatial approach to variance estimation would
require more detailed information about the spatial locations of primary and secondary

sampling units, which is not readily available.

3.3.4. Confidence intervals

Some asymptotic results for stratified cluster sampling designs are presented in Krewski
and Rao (1981). Bootstrap methods for constructing confidence intervals based on these
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designs are considered by Rao and Wu (1988), Sitter (1992), and Rao ef. al. (1992).
Unfortunately all of the published methods are for designs where each cluster has more
than one element sampled, and are therefore not directly applicable to the 3NO survey. It
may also be possible to construct confidence bounds for one-per-cluster sampling designs
using v* if it generally holds that v* (’f;) > Var(’fc); however, we do not investigate this
further.

A more detailed stochastic model for 3NO survey trawl catches is required so that
confidence intervals for estimated population totals can be constructed. Such a model is

developed in Chapters 4 and 5.

3.4. 3NO survey results

In this section we compute estimates of the annual total trawlable stock abundance, T,
and v* for the 3NO survey data. The standard application of design-based inference
requires that the stock is temporally stationary within the time frame of the survey. A
member of the population is a trawl quadrat, or the area swept by the trawl. We consider
the population to be a finite set of disjoint quadrats, and the ¥’s are the trawlable number
of fish in the water column above a quadrat. The number of quadrats in a stratum is
computed by dividing the total area of the stratum (Ay) by the nominal swept area of
the trawl. The swept area used in standard DFO software is 0.04569 Km2. This would
seem to based on a trawl width of 13.7 meters and a tow distance of 3.33 kilometers. The

validity of these assumptions will be discussed later in this section.
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The first order inclusion probabilities are based on the following quantities.

Ap
10 X Area per fishing unit’
Ny; = 10 for all A and 7,
Area per fishing unit
Swept area of the trawl’

Nh=

a.nd N hij

Hence, 7 = np0.04569/A,, k € U,. The inclusion probabilities are identical within
strata, but different between strata. The HT estimator of the population total is

~ H H -~
T=> Nign=)_ Th,
h=1 h=1

where N, = A,/0.04569. We approximate Var(T) using v°.

For illustrative purposes we present estimated strata totals and standard errors in
Tables 3.3a-c for 1992-94 in Appendix B (Section 3.8). The notation s(Tr) denotes
v*1/2, Prior to 1991 the 700 series strata, or deep water strata, were not sampled. Note
the large estimated abundances in stratum 332 and 337 in 1993. The combined totals for
shallow and deep water strata are px:@ented in Tables 3.4a,b. The estimated totals for the
shallow water strata are plotted in Figure 3.1. Overall it is apparent that trawl catches
have declined between 1984-86 and the 1990’s. Estimated abundances are anomalous in
1987 and 1993. These high estimates are produced by large T’s in a few strata. In 1993,
88% of the estimated abundance for the shallow water strata occurred in two strata (see
Table 3.3b) which cover 6% of the 3NO region, while in 1987, 57% of the abundance
occurred in three strata which cover 20% of the region. Trawl catches in these strata were
also quite variable, as reflected in the large standard errors for T' in for these years. These

results will be discussed further in following chapters.
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Figure 3.1: Annual estimates of trawlable abundance for the shallow water strata in
NAFO Divisions 3N and 30. Dotted lines connect + 2 standard errors.

3.4.1. Variations from S3C;S in the 3NO survey design

There are problems in using design-based inferences with the 3NO survey, and these
problems are in addition to the inferential difficulties with the S3C;S design. The problems
essentially involve variations in the proportion of the 3NO division that is surveyed from
year to year. In this section we discuss the major problems, including how they can
introduce bias in ‘ﬁ

Early in this chapter we mentioned a type of non-response problem that occurs when
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the bottom type in a tow station is not conducive to sampling. The location and size of the
untrawlable areas is not known in enough detail to be used in the survey design. Generally
all that can be done is to substitute a nearby trawlable station for an untrawlable station.
The decision to substitute has to be made at sea because that is when it is determined,
using echo sounders, if a station can be towed. The presence of untrawlable stations
increases the selection probabilities of stations near untrawlable areas, and can cause bias
if the stock composition varies with bottom type.

A related problem is caused by the non-random selection of a tow station within fishing
units. Trawling for fish is much more successful if the tow depth does not vary much;
hence, tow stations are selected so that a constant depth is towed. Tow stations are also
selected so that the tow direction is towards the next fishing unit to be sampled. This saves
vessel time, and allows for more sampling. Nonetheless this does not constitute probability
sampling from a finite population because a disjoint population of trawl stations is not
used as a basis for sampling. In fact, samples are selected from an infinite population of
partially overlapping trawl quadrats, where the probability that a point within a fishing
unit is sampled by the trawl is not constant. This probability will be relatively low towards
the periphery of the fishing unit, and is also related to bottom depth. Points that are
close to the contour of constant de;;th passing through the center of the fishing unit will
be sampled more often by the fishing gear than points that are far away from this contour.
We do not explore this further.

Another assumption necessary for the direct application of design-based sampling
theory is that the trawl catches all trawlable fish without error. This is tantamount
to assuming that the availability of fish to the trawl and the catchability of the trawl
are constant and equal everywhere. These assumptions are discussed in more detail in
Chapter 4, but they do not seem valid.

Finally, our assumption about the temporal stationarity of fish within the time frame
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of the survey is not valid. Cod are mobile, and migrate great distances. Little is known
about the rates of daily 3NO cod movements, or the directions at the time of the survey,
although the rates and directions of movement will vary from year to year, which further
complicates the issue. If the majority of cod are in a directed migration at the time
of the survey then it is possible that the survey will either miss or double count large
amounts of fish, depending on the survey tract. We conduct analyses in Chapters 4 and
5 that attempt to detect these temporal effects. If this is the case then the utility of the
surveys for inferences about 3NO cod stock size will be greatly diminished, because large
scale movements can introduce considerable bias in any year, and lead to a very noisy
annual time series of trawlable stock abundance. At the least we can expect random local
movements that will increase the variability of stock size estimators, but hopefully not
introduce much bias in any year because local undercounting of fish is counteracted by
local overcounting.

The importance of these deviations from the S3C;S design will undoubtedly depend
on the distribution of ¥’s in the population. It is quite likely that populations exist in
which these deviations could have drastic effects. Populations also exist for which these
deviations will be inconsequential. ;t seems likely that deviations in the sampling design
will have more of an effect on inferences in populations with long-tailed distributions such
as 3NO cod; however, these effects cannot be specified more precisely with the information

that is available.

3.5. Model-based approach

In this section we discuss more details about model-assisted and model-based approaches
to the analysis of the 3NO survey data. We have used a simple population model in
Section 3.3.3 for illustrative purposes; however, this was a measurement error model and

may not be appropriate for trawl catches, which are counts. More analyses are necessary
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before we propose a model, because of the complex stochastic nature of the survey data
(heavy-tailed, spatially-temporally correlated, covariates associations). We will present
these analyses in the next two chapters. In this section we merely wish to specify what
role the sampling design will play in model-based inferential procedures developed in the
remainder of this dissertation.

There are shortcomings in standard design-based inference methods for 3JNO survey
trawl catches, and the resolution of these shortcomings requires additional population
assumptions. The assumptions essentially involve the spatial and temporal variability
of the stock; that is, further knowledge is required about (i) the within-cluster spatial
variability of survey catches, (ii) the population distribution in untrawlable areas, and
(iii) the temporal stationarity of the stock within the survey period. Furthermore, to
make inferences about total trawlable stock size from survey data, a relationship has to
be assumed between trawl catches and local stock size. Realistic assumptions involve
a stochastic relationship between trawl catches and fish abundance. Hence, we need to
specify a stochastic model that relates trawl catches to local abundance, and which also
relates local abundance throughout 3NO.

Statistical models are used in a variety of ways in the analysis of complex survey data,
ranging from using models to assist.; with design-based inferences to using models solely
for inferences. In the predictive inference approach a model is used to predict the y values
for the N —n elements in a population that are not observed. Smith (1990) has used this
approach with trawl research survey data. However, the problem of estimating trawlable
stock abundance is not one of predictive inference. Our problem is better described as
follows.

Assume that the trawl catch at tow station 7 in year ¢ can be adequately described by
a random variable Y;;. Let N;; be a random variable for the number of fish in the water

column above station ¢. The distribution of Yy involves A;; and other parameters. Our
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aim is to construct inferences about Y. AN;; based on a complex sample from Y;1, ..., Yin.
If fish movements are important during the survey then for modelling we have to use a
time scale finer than years. The model for the Y’s developed in Chapters 5 and 6 is
assumed for now to be sufficiently detailed (contain strata effects, temporal effects, ...)
that the sampling design is non-informative (see Pfeffermann, 1993; Breckling et. al,
1994; Godambe, 1996). Essentially this means that the design does not depend on the ¥
values, nor does it contain important information about parameters in the distribution of
the Yi:'s.

Even with a stochastic model for the Y's and a non-informative sampling design the
role of the design in inferences is still controversial. Various requirements for design-
unbiasedness or consistency have led to a variety of procedures for incorporating design-
weights into parameter estimation and inferences (see Pfeffermann, 1993). The notion
behind requiring estimators to be design-unbiased or consistent is that these requirements
are model-independent; consequently, such estimators have model-robust inferential char-
acteristics. This has been advocated for fish stock abundance estimators (Smith, 1990).
However, it is generally recognized that design-unbiased estimators can have severe condi-
tional biases, as Royall and Cumberland (1981) have shown for ratio estimators. Coupled
with the problems of applying design-based methods to the 3NO survey, the requirement
of design-unbiasedness does not seem useful in model-based analyses of the 3NO survey

data.

3.6. Conclusions

In this chapter we considered a design-based analysis of the 3NO survey data. This is the
standard approach used by DFO to analyze survey results, and we therefore choose this
as our starting point in constructing inferences about trawlable stock size. We produced

HT-estimates of trawlable stock size, and these showed that cod in Divisions 3NO have
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generally declined in abundance since 1984, although anomalies in this trend occurred
in 1987 and 1993. Estimated standard errors are quite high in 1993 and 1994, with
coefficients of variation (CV’s) around 50%, although in other years the CV's are smaller.

We identified several problems with the application of design-based methods to the
3NO survey. These involved the mobility of the population, subjectiveness in the sample
design, and the inability to unbiasedly estimate the variance of HT-estimators of impor-
tant population quantities, like trawlable stock abundance. We propose to use a stochastic
superpopulation model for local stock abundance, as well as a model for the fish capture
process, to construct inferences about 3NO trawlable stock abundance based on samples
from the 3NO research survey. This model will be developed in Chapters 4 and 5, and

inferences presented in Chapter 6.

3.7. Appendix A: Variance of T}, and the Horvitz-Thompson es-
timator of Var(T})

In this section we develop the variance of T}, in terms of cluster variance components. We
also develop an unbiased estimator of Var(T}). We drop the h subscript for simplicity. We
use conditional expectations to devélop the variance of T', and the estimator of Var(’f").
Let E; denote expectation with respect to primary unit samples, E;; denote expectation
with respect to secondary unit samples given the primary units, and E;;; denote expec-
tation within secondary units. Conditional variances are defined similarly. First we find
Var(Th).
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3.7.1. Variance of f’h

To partition Var(T) we use
Var(T) = Var, [EU {Em(f)}] +E; [var,, {Em (T)}] + E; [E’H {vm-,,, (f)}] :

Recall that f can be written as

Z Z Z Wzrjhﬂ'k[zj

=l 5=1 k=l

where m; = n/N, w;; = n;/N;, and ny;; = ny;/N;; are the primary, secondary, and
within-cluster inclusion probabilities. It is straightforward to show that E}u(ﬁ) =
Z:..l TF:I J-l ﬂ’_lﬁj, where T = Zk-—-l Y. Also, Ey; {E{[{(Th)} Zz_l i IT,,, where

T, = Z i1 Tije VaruI(Th) requires g, k,I € Uy;, which is mg = T Weyz5. Let

Dty = THET 55— Tra' o

Using (3.3.1) we can show that

Ni; Ny 2
Var(Th) = Z 7’("2 Z T Z Z AN "tiF (ka ;{_%E"‘) :

=1 k=1 k=1 I3

and

B {venn@}] =13 St 33" s (2 - 2) - an

i=1 j=1 k=1 pg'=1 (55
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This is the within-cluster variance comporent. Let Ay = 7wy — 70, In a similar

manner we can show that

N; N; ’
Varyy {EIII(Th)} 5 Z e Z Z Bt ( T'jl ) ,

._11._1

B [Vary { Er(@)}| = —Z ‘IZZA” . ( "I ) ,and  (3.7.2)

Jj=1 J --1

Var; [EH {Em(ﬁ) }] Z Z A <— - —-) . (3.7.3)

"—11—'1 i

The second-order inclusion probabilities are 7,y = n(n—1)/N(N —1), m;;; = ny(n;—
1)/Ni(N;—1), and 7pprz; = n4j(m45— 1) /Ni; (Vi —1). These results can be used to simplify
(3.7.3), (3.7.2), and (3.7.1) to give

Vary [En {Elll(fh)}:
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If we define

Ny
S¢ = > (T:=T/N*/(N -1),
Ni:

S% = S (Ty —Ti/N)*/(NV; — 1), and

=1
Nyiy
S = > (v —Yy) /(N5 —1),
k=1
then we can express Var(T) as
N 2
monNt(1-P\5E, N 2____S_;ZF‘_£V. 'Sv
Var() = N* (1- =) & +T 20N (1 ) = g_j 2..: =

This is the result used in Section 3.3.3.

3.7.2. Horvitz-Thompson estimator of Var(T})
We can also use conditional expectations to partition Var(T') as
Var(f’) = VO/I‘[U {E[I [E{(T)]} -+ E;U {VG.TII [E{(T)] } -+ Eu; {E[[ [VGTI(T)] } .
The following results are used in deriving v(T") = @(T) E(T)=3N,T: En [EI (T)] =
Zil Zﬁi‘l Tﬁ'f ’
N N;

Vari {En [EI(T)]} DD Ny — nis) NySE /s, (3.74)

=1 j=1
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N Nl. i

Vary [E(T)] ——ZZZAf (/30 — Bpfepp)] o amd (375)
Var,(f) = ZZA (/) — (e /me)] (3.7.6)

We can write Var(T) as (3.7.4) + Er11(3.7.5) + Errr{E11(3.7.6)}. The HT expanded

estimator of this quantity is

- s ~ 2
: (Vi — 1) Nij 5% I~ Bii \ (T _ Ty
W@ =33 e T3 ZZ o

i=1 j=1 i=1 j=1 J’—I J |" Jlz

+éii(w,)(—,—%)z-

7
=1 ;

Note that
n n A T Tz Nn
;2@)( ) (=) ST~ T/NY /(= 1)

[ — Ti/Ne)* /(n: = 1).
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Using these results we can rewrite v(T") as

oy = w2 (1~ 2 £ (@) | ZNQ( _-)sgi},) Z : 3O N; ( J“

_1*-1

where s =

(e — T/ (s — 1), sh, = Sy (B — /Mo /(s — 1), and o} =
S .(T: —T/N)?/(n— 1). This last expression is the result we used in Section 3.3.3 for

each stratum.
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3.8. Appendix B: Tables
Table 3.1a. Strata information for NAFO Div. 3N. Numbers
in () are for 1994. Number of strata is 35.

Stratum  Depth Area  Number Number Km? per
Range (Km?) Fishing  Trawl Fishing

(Meters) Units  Stations Unit
357 275-366 561 40 12285 14.0
358 185-274 770 50 16854 15.4
359 93-183 1441 110 31536 13.1
360 57-91 10240 840 224122 12.2
(810) (12.6)
361 57-91 6342 480 138803 13.2
362 57-91 8625 720 188766 12.0
373 57-91 8625 720 188766 12.0
374 57-91 3186 240 69738 13.3
375 <56 5452 420 119327 13.0
376 <56 5130 400 112286 12.8
377 93-183 342 30 7491 11.4
378 185-274 476 40 10412 11.9
379 275-366 363 30 7940 12.1
380 275-366 397 30 8689 13.2
381 185-274 623 50 13633 12.5
382 93-183 2214 180 48465 12.3

383 57-91 2307 190 50487 12.1
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Table 3.1a. Continued.
Stratum  Depth Area Number Number Km? per
Range (Km?) Fishing Trawl  Fishing

(Meters) Units  Stations Unit
723 367-549 530 50 11611 10.6
724 550-731 424 40 9288 10.6
725 367-549 359 30 7865 12.0
726 550-731 246 20 5393 12.3
727 367-549 548 50 11985 11.0
728 550-731 034 40 11685 13.3
752 732-914 459 40 10038 11.5
753 915-1097 472 40 10337 11.8
754 1098-1280 616 50 13483 12.3
755 1281-1463 1318 110 28839 12.0
756 732-914 363 30 7940 12.1
757 915-1097 349 30 7641 11.6
758 1098-1280 339 30 7416 113
759 1281-1463 435 40 9513 10.9
760 732-914 827 40 11536 13.2
761 915-1097 o585 50 12809 11.7
762 1098-1280 726 60 15880 12.1
763 1281-1463 893 70 19551 12.8
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Table 3.1b. Strata information for NAFO Div. 30. Numbers
in () are for 1994. Number of strata is 36.

Stratum  Depth Area Number Number Km? per
Range (Km?) Fishing Trawl Fishing

(Meters) Units  Stations Unit
329 93-183 5890 450 128915 13.1
330 5791 7150 540 156481 13.2
331 57-91 1561 120 34158 13.0
332 93-183 3583 280 78428 12.8
333 185-274 517 40 11311 12.9
(503) (11011) (12.6)
334 275-366 315 20 6891 15.7
(329) (30) (7191)  (11.0)
335 275-366 199 20 4345 9.9
336 185-274 414 30 9064 13.8
337 93-183 3245 250 71012 13.0
338 57-91 6496 500 142173 13.0
339 93-183 2002 170 43821 11.8
340 5791 5873 490 128540 12.0
(500) (11.7)
351 57-91 8625 720 188766 12.0
352 57-91 8830 720 193260 12.3
353 5791 4388 340 96031 12.9
354 93-183 1622 130 35506 12.5
355 185-274 353 30 7715 11.8

356 275-366 209 20 4569 10.4



CHAPTER 3. SURVEY DESIGN AND INFERENCE

Table 3.1b. Continued.

Stratum  Depth Area Number Number Km? per
Range (Km?) Fishing Trawl Fishing

(Meters) Units  Stations  Unit

717 367-549 318 30 6966 10.6
(568) (50) (12435) (11.4)

718 550-731 380 30 8315 12.7
(459)  (40) (10038)  (11.5)

719 367-549 260 20 5693 13.0
720 550-731 359 30 7865 12.0
721 367-549 260 20 5693 13.0
722 550-731 318 30 6966 10.6
764 732-914 359 30 7865 12.0
765 915-1097 424 30 9288 14.1
766 1098-1280 493 40 10787 12.3
767 1281-1463 541 40 11835 13.5
768 732-914 339 30 7416 11.3
769 915-1097 472 40 10337 11.8
770 1098-1280 438 30 9588 14.6
771 1281-1463 599 50 13109 12.0
772 732-914 462 40 10112 11.6
773 915-1097 438 30 9588 14.6
774 1098-1280 462 40 10112 11.6

775 1281-1463 530 40 11611 13.3
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Table 3.3a. Estimated total strata abundance and standard
errors for 1992. Values are in 1000s.

3N 30
h nn Tn s(Th) h nn Tx s(Th)

357 2 301.0 92.11329 8 48.3 23.6
358 2 12219 446.6 {330 10 15.6 15.6
359 2 47.3 47.3 1331 2 17.1 17.1
360 14 1121 6541332 5 13019 8280
361 8 34.7 2271333 2 1301 5.7
362 11 34.3 2301334 2 1723 117.1
373 10 0.0 007335 2 1781 1434
374 5 13.9 139336 2 7614 163.1
375 6 79.6 39.8 1337 4 1580.0 1229.0
376 7 0.0 001338 6 853.0 543.2
377 2 0.0 001339 2 43.8 0.0
378 2 1718 67.7 1340 5 25.7 25.7
379 2 1123.5 8058|351 10 151.0 78.6
380 2 56.5 3041352 8 T773.0 2477
381 2 6.8 6.8 353 4 1921 39.2
382 3 0.0 00134 2 71.0 71.0
383 2 0.0 0.0135 2 30.9 0.0
723 2 16255 1230.7 1356 2 1348 70.8
724 2 13.9 46717 2 1080 59.2
725 1 70.8 1718 2 0.0 0.0
726 2 0.0 00|79 2 85.4 39.8
727 2 2816 2337|1720 2 70.8 70.8
728 2 0.0 0.0}721 2 6159.8 6050.6

722 2 313 313
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Table 3.3b. Same as Table 3.3a, except for 1993.

3N 30
h TLp Th S (Th) h Tin Th 8 (Th)
357 2 123 123329 6 1074 51.7
358 2 7079 674330 7 447 28.9
359 2 1892 126.1(331 2 0.0 0.0
360 11 204 204332 4 49801.8 229674
361 8 2256 827|333 2 1753 62.2
362 8 472 472[334 2 4135 3583
373 8 00 00[33 2 2325 2194
374 3 00 00(33 2 1314 95.2
375 6 398 25.2(337 2 374943 374938
376 6 00 00(338 6 3554 1590
377 2 37 37339 2 21.9 21.9
378 2 885 57.3(340 6 64.3 28.7
379 2 556 476(351 9 62.9 31.5
380 1 8150.3 352 7 4417 2054
381 1 0.0 353 4 1440 1143
383 1 0.0 .1354 2 2663  159.8
723 2 116 00(355 2 65.6 57.9
794 1 9.3 35 2 130.2 52.5
725 1 0.0 717 2 5399 2055
726 2 00 00718 2 41.6 16.6
727 2 1318 719|719 2 1025 96.8
728 2 00 00[720 2 3.9 3.9
721 2 108.2 91.1
792 2 0.0 0.0
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Table 3.3c. Same as Table 3.3a, except for 1994.
3N 30
h nn Thn s(Th) h na Th s(Th)
357 2 1044 10441329 5 33776 33134
358 2 337 1691330 5 0.0 0.0
359 2 0.0 00]331 2 0.0 0.0
360 8 0.0 00332 4 0.0 0.0
361 4 347 3471333 2 958.0 4734
362 6 0.0 001334 2 2013 1438
373 7 0.0 0033 2 7.7 2.2
374 3 0.0 00336 2 1949 31.7
375 4 0.0 00337 3 47.3 23.7
376 4 0.0 0.0[338 &6 71.1 48.6
377 2 3.7 3.71339 2 0.0 0.0
378 2 312 208|340 4 0.0 0.0
379 2 437 437|351 1 0.0 .
380 2 0.0 00352 7 82.8 57.5
381 2 6.8 6.81353 4 0.0 0.0
382 2 0.0 00}34 2 0.0 0.0
383 2 0.0 0035 -2 11.6 11.6
723 2 116 116|356 2 1234 109.6
724 2 9.3 93|77 2 6280 4414
725 2 157 79| 718 2 2108 2108
726 2 0.0 00j79 2 1793 42.7
727 2 419 3001720 1 1888 .
728 3 0.0 00(721 2 5.7 5.7
752 2 0.0 00)722 2 0.0 0.0
756 2 0.0 00|74 2 0.0 0.0
760 2 0.0 00772 2 0.0 0.0
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Table 3.4a. Estimated totals and
standard errors for
the 300 series strata
Numbers are in 1000s.

Year n Th s (Th)
84 116 98012.1 11794.6
8 178 51384.7 48927
8 203 580829 25994.3
87 191 2245183 39621.8
88 161 32093.8 3526.4
83 195 21807.2 3281.3
90 175 238424 1922.1
91 183 285354 18060.4
92 160 9683.6  1872.2
93 134 99493.7 43973.1
94 113 5397.9 3355.3

Note: Strata 335 not sampled
in 1990.
Strata 382 not sampled
in 1993.
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Table 3.4b.

Estimated totals
and standard errors
for strata 717-728.
Numbers are in

1000s.

Year n Ty s(f’h)
91 24 2809.0 1531.6
92 23 84472 6179.8
93 22 948.7 2556
94 24 1291.1 4922
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4. DATA OVERVIEW AND EXPLORATORY

ANALYSES

4.1. Introduction

As discussed in Chapter 1, we are interested in using a mixture model to analyze 3NO
research survey trawl catches. We hope to improve upon the design-based approach
explored in Chapter 3 by using a model-based approach. We will assume that trawl
catches vary smoothly, as a function of some covariates. We hope that the model-based
approach will utilize more information contained in the survey data, and therefore give
more efficient inferences about trawlable stock size than the design-based method. Many
aspects of the model have to be determined by the data. One important aspect is which
covariates to include in the model. A model with too few covariates may result in inflated
error variances and biased inferences. A model with too many covariates may result in
inefficient inferences. For our model we consider seven covariates routinely measured in
the 3NO research surveys that could be correlated with trawl catches (see below).
Variable selection is an important topic in many data analyses, and there has been
a great deal of research published about this topic. Automatic methods are commonly
used, but they are can be confusing, and easily misused. These methods are often not
that effective on their own when used with large complicated data sets. Before using such
methods it is always a good idea to plot the data and do exploratory analyses. This is
the purpose of this chapter. Using primarily graphical analyses, we will reveal important
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features in the 3NO data set that help us build a more justifiable model. We also use
these analyses to suggest a tentative set of covariates to include in our model. Some
of these covariates are correlated with each other; hence, their relationship with catches
may be an artifact of their relationship with other variables that are truly related to
trawl catches. Including such covariates in a model can result in less reliable inferences,
so it is still important to assess the tentative set of covariates using analytic variable
selection procedures that adjust for between-covariate dependencies. This is the subject
of Chapter 5.

‘We have already suggested that catches for tows that are geographically close together
will tend to be more similar than for tows that are far apart; hence, the latitude and longi-
tude of tows are two important covariates to consider. In Section 4.2 we present spatial
plots of trawl catches of cod throughout 1984-94. These plots are useful for determining
the importance of the spatial location of a trawl in predicting catches. We have also
mentioned problems in estimating stock abundance because of the mobility of cod; that
is, there is a potential for under counting, and double counting. In Section 4.3 we
explore the within-year temporal aspect of the surveys, and in Section 4.5 we further
explore spatial-temporal dependencies in catches using empirical autocorrelations. We
also present a literature review in the Appendix (Section 4.9) that focuses on covari-
ate relationships that have been published for similar stocks. Some of these are explored
in Section 4.5, including whether trawl catches are influenced by (i) depth of tows, (ii)
water temperature during tows, (iii) surface light conditions at the start of tows, and
(iv) wind and (v) sea states during tows. Graphics are presented that focus on covariate
relationships with the within-year distribution of catches, and also the between-year dis-
tribution of catches stratified by coveriates levels. Finally, we present detailed graphical
analyses of the ten tows that precede and follow a tow with a large catch, and we do

this for the five largest catches throughout 1984-1994. The mixture model we propose
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in Chapter 5 is primarily designed to accommodate very large catches, and detailed
graphics are useful when assessing the adequacy of this model.

The main conclusions from our graphical analyses are that important spatial and depth
dependencies in trawl catches exist. Such dependencies are common in groundfish stocks.
These covariates are also useful for predicting trawlable stock abundance because we know
their population values; hence, we will base our model for trawl catches on spatial location
and tow depth. Associations between trawl catches and water temperature, time between
tows, and wind force also appear to exist; however, these covariates are correlated with
spatial location and tow depth, and further analyses are required to assess if they are
important beyond their association with location and depth. Covariate associations do
not have a simple form, suggesting that a nonparametric approach to functional modelling
is required.

Note that all figures in this chapter are presented in the Appendix (Section 4.8),

so we will not refer to their placement further.

4.2. Spatial overview

Spatial plots of cod catches are presented in Figures 4.1a,b. NAFO division boundaries
are indicated by heavy solid lines in these figures. These plots describe an important
aspect of the survey data, which is the magnitude and geographic location of catches.
We will use this type of graphic extensively in this thesis for a variety of purposes, e.g.

residual plots, etc. Some important features in Figures 4.1a,b are:

1. The location of tows is somewhat spread out, which is caused by the three stage
sampling design. There is also a trend in the 1990s towards surveying in the vicinity
of the 300 meter depth contour, which is the result of adding deep-water strata to

the survey in 1991.
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2. Catches have declined in the 1990s compared to the 1980s. We have already seen
evidence of this in Chapter 3. The proportion of trawls with a cod catch has also

changed. For 1984-94 the percentages for the shallow water strata are

73, 75, 79, 88, 82, 79, 82, 63, 46, 46, and 25.

3. There is spatial persistence in catches. This can be utilized for predicting catches
outside the sampled sites; that is, spatial location seems like a good predictive

covariate.

4. The distribution of catches is often very long-tailed. We will treat very large catches

separately from other catches using a mixture model.

5. Catches can abruptly change over short spatial distances around the 300 meter
depth contour. This is because depth also changes rapidly in this region, and cod
are often distributed along restricted depth gradients; hence, if a nearby tow is at
a very different depth then it is likely that the catch will be quite different as well.
This suggests that our model for trawl catches should include spatial location and

tow depth as predictive covariates.

4.3. Spatial-temporal overview

Cod are a highly migratory species. They can migrate hundreds of kilometers from offshore
spawning regions to inshore feeding regions. This has long been recognized to cause
problems in surveying cod, and many other stocks. Annual variations in the timing of
surveys or the timing of migrations can result in changes in the proportion of the stock
contained within the survey area, i.e. changes in the proportion of the stock surveyed.

At best the survey can only provide information about fish abundance within the survey
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region at the time of the survey. Surveys cannot provide abundance information about
stock components outside the survey region. Even for the simpler problem of counting
fish within a region, the mobility of fish can cause problems. It takes several weeks to
survey the 3NO region, and during this time schools of fish move. This movement creates
the possibility of counting schools more than once, or missing them. This is a problem
when surveying mobile populations. We shall explore the potential for this problem using
several types of analyses of the within-year timing of the surveys.

Time series plots of catches are presented in Figures 4.2a,b. These plots indicate the
start time and end time of the annual surveys, as well as the catch value for each tow.
The square root scale is chosen so that variability in the smaller catches is discernible.
Temporal autocorrelation is apparent, although this is confounded with spatial autocor-
relation, as discussed below. The survey duration ranged from 10 days in 1984 to 39 days
in 1990, although in 1990 most of the survey stations were sampled within 23 days. In
the 1990s there has been a trend to survey later in the year. Annual variations in survey
timing may not have as much impact on 3NO survey catches as in other regions because
tagging information suggests that fish in this region do not frequently move into other
regions. Tagging data do indicate some seasonal movements of fish from the west in 3PS
and north from 3L into 3NO; hence,- some catches at the boundaries of 3NO may be from
other stocks, and this will be influenced by the seasonal timing of the surveys. Examining
the length distribution of such catches may assist in determining the stock affinity of the
fish, but this is not pursued in this dissertation.

Space-time trajectories of the 3NO spring surveys are depicted in Figures 4.3a,b. The
usual trajectory of a survey begins in 30 and ends in 3N. Tows located close together
in space can either be close together in time (generally) or not (rarely), but tows far
apart 1n space are never close together in time because of the relatively slow speed of the

survey vessel. This confounds spatial and temporal dependencies in trawl catches, and



CHAPTER 4. DATA OVERVIEW AND EXPLORATORY ANALYSES 82

makes it difficult to determine if the distance between tows is a better predictor of trawl
catches than the time between tows. The distinction is quite important however, because
temporal dependencies raise the possibility of double counting or under counting, and
lead to great uncertainty in inferences.

Figure 4.3a and Figure 4.1a provide an illustration of the importance of within-survey
timing. In 1986 an anomalously large catch of cod occurred in one tow in 30. Another
tow close by did not catch much cod. This could indicate large spatial variability in
abundance; however, examining Figure 4.3a suggests another explanation. The tow with
a large catch of cod was taken on the 3rd of May, while the nearby tow with little cod
catch was taken on the 23rd of April. These tows were taken 10 days apart, and it is
easy to imagine that the large concentration of cod was not as near the much smaller
concentration on the 23rd of April. The next year provides another illustration. The
large catches of cod in the Northeastern part of 30 are similar to large catches in the
Northwestern part of 3N, but the tows in these Divisions were taken 13 days apart. This
might indicate a large stationary concentration of cod that covered both corners of 3N
and 30. It might also indicate a smaller concentration of cod that was in the Northeastern
corner of 30 around April 24, but moved to the Northwestern corner of 3N by May 7, and
was counted again in the survey. This would constitute double counting. The problem
here is that in examining such instances usually two or more interpretations exist which
suggest different courses of action, ranging from doing nothing to deleting some tows.
Information on the average rates and directions of fish movements would greatly assist in
interpreting these data; however, this type of scientific information is lacking for cod in
3NO. The best we can do is to quantify the spatial and temporal dependencies in trawl
catches, which is done in the next section. This will merely give an indication of the
potential of the problem; however, we will not be able to address the problem of survey

timing in this dissertation. Nonetheless, we should be aware of it.
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4.4. Spatial-temporal dependencies

In the previous section we alluded to confounding between the distance and time between
tows; hence, there is also potential confounding between spatial and temporal dependen-
cﬁes in survey catches. In this section we attempt to quantify whether dependencies in
trawl catches are more related to distance or time between tows. Temporal dependencies
are of particular concern in trend estimation for the reasons discussed in the previous
section.

We use empirical autocorrelations to assess the spatial-temporal dependencies in the
data. Spatial-temporal autocorrelations are compared to purely spatial autocorrelations
to assess if the time between tows is important beyond the spatial distance in determining
differences in catches. These autocorrelations are merely sample correlation coefficients
for pairs of observations that are separated by fixed spatial and temporal distances. If
significant positive temporal autocorrelation exists then we would expect the correlation
between catches for all tows separated by spatial distance g to be less than the correlation
for all tows separated by spatial distance g and a short interval of time. We have seen
evidence of this already in 1986 (see 30 catches in Figure 4.1a), where large variations in
catches in a spatially small region could, in part, be explained by time between tows.

We use the formulae in Clff and Ord (1981) to compute autocorrelations. Let y;
denote the number of cod caught in a tow in year ¢ at spatial location x; (latitude and
longitude) and temporal location z; (hours or minutes from start of year), 7 = 1, ..., 7.

An estimate of spatial autocorrelation at distance g is

_ Dijede) it — o) (Wie — 7)1 Ac(9)]
pilg) = Yot (Yie — Te)? /e ’

(4.4.1)

where A:(g) = {(4,7) :ll xe —%je |= g, 45 = 1,.,me}, and || upsa || = /20, w2
The number of distinct pairs in A¢(g) is denoted by |A:(g)|]- Typically there are few
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pairs of observations exactly at distance g, so spatial autocorrelations are defined by pairs
of observations that are separated by a distance that falls within an interval centered
about g. Equation (4.4.1) is based on the assumption that spatial dependencies are of an
isotropic nature; that is, the autocorrelation depends only on the distance between tows
and not direction.

We estimate the spatial-temporal autocorrelation in catches separated by distance
interval ¢ and temporal interval i by

t,J it — Yt jt_-t Bt ,h
pt(g’ h) — Zz, EBg(g.h)z(?m Y )(y Y )/I (g )l

i (Yie — Te)? /e

(4.4.2)

?

where By(g,h) = {(5,7) || xe —xje | €E g and |zie — z;e| € R, 2,5 =1, ..., 7 }.
Cliff and Ord (1981) discuss (4.4.1) and (4.4.2). The same definition of (4.4.1) is given
in Cressie (1993, eq. 2.3.21), where it is referred to as a correlogram. We only compute

autocorrelations if |4:(g)| or |B:(g, h)| > 10 pairs of observations.

4.4.1. Spatial autocorrelation results

We compute (4.4.1) for six distance classes. The results are presented in Figure 4.4a.
Positive autocorrelations are usually estimated for catches separated by distances less
than 100 kilometers. For the distance class “< 20 kilometers” the estimates are as high
as 0.55 in 1987. In all years the autocorrelations were highest in this distance class (84,
85, 87, 91, 93, and 94) or the“20 — 50 kilometers” distance class (86, 88-90, 92). This
indicates decreasing autocorrelations with distance. This is entirely reasonable because
the factors that influence cod aggregations (temperature, salinity, prey aggregations, etc.)
usually have positive spatial autocorrelations that decrease with distance. Note that the
estimates are very low in 1986, 1989, 1991, and 1992. It is possible that the correlations in
1986, 1991, and 1992 are underestimated due to the presence of large anomalous catches

(see Figures 4.1 a,b). We consider this in the next section.
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Spatial autocorrelations in catches are small for tows separated by distances greater
than 100 kilometers, with the exception of 1984 and 1994. In 1984 the estimated au-
tocorrelation for distances between 200 and 400 kilometers is —0.16. The estimated
autocorrelation for distances greater than 400 kilometers is —0.15 in 1994. The negative

sign indicates a potential spatial trend in abundance.

4.4.2. Spatial-temporal autocorrelation results

Spatial autocorrelations for several time classes are also presented in Figure 4.4a. These
estimates are joined by lines, and should be compared with the purely spatial autocorre-
lations, which are plotted as points. Our interest is to determine if the timing of tows is
important in addition to the location of tows. The temporal breakdown of spatial auto-
correlations does not result in any consistent patterns. The spatial autocorrelations for
tows less than 100 kilometers apart and taken within 12 hours of each other agree closely
with the purely spatial autocorrelations (compare *'s and solid lines in Figure 4.4a). On
the other hand, there is a close correspondence between the estimated spatial autocorre-
lation for tows separated by distances of at least 100 kilometers and times of 5 days or
more, and the purely spatial autocorrelations.

To assess the differences in estimates of spatial and spatial-temporal autocorrelations
we plot the estimates in the left-hand panels of Figure 4.4c, and indicate the number
of times that spatial-temporal autocorrelations exceed corresponding spatial autocorrela-
tions. Considerable discrepancy exists only when an estimate is based on a small number
of observation pairs. For example, in 1990 the estimated spatial autocorrelation for tows
between 20 and 50 kilometers apart is 0.32, while it is 0.92 for the same distance class and
tows separated by 5 days or more. The increase in counter-intuitive; however, the latter
estimate is based only on 52 observations pairs and has more estimation error associated

with it than the former estimate, which is based on 502 observations pairs.
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Warren (1997) considered a similar problem and found that the temporal components
of space-time variograms for cod in NAFO divisions 2J, 3K, and 3L (see Figure 1.2) during
1985-1992 were at least as “significant” as spatial components; however, Warren (1997)
analyzed log transformations of nonzero catches so his results are not directly comparable
with those we have presented. Warren (1997) investigated a 25 x 30 array of space-time
intervals. Sample sizes in 3NO prevent this scale of analysis; however, we repeated our
analysis for the same distance classes and six time intervals (< 0.2, 0.2—-0.5, 0.5—1, 1 —
2, 2—-35, > 5) and found essentially the same results, except with more variability in
the space-time estimated autocorrelations, as expected because of the smaller bin sample
sizes.

We also analyzed log transformed positive catches to see if spatial-temporal depen-
dencies are more discernible in this scale. To save space we do not present the results;
however, generally the estimated autocorrelations are higher after transforming the data.
The correlations increase the most for years with a few large anomalous catches. Similar
to the un-logged analysis, the spatial autocorrelations decrease with increasing distance
between tows. Spatial-temporal correlations for pairs of tows taken within 5 days of each
other increased for 65% of comrarisons with corresponding spatial correlations, and this
pattern is reversed for tows taken more than 5 days apart. The expected increase if no
temporal autocorrelation is present is 50%. The difference in estimates are usually quite
small and this analysis does not suggest that the timing of tows is of great importance
beyond its association with tow location; however, the analysis also does not suggest that
timing is not important either.

In the preceding analysis the relevance of the time between tows was assessed by com-
paring spatial autocorrelations with spatial-temporal autocorrelations. This relevance can
also be assessed by comparing temporal autocorrelations with spatial-temporal autocor-

relations. Some results for this purpose are presented in Figure 4.4b. Note that different
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space and time bins are used in constructing these figures than in Figure 4.4a. The number
of time bins was increased to better capture the nature of the temporal autocorrelations,
while at the same time the number of space bins was decreased so that |B:(g, h)| was
usually greater than ten. The estimated temporal autocorrelations, when large, increase
for tows that are less than 50 kilometers apart, and decrease for tows that are greater
than 200 kilometers apart. This is also evident in the right hand panels in Figure 4.4c.
The temporal autocorrelations increased for 75% of the tows that are close together in
space, but for only 29% of the tows that are far apart. Clearly the location of tows is
very important in terms of temporal dependencies, and that correlation in trawl catches
depends on more than the time between tows.

Occasionally pairs of tows occur that are close together in space but not in time. If
temporal autocorrelation were a decreasing function of time then one would expect the
autocorrelation for these tows to be less than the autocorrelation for tows that are close
together in space and time. The relevant autocorrelations are presented in Table 4.1.
Autocorrelations decreased in 7 of 10 years, and in 4 of 5 years when the autocorrelations
are greater than 0.1; that is, 84, 85, 87, and 93. In some years the autocorrelations
between tows separated by five days or more are based on only a small number of pairs,
and as a result are poorly estimated. If we restrict our attention to the “data rich” years
(85-87, 90-92) in which 30 or more pairs of tows exist that are close together in space
but not time, then autocorrelations decrease in only 50% of the years. This is expected if
no temporal autocorrelation is present. These results indicate again that some temporal
autocorrelation in trawl catches may exist, although the evidence for this is far from
convincing. The evidence of spatial autocorrelation is convincing.

The conclusion we reach from the results in Figures 4.4a-c and Table 4.1 is that the
correlation in the survey data is primarily of a spatial nature, and that the time between

tows is of secondary importance - but not to be discounted completely. A problem with
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Table 4.1. Estimated autocorrelations in the
20-50 Km distance class. Time
denotes the period between tows,

in days.
Year Autocorrelations No. Pairs
Time < 0.5 Time > 5 | [A¢(h)| |B:i(h,g)|
84 0.287 0.068 175 12
85 0.115 0.092 335 34
86 0.016 0.098 397 46
87 0.150 0.033 419 72
88 0.198 - 312 7
89 0.068 0.011 394 16
90 0.266 0.916 302 52
91 0.018 0.017 415 40
92 0.002 0.633 330 35
93 0.151 -0.098 276 24
94 0.084 0.077 229 13

the analyses in this section is that we have not accounted for other covariates that could
produce spurious spatial or temporal estimates of autocorrelation. It is difficult to account

for such confounding among covariates, and this will not be dealt with until Chapter 5.

4.5. Covariate associlations

Possible associations between trawl catches and covariates such as depth and temperature
have been alluded to in previous sections. Exploratory analyses of potential relationships
between covariates and 3NO research survey catches of cod are presented in this section.
These analyses are primarily graphical. The covariates we consider are depth, bottom
temperature, surface light conditions, sea state, and wind state. These covariates have
been measured in the 3NO research survey continuously throughout 1984-94, and could

affect trawl catches. The aim of this section is to decide if any of these covariates should
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be included in our model for trawl catches and, if so, what is the functional form of the
relationship.

We are not the first researchers to consider the importance of these covariates on trawl
catches; therefore, it is useful to investigate how these covariates affect catches in other
cod stocks, as suggested in the published literature. This may indicate ways to refine our
analyses so that they are more relevant to our problem, and also assist in interpreting
results. We restrict our attention to possible covariate associations with the distribution
of cod abundance, and also covariate associations with trawl catchability. We will not
cover the substantial amount of literature related to the influence of covariates on annual
changes in stock abundance. For now our interest is merely in estimating the change
in stock size and not the causes for change. The literature review is not essential to
understanding the results in this section, and is therefore presented in an Appendix
(Section 4.9).

4.5.1. Depth analyses

In this section we investigate if (1) catches change systematically with tow depth, or (ii)
different trends in annual average catches occur at different tow depths. The aim of (i)
is to assess if depth has a consistent effect, or additive effect, on all catches. If so we will
incorporate this into our model. The aim of (ii) is to assess the variability in trawl catches
at different depth intervals, and also to assess the between-year temporal persistence in
trawl catches at different depth intervals.

The square root of the numbers caught per tow are plotted versus tow depth in Figure
4.5a. The solid line in this figure represents a nonparametric regression of catch versus
depth, and is included to assist in visualizing patterns in the data. The proportion of
variance that the regression explains is indicated in the top right-hand corner of each panel.

We use the “supersmooth” function in Splus with a cross-validation optimal bandwidth
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for the nonparametric regression. The square root transformation is used for display
purposes only, and not for the exploratory regression.

The change in the survey design with more tows at greater depths in the 1990s is
apparent in this figure. Also apparent is a trend similar to the one indicated in Smith
et. al. (1991; see the Appendix, Section 4.9) at depths less than 100 meters; that is,
generally catches first increase with depth, and then decrease. However, the trend never
accounts for a substantial amount of variance. In 1991, 1992, and 1994 the trend is not
apparent. No trends are apparent at depths greater than 200 meters. Large catches of
cod occur over a wide range of depths. Regressions for small cod, weighing less than 1.5
kilograms on average, and large cod followed basically the same patterns.

Differential trends in annual catches across depths are apparent in Figure 4.5b. The
25th, 50th, and 75th percentiles of catches have declined in most years at depths between
50 and 100 meters - where most of the tows occur. This indicates declining stock sizes in
most areas sampled. Note that the mean catch per tow often exceeds the 75th catch per-
centiles, and this indicates the heavy-tailed nature of the data. Catches at depths greater
than 200 meters have generally increased between 1987 and 1993. This is particularly
evident at depths between 300 and 400 meters. This suggests that in the 1990s a greater
proportion of the stock abundance c.Jccurred at deeper water depths than in the 1980s.

The results in Figures 4.5a,b suggest a decline in catches of cod in most areas sampled,
as we have seen in previous analyses. The new result obtained from this analysis is
evidence of a shift in 3NO cod distribution towards greater relative abundance at deeper
depths between 1987-1993; that is, average catches have increased at deeper depths even
thought total average catches have declined. We have assumed that no systematic increase
in research trawl catchability at deeper depths has occurred. This could also account for
an increase in average catches at deeper depths, but not indicate a change in relative stock

abundance. Whether this has occurred and could account for the trends in Figure 4.5b
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requires further experimentation and investigation, but is beyond the scope of this thesis.
We can do little but assume that the trends actually reflect trends in stock abundance.
The results in this section suggest that tow depth is an important determinant of catches,

and should be included in our model.

4.5.2. Temperature analyses

In this section we investigate the effect of water temperature on catches of cod. We focus
on the same patterns as i-ii in the previous section.

Catches are plotted versus temperature in Figure 4.6a, along with a nonparametric
regression of the catch data. Cod have rarely been caught at temperatures below -1° C,
especially in the 1990s. During 1984-1990 catches peaked for tow temperatures between
0° C and 4° C. After 1991 greater catches of cod usually occurred in warmer water (2° C -
6° C). Large catches of cod have occurred throughout most of the sampled temperatures.
Regressions for small cod, weighing less than 1.5 kilograms on average, and large cod
followed basically the same patterns.

Time series of average catches in eight temperature intervals are presented in Figure
6b. The square root is used for plotting purposes. The 25th, 50th, and 75th catch
percentiles have declined since 1987; in water with temperatures less than 4° C, and this
indicates a stock decline in most areas with relatively cool bottom water. Catches in
water with temperatures greater than 5° C generally increased between 1984 and 1991,
declined in 1992, and then stabilized after 1992.

The results in Figures 4.6a,b suggest a shift in 3NO cod distribution throughout 1984~
94 towards greater relative abundance at warmer water temperatures; however, this dis-
tributional shift may be confounded with a shift in depth distribution. This is because
bottom water temperature is not independent of depth. Warm water from the Gulf Stream

usually exists at deeper depths along the edge of the Grand Bank; hence, temperature
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and depth associations are confounded. We need to assess the importance of tempera-
ture in determining trawl catches beyond the association of catches with depth. It may
be that cod select for temperature rather than depth, and the depth association in the
previous section is just an artifact caused by temperature selection; however, tow depth
can be used for predictive purposes, whereas temperature can not. This is because we
only know temperatures at the sample sites, and we can at best only use the component
of a temperature association that is related to depth for inferences about stock size. This
is why we are interested in temperature associations in catches after depth effects have

been removed. This is considered in Chapter 5.

4.5.3. Surface light analyses

We investigated whether trawl catches are related to recorded surface light conditions in
terms of i-ii above. To save space the results are not presented; however, we found no
evidence of a general association. These analyses suggest that surface light is not a useful

covariate to consider in a model for trawl catches of cod.

4.5.4. Wind strength analyses

In this section we investigate relationships between wind strength and trawl catches.
Wind strength influences the ability to successfully tow a trawl on the ocean bottom,
and therefore wind strength may possibly influence catches. Most likely wind strength
affects trawl catchability rather than local abundance. If wind strength does influence
catchability then this suggests that some tows, presumably those taken during high winds,
are less informative about stock size than others. These tows should receive less weight in
prediction of local stock density. Wind strength is measured on an ordinal scale with an
anemometer. Wind scale codes range from 0-9, where 0 indicates no wind, and 9 indicates

very high winds.
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The distribution of catches for each level of the wind scale code is presented in Figure
4.7a. Average catches appear to be greater when wind scales are 0-3 than when wind
scales are greater than 3 in 1984-1987; however the pattern is reversed in 1991-1994,
where greater catches usually occur when wind scales are greater than 3. The medians
also follow the same pattern, although with much less contrast.

Yearly ratios of catches when winds are low (wind scale < 3) or high (wind scales > 3)
are presented in Figure 4.7b. The numerator in the ratio is the average catch during low
winds. It also seems likely that depth interactions exist so the ratios are computed for
shallow (depth < 100 meters) and deep (depth > 100 meters) tows. Throughout 1984-
1994 trawl catches at tow depths < 100 meters were approximately equal when winds were
low or high; however, a consistent and strong trend exists in which relative catches have
increased over time when winds are high. At depths greater than 100 meters considerably
fewer fish have been caught throughout 1984-1994 when winds are light.

The main conclusion we draw from the analyses in this section is that there is evidence
that the catchability of the trawl or the availability of cod to the trawl has changed over
time, as a function of wind strength. Whatever the cause, wind strength appears to
account for some of the variation in trawl catches. It could also be that this is an artifact,
caused by the association of trawl catches with some other factor. Wind strength is
also correlated with time between tows and spatial location because of the temporal
persistence of winds. This could create a spurious relationship between wind strength
and catches. Nonetheless it seems like a good idea to consider wind strength in our
model. In doing so we will be better able to quantify the importance of the association,
especially in conjunction with other covariates. If this relationship is significant then this
suggests that some trawl catches are influenced by factors other than local fish density,

and therefore their utility in terms of estimating stock abundance is reduced.
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4.5.5. Sea state analyses

We also investigated the effect of sea state on trawl catches. These results are partly con-
founded with those for wind strength. This is because wind and sea states are confounded,
although not completely. Sea states can remain rough long after winds decrease, and a
change in wind direction can cause rough seas to calm. There is likely more measurement
error in sea states than wind scales. Wind strength is measured with an anemometer,
whereas sea states are determined visually which is more difficult at night.

The results of the sea state investigations are similar in nature to those in the previous
section, but less consistent. Both wind strength and sea state are really just two measure-
ments of the same “force” that affects trawl performance. It may be that wind strength
affects trawl catches only through its influence on sea state, but because of the problems
in measuring sea state we feel that wind strength is the better covariate to quantify the

relationship with. For this reason sea state is not considered in our model.

4.6. Large catches

The purpose of this section is to investigate local subsets of the surveys that contain tows
with large catches of cod. By local we mean the ten tows that precede and follow, in time,
a tow with a large catch. A relatively small number of tows with large catches have great
influence in our analyses. Such tows also have great influence in traditional stock assess-
ments because of their influence on survey summary statistics which are an important
component of the information basis used in assessments. Hence, we wish to understand
in detail what factors influence the distribution of high density stock components. This
information could be very useful in stock trend estimation if it assists in determining the
spatial extent of these high density components.

To investigate large catches we construct multidimensional graphics for the five tows
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with the largest numbers of cod caught throughout 1984-1994. We plot catches in terms of
the spatial, depth, temperature, and temporal distances between tows with large catches
and other local tows. The results are presented in Figure 4.8.

No consistent patterns are apparent in this figure. Four of the large tows occurred in
areas with locally large temperature and depth gradients (refer to rows 5-6), but large
tows in 1993 occurred in areas with locally small gradients (refer to column 4). The
large tows occurred in water with temperatures that were locally warm or cold. The
bottom temperatures during the large tows did not deviate systematically from average
conditions within years (unreported results). The results in the first column demonstrate
how much catches can change over short spatial and temporal distances within locally
similar (depth and temperature) conditions. The results suggest that the factor(s) that
cause large catches of cod are not highly correlated, at least locally, with the covariates

we have considered.

4.7. Summary

The results in this chapter suggest that in 3NO research surveys during 1984-1994, cod
catches are spatially correlated, and the correlation decreases with distance. Cod have
been caught at a wide range of depths, and the distribution of catches has shifted over
time with somewhat greater catches recently at deeper depths. Cod are nct caught often
in water with temperatures less than 0° C. The distribution of catches has also shifted over
time with greater catches recently in relatively warm water; however, this is confounded
with depth. In recent years relatively greater catches of cod have occurred during tows
when wind strengths are relatively high for that year, although this trend may also be an
artifact caused by the association of catches with some other covariate that is confounded
with wind strength. We will investigate this further in Chapter 5, where we use high

dimensional analytic variable selection methods to assist in deciding the relevant subset
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of covariates to include in our model. The analyses in this chapter have also shown that
catches are heavy-tailed, and large catches of cod occur apparently at random.

Throughout this chapter we have discussed the implications of covariate associations
on stock size inferences. Dealing with these associations range from easy to practically
impossible with the information that is available to us. The association of trawl catches
with depth is easy to deal with. For accurate estimation of total trawlable abundance
when catches vary with depth we must ensure that the estimation weight of catches reflects
the proportion of the 3NO region with depths similar to the depths at the sampled tow
sites. This reduces spurious signals in our estimates that are related to changes in the
survey design and not changes in abundance. In our model we will use depth to predict
local stock density at a large number of random tow stations (see Chapter 6) based on
catches observed at the sampled tow stations. The prediction at one of these tow stations,
say %, will be a weighted average of sampled catches, where the weights depend, in part,
on differences between the water depth at tow station ¢ and the depths at the sampled
tow stations. The weights will be larger for tow stations with similar depths to station 1.
Because we use the sampled catches to predict local abundance at a large random sample
of tow sites this weighting ensures that estimation weight of catches reflects the area of
3NO with depths similar to the depths at the sampled tow sites.

Temperature and wind associations are more difficult to deal with because we do
not know the values of these covariates at non-sampled tow stations; however, we can
attempt to predict these values, then follow the same procedure when dealing with depth
associations with trawl catches.

We conclude that without more scientific information about the movement of cod in
3NO during April and May then we can do little to adjust for within-survey temporal
autocorrelation. We have no reason to expect anything but random fish movements, which

suggests we may under-count some schools of fish about as frequently as we over-count
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others. This leads to greater variability in estimates of stock abundance, but not bias.
In the next chapter we will further quantify the magnitude of the temporal dependencies
in trawl catches, which at least gives an indication of the potential for under- and over-
counting.

The results in this chapter suggest that the associations between trawl catches and
the covariates we examined do not have a simple parametric form. The results suggest a
nonparametric approach to regression modelling is appropriate. This will be the approach
taken in Chapters 5 and 6 in both the variable selection context and for stock size
inferences. Our results suggest that apparently random large catches occasionally occur.
It seems reasonable that the small, high-density aggregations of cod that give rise to these
large catches exist even in years without large catches. This is because the probability of
detecting these aggregations is small using stratified random sampling. We use a simple
mixture model for this type of catch. The mixture model will divide catches into two
types. The majority of catches will be of a type I. These are consistent with surrounding
catches. By consistent we mean similar to other catches taken at approximately the
same values of relevant covariates. Type II catches are not consistent with surrounding
catches. For example, the large catch in 1986 in 30 seems to be of type II; however, the
large catches in 1987 at the 3L Division boundary are not considered to be type II because
they are consistent with surrounding catches. These are type I catches.

The mixture model will be specified exactly in Chapter 5, where nonparametric an-
alytical methods will be used to measure the predictive capability of spatial location, tow
depth, time between tows, temperature, and wind strength. These methods will accom-
modate confounding among these covariates. We will use these methods to determine
which covariates to include in the mixture model. Robust methods are also used to de-
termine which tows are type II catches. The potential advantage of this model is more

precise inferences about trawlable stock abundance, and a reduction in the year to year
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variability of abundance estimates, as will be shown in Chapter 6.

4.8. Appendix: Literature review of the effects of depth and hy-

drographic conditions on bottom trawl catches

This review covers stocks for which the processes causing covariate dependencies may be
similar to those occurring in the 3NO cod stock. It is not exhaustive, but is presented
merely to illustrate the types of dependencies that may exist, and methods that have been
used to detect such dependencies.

For some time fisheries researchers have recognized that anomalous environmental
conditions affect the availability of stocks to survey trawls, and in a relative sense introduce
bias. Temperature is generally recognized as an influential environmental variable on
availability (see Byrne et. al., 1981). Temperature is an important influence in the
dynamics of fish stocks in the Barents Sea (see Loeng, 1989). For example, the feeding
distributions of cod in the North Sea are more easterly and northerly in warm years than
in cold years. Rose et. al. (1994) suggest that cod in NAFO Divisions 2J-3L (2J3KL)
exhibit more northerly distributions in years with relatively warm water temperatures,
and more southerly distributions in cooler years. Atkinson et. al. (1997) confirm this
distributional shift and also demonstrate an areal contraction of the stock range during
this period. Kulka ef. al. (1995) suggest that by 1989 cod in 2J3KL had shifted south,
and to greater ocean depths, in distribution. Both Atkinson et. al. (1997) and Kulka
et. al. (1995) note that the apparent southerly distributional shifts were coincident with
anomalously cold ocean temperatures and heavy ice conditions. In opposition, Hutchings
and Myers (1994a) found little association between annual average relative abundance in
2J3KL during the fall research surveys and anomalies in annual depth averaged water
temperatures at a hydrographic station near St. John’s, which they used as a proxy for
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anomalies in average water temperatures in 2J3KL.

Stock migrations can be disrupted due to cold water temperatures. Hutchings and My-
ers (1994b) found that spring migrations of 3Ps cod were significantly related with average
(January-June at 50 meters depth) spring water temperatures. They measured migration
using the estimated ratio of biomass on the continental shelf and slope. However, to
the north in 3L they found that, while migrations varied 10-fold, a relationship with
water temperature was not apparent. Wroblewski ef. al. (1995) found that along-shelf
movements of large schools of cod was depth dependent but did not seem to be affected
by temperature fluctuations in that the temperatures found throughout the study area
appeared suitable for the presence of cod.

Disruptions of migration patterns because of large temperature gradients suggests that
cod possess temperature preferences. Sinclair (1992) analyzed summer research survey
results for cod in NAFO subdivisions 4Vs and 4W (see Figure 1.2). His results suggest
that older fish are found at deeper depths and colder temperatures than younger fish.
He concluded that cod “are not found ubiquitously with respect to temperature, but
that they occur at the lower end of the observed temperature range”. Sinclair (1992)
also suggested that cod are more selective for temperature than for depth. In contrast,
Heessen and Daan (1994) observed .tha.t the highest densities of young cod in the North
Sea are found at the lower end of the temperature range, whereas older cod had their
highest densities at the upper end of the temperature range. However, Heessen and Daan
(1994) note that these associations may be caused by some other process than active
temperature selection. Georges Bank cod off the Northeast coast of the United States
are widely distributed during the spring when water temperatures are between 4-6° C
(Serchuk et. al., 1994); however, in the fall when bottom water temperatures are greater
than 10° C the highest densities of cod are found in the cooler, deeper waters. On a
broader scale Serchuk ef. al. (1994) found that for each degree increase in temperature
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the average catch temperature of cod increased only 0.58° C, and these authors concluded
that cod must change their spatial distribution to accomplish this.

Swain and Kramer (1995) analyzed annual temperature selection by age for cod in
NAFO Division 4T. They compared the temperatures available to those in which cod
were caught in September research surveys. They found that cod exhibited tempera-
ture preferences which varied from year to year; however, younger fish generally selected
warmer water than older fish. Depth selection was evident as well. Cod in 4T tended to
select colder water at higher levels of abundance. Swain and Kramer (1995) argue that
such temperature selection is evidence for the hypothesis that cod distribution will switch
from warm habitats at low levels of abundance to cold habitats at high levels of abun-
dance because fish select habitats that maximize growth rate. As population abundance
increases and food supplies decrease colder habitats become preferable because, without
food, body mass decreases more slowly in colder conditions.

Water mass characteristics have also received attention in terms of their relationship
with stock abundance. Smith et. al. (1991) examined fall and spring research survey
catches for the Scotian shelf. Proportions of characteristic water masses near the ocean
bottom were identified based on ranges of temperature and salinity data. Catches of
four year-old cod occurred proporti-onately more in the cold intermediate layer (CIL). In
addition, the largest catches from each survey were always associated with this water mass.
Smith et. al. (1991) noted that tow depth had previously been shown to be important in
predicting the catch of four year-old cod. They performed a regression analysis assuming
extra-Poisson variation in numbers per tow, and used a log-link model involving depth,
nested within water masses, with an intercept for each water mass and strata. They found
that the estimated slopes for depth terms were significant only when nested within the
CIL water mass. Generally they found that catches increased at first with depth, but
then decreased for depths greater then 100 meters. Smith et. al. (1991) also observed
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a relationship between estimates of age four cod abundance and the CIL proportion of
bottom water. They found that “[d]iscrepancies between March estimates of abundance
and those from the cohort analysis are consistent with changes in availability of cod to
the trawl gear due to changes in the amount of intermediate layer water on the bottom”.
The implication is that changes in survey estimates of abundance may be confounded
with changes in water mass characteristics. The patterns were found to hold for all ages
of cod caught in the survey.

Recently Smith and Page (1996) presented an analysis of 4Vs and 4W eastern Scotian
shelf summer research survey catches in which the variance component related to hydro-
graphic variables was removed, thereby removing “year effects” and “cleaning” the stock
abundance signal. Using a variety of statistical analyses they found significant correla-
tions in estimated annual abundance and the proportion of CIL for depths of 0-150 meters.
Smith and Page (1996) found a clearer cohort signal after correcting for the CIL effects
in the research survey time series. The authors hypothesize that when the proportion
of bottom water of the CIL type is large then cod move closer to, and are more wide-
spread along, the bottom. Consequently, cod are more available to the bottom trawl. The
authors also recognize that an increase in catchability at lower water temperatures or a
mechanism along the lines of Swain and Kramer (1995) could also explain the association
between cod and the CIL. The authors end their paper with the cautionary note:

“fluctuations in estimated stock abundance generated by stock assessment
procedures that do not consider [hydrographic] influences could potentially be

misinterpreted as fluctuations in real stock abundance”.

The previous studies have involved relationships between hydrographic covariates and
cod abundance and its availability to bottom trawl survey gear. Several of these papers
mention that variations in availability are potentially confounded with variations in catch-

ability. A relatively extensive amount of fisheries literature has been published on trawl
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catchability. Remarkably, there are few ground-truth experiments, due no doubt to the
difficulties in conducting such experiments. The catchability literature is not reviewed
here in detail; instead, we summarize the discussions in Engas (1994), Godg (1994), and
Walsh (1996). The main points in these papers is that bottom trawl catchability is de-

pendent on:
1. fish size, age, and density, through schooling behaviors and the lack of avoidance
reactions at high densities;
2. mesh size;
3. tow depth, through variations in trawl geometry, particularly wingspread;
4. bottom water temperature, through variations in the swimming speeds of fish;
5. bottom type, through herding due to sand clouds, etc.;
6. light conditions, through variations in fish behavior;
7. vessel type, and noise, through variations in fish behavior;
8. tow speed and direction; |

9. current relative to the ship trajectory.
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Figure 4.1a: Spring 3NO bottom trawl research survey catches of cod. Plotting
symbols mark tow locations. A o denotes no catch. The x size is proportional to the
catch. The — — — line marks the 300 meter depth contour. N, Ave, and SE denote the
number of tows, the sample mean catch, and the standard error.
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Figure 4.1b. Same as Figure 4.1a.
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Figure 4.2a: Spring 3NO bottom trawl research survey time series of catches. The
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LATITUDE

LONGITUDE

Figure 4.3a: Spring 3NO bottom trawl research survey trajectory. The >’s mark tow
locations. The month/day is plotted near the first tow of a day. The — — — line marks
the 300 meter depth contour. S and E mark the beginning and ending survey locations.
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Figure 4.7a: Distributions of catches versus wind force for the spring 3NO bottom

116

trawl research survey. The mean is plotted as an *, and the median is plotted as a heavy
solid line. Box endpoints correspond to 25th and 75th percentiles. Dotted lines connect
upper and lower “extremes” that do not include “outlying” observations (see Splus
documentation). The average wind force and its standard error are printed at the top of
each panel.
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Figure 4.8: Synoptic analysis of the five tows with the largest catch of cod during
1984-1994. Ten tows taken before and after the large tow are included. The x’s are
proportional to catch. Spatial (SP), depth (DP), temperature (TP) and temporal (TM)
distances are relative to the large tow. DP/SP indicates that depth is the horizontal
axis, and Spatial location is the vertical axis, etc.



5. MODEL SPECIFICATION

5.1. Introduction

In this chapter we present all the analyses necessary to specify a defensible stochastic
model for 3NO research survey catches of cod. Inference from this model is the subject of
Chapter 6. The analyses in Chapter 4 suggest associations between trawl catches and
spatial location, time of tow, and possibly other covariates. Consequently, a statistical
model that utilizes these associations may improve the precision of our inferences about
stock size. The graphical analyses also revealed that the covariate associations do not
appear to have simple parametric forms, and that interactions between covariates may
be important. To accommodate this, the model we use is nonparametric, and involves
smoothing catches over neighborhoods defined by the covariates. This procedure can
provide consistent estimation of loc;al trawlable abundance for a wide range of covariate
relationships. However, occasional large catches occur that are inconsistent with nearby
catches, and cannot be described by the same model we use for the majority of the data.
These large catches do not reflect fish abundance at nearby locations. They appear to
occur randomly, and should not be used to predict stock density in regions with similar
covariate values. This is not to say that we should ignore the large catches. In fact, they
provide very important information about stock size, for that component of the stock
that forms dense, apparently random aggregations. We referred to these large catches

in Chapter 4 as type II catches, while the others were referred to as type I catches. A
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simple mixture model with two components for the two types of catches was proposed in
Chapter 4, and this model will be specified in more detail in this chapter.

We model type I and II catches as overdispersed Poisson random variables. The Pois-
scn density parameter for type I catches is modelled as a smooth function of covariates
using nonparametric regression techniques. In Chapter 4 we were not able to specifi-
cally determine which covariates to use in the model, although we did eliminate several
variables from future consideration. In this chapter we use nonparametric variable selec-
tion procedures to determine exactly which covariates to use in our smooth mean function
model (SMFM) for type I catches. We estimate the incidence of type II catches separately
over several large geographic regions; however, we assume that their density is constant
from year to year. The difference in annual trends in median and average survey catches
shown in Figure 5.4b in Chapter 4 provides some evidence for this. Median catches have
declined consistently at depths less than 150 meters (most of 3NO), while average catches
have not. This suggests that in most areas sampled abundance has declined, but not in
the small area that produces large catches. The small number of tows that have been
observed from very high density cod aggregations do not suggest a change in density of
these aggregations, so we assume this density is constant annually. A problem with the
mixture model approach is that We.do not know which catches are type I or II a priori.
As a solution we use robust nonparametric regression methods to assist in detecting large
catches that are inconsistent with nearby catches. These are then designated as type II
catches.

The mixture-model has similar characteristics to theoretical population models for
density-dependent habitat selection, in which population size and local density are im-
portant factors in determining the population distribution among patchy habitats (Mac-
Call, 1990). Differential utilization of marginal habitats with changes in total population
abundance has been observed in many species, including fish. Hutchings (1996) has sug-
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gested that cod in NAFO Divisions 2J, 3K, and 3L (adjacent to 3NO; see Figure 1.3)
exhibit density-dependent habitat selection. He proposed that cod in this region occur in
three types of aggregations: low, medium, and high density. High-density aggregations
maintain their size as population abundance declines because fish from lower density ag-
gregations move in to more favorable high-density habitats as space becomes available.
Thus, a decline in total population abundance is first associated with a decline in local
low- and medium-densities, but not high-densities. High-density aggregations decline only
after there are insufficient numbers of fish remaining in the population to replenish these
aggregations. Hutchings (1996) refers to this process as “the nested aggregation model”,
which provides the motivation for the mixture-model we use for 3NO cod. Hutchings
(1996) also suggests that a similar process may have occurred for cod in the Southern
Gulf of St. Lawrence (4TVn).

In this chapter we present all the analyses necessary to build a model for inferences
about trawlable stock size, but these inferences are the subject of Chapter 6. In this
chapter a kernel smoother is described in Section 5.2 that is used to estimate the SMFM
for type I catches. This involves locally weighted averages of trawl catches. The weights
are functions of the covariates, and the size of the weights is determined using “bandwidth”
parameters. Which covariates to uée for smoothing is investigated in Section 5.3. We
apply the nonparametric regression and variable selection procedures to the 3NO trawl
survey data in Section 5.4. In Section 5.5 we develop a robust nonparametric regression
procedure suitable for trawl data. First we review robust M-estimation, and develop
robust M-estimators for the mean of a Negative Binomial distribution, which we model
trawl catches with. Simulations are conducted to examine some fixed sample properties of
the robust estimators. These results are then used to develop robust smoothing procedures
for trawl catches. These procedures are used for “robustified” variable selection in Section

5.6 using the trawl survey data, and for identifying type II catches in Section 5.7.
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In Section 5.8 we finish specifying our model, having determined which covariates to
include in our SMFM for type I catches and which catches are type II’s. In Section
5.9 we compare this model with the traditional stratum-effects model used to summarize
trawl survey data. The comparison is based on overall fit and prediction performance.
The main results in this chapter are summarized in Section 5.10.

In this chapter we conclude that spatial location and tow depth are the most important
predictive covariates in a SMFM for trawl catches. Tow temperature, time between tows,
and wind speed have less predictive power beyond their association with spatial location
and tow depth, and do not seem useful for our model. We identify six type II catches
for the period 1984-1994, and four of these occurred in 30 on the southwest slope of the
Grand Bank. The nonparametric regression model we use for type I catches is superior

to a stratum-effects model, both in terms of fitting the data and in a prediction sense.

5.2. Local likelihood smoother

In this section we describe the nonparametric regression estimator that we use to estimate
the mean of type I catches. The essence of modelling trawl survey data sets such as what
we have is to estimate the expectéd trawlable density of fish at every location in the
survey region. Since there are no measurements at many locations this expectation has to
be inferred from neighboring observations. For this inference a fundamental assumption
has to be made, which is that fish abundance changes smoothly with spatial location,
depth, etc. The amount of smoothness will be determined by the data. Some catches
seem to conflict with this assumption, and we need to determine exactly which catches
these are. We also need a mechanism to account for the component of the fish stock that
these catches represent, so that we can estimate the size of this component and add this
to the estimated size of the other stock component - the one that varies smoothly.

There are several methods discussed in the literature for using neighboring information.
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Parametric models involving explicit functional relationships between expected trawlable
density and covariates are very common, but do not seem useful for the 3NO data set,
as was illustrated in Chapter 4. We restrict our attention to nonparametric models.
These methods proceed by assuming a simple model for trawl catches within a local
neighborhood. The most common model is a constant mean, which is what we use, but
low order polynomial models are also used. In this section we discuss the local maximum
likelihood method proposed by Tibshirani and Hastie (1987).

We begin describing this method by first assuming we have independent random vari-
ables Y, ..., Y, with density function f(y|8) = c(y)exp{fy — b(8)}. In this case E(Y) =
b (8) = 1 and Var(Y) = b'(6) = o* The log-likelihood function is given, except for a

constant, by

n

(0) = {8y: — ()}
i=1

Maximizing this likelihood gives i = b'(8) = 7. As n — oo i is weakly consistent for .

For our problem we assume that observations are independent, but the means vary;
that is, Y¥; has density f(y:|6;). We cannot consistently estimate §; without further as-
sumptions because we never have more that one observation at each trawl station. Also,
without further assumptions we cannot estimate 6; at stations that were not sampled.
Let x; be a vector of covariates observed at trawl station 7. A common assumption that
is reasonable in our case is that the 6; vary smoothly as a function of x;. The statistical
problem then is to estimate this function, or, equivalently, to estimate p(x). We cannot
directly proceed to estimate p(x) via maximum likelihood without specifying this function
more exactly, which we do not want to do in our analysis. Local averaging is a commonly

used alternative to estimate p(x).
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Define an e neighborhood of observations around some given x as
Ax = {i:[Ix: —x]| < €}

Assume that p(x;) = p(x) for all ¢ € Ay, which is approximately true when ¢ is small. In
this case the log-likelihood for p(x) = py is

W) = > {pt — b(is)}

i€Ax
and the maximum likelihood estimate (mle) for p, is

ZieAx Yi
|Ax]
where |A| is the cardinality of the set A. Only y;’s with x; values within the distance &
of x have a full contribution to the likelihood and the estimate of u,. Other y;’s have no
contribution to the likelihood. Another approach is to use a weight function designed so
that the contribution of y; changes gradually according to the distance between x; and x.
In local likelihood estimation this is achieved using a weighted local likelihood

10 = 3 {522 s = b0}

=1

The weight function measures the distance between the vectors x and x;. The size of the
neighborhood is determined by the vector of bandwidths, b. The division (x; — x)/b is

elementwise. The maximum local likelihood estimate (lle) is

. ZillW{‘-"’-'fﬁ}yf
b s S Wi —x)/b}
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The Gaussian weight function, W(x) « exp(—x'x/2), is used here, although other
functions are commonly used. The Gaussian weight function defines elliptical neighbor-
hoods in terms of spatial location, tow depth, and other covariates. Different bandwidths
are used for each covariate because the smoothness of y, will not be the same over all
covariate dimensions; for example, a 100 meter change in tow depth will potentially have
a much greater effect on local cod abundance than a 100 meter change in the spatial lo-
cation of a tow. As b — 0 the neighborhood includes just x;. As b — co all observations
are included in the neighborhood. We constrain the weights to sum to one for each 3. For

the sampled x’s we denoted the weights as

W {(x: —x;)/b}
2= W{(xi —x;)/b}

Wij = (521)
The choice of bandwidths is critical in smoothing. A bias-variance trade-off exists in

determining the size of the bandwidths. When £ =021 it is easy to show that

asb | 0 bias(it;) — 0 and Var(i,) — o2, and
2
asb T o0 bias(i) — —(u; — i) and Var() — —.

The choice of bandwidths is often based on minimizing the average (weighted) squared

error

ASE(b) = Z Ezﬂi}ar(lz’)

or MSE(b) = E{ASE(b)}, and is a compromise between reducing bias and variance.
Of course we do not know ASE or M SE; however, we can estimate these quantities, and
choose bandwidths that minimize these estimates. These ideas are closely linked with

aspects of variable selection, which are discussed in the next section.
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5.3. Variable selection

In this section we consider analytic methods for variable selection. We will use these
methods to determine exactly which covariates to inciude in our SMFM for type I catches.
Estimates of total trawlable stock abundance are based on estimates of local trawlable
density, so it is important that local density be estimated as precisely as possible. Recall
that part of our model for local density involves a smooth function of covariates. The other
part involves a random contribution from type II stock components. In our application,
and in many other applications, the initial proposed model contains more covariates than
necessary, some of which have little relationship with the variable of interest. If all of
the covariates are included in the model then the estimated smooth function may tend
to overfit the data and have reduced predictive capabilities; hence, it is important to
exclude unnecessary covariates from the model and restrict our attention only to important
covariates. We will use our model to predict fish abundance at many tow stations, so this
is important for us.

For some covariates it is easy to decide whether to include them or not. In the last
chapter we concluded that light conditions and sea states during tows could be excluded
from our model. Other covariates weére harder to judge, largely due to confounding among
the covariates; that is, on their own some covariates appear important, but this may only
be through their association with other covariates. Several procedures are available for this
type of problem when dealing with parametric models, but in our case we have to propose
new procedures because of the nonparametric modelling approach we have taken. In
this section we propose a nonparametric variable selection procedure to determine which
covariates to include in our model. The algorithm is nonparametric in that the mean is
assumed to be only 2 smooth function of covariates. A brief review of parametric variable
selection theory is first presented, primarily for the normal linear regression model. This

review provides some of the motivation for the nonparametric algorithm we propose.
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5.3.1. Brief review of parametric variable selection

Most of the statistical literature on variable selection involves parametric linear models

with additive errors:
Y=x8+e.

In this model g, = x B3, x is a vector of known regression covariates, 3 is a vector of
regression parameters, and ¢ is the error term with Var(e) = o? constant. Thompson
(1978) reviewed this situation. A common approach is to select covariates that minimize

a measure of mean square prediction error:

MSPE = ;1;; E{Y" - i(x0)}? (5.3.1)
= P+ =3 B{ibe) — u, (53.2)

where Y* is a new observation at x. The idea in minimizing this quantity is to select
the covariates that make i1(x;) as close as possible to p;, on average. If we used MSE =
S E{Y; — a(x:)}? /n for variable selection then we would select all the covariates because
adding a covariate to a regression analysis always results in a lower M SE. We are not
interested in covariates that result in only small decreases in M SE; therefore, selection
criteria are required that penalize models with too many covariates. Many criteria have

been proposed. Three common criteria, and the ones we consider later, are:

1. Cross validation (CV'). This criterion is based on deleting an observation and using

the remaining observations to predict the deleted one. The criterion is

CV = Z;;l (yf - g—‘i)z
on
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where 7_; is the predicted value of ¥; based on a regression without 3;. The o2 is
included so that CV is comparable with the other criteria, although its value is not

required to minimize CV.
2. Generalized cross validation (GCV),

_ SSE,
= on(l — p/n)?’

GCV

where SSE, = >~ (y: — §:)? is the error sum of squares based on a model with p
covariates; that is, x is p x 1. The o2 term is included for comparison purposes, its

value is not required to minimize GCV'.

3. G,
SSE 2
Cp = 5:2” + _2,
TlO'f n

where 6’? is an estimate of o2 based on the full model, with all covariates.

These criteria are all asymptotically equivalent, with expectations also asymptotically
equivalent to MSEP. It is easy to show this for the CV criterion. Its expectation can
be expressed as

E(CV)=1+

> B {Y—i - P'i}2
no? )

If V_; = ¥; then E(CV) is asymptotically equivalent to MSEP in (5.5.1). To show this

we use

" _hii(K—f,i)
B—Yo= 1—hyg
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where h;; are the diagonal elements of the hat matrix H = X(X'X)'IX'. If the correct
covariates are selected then Y; — Y_; has mean zero, and variance

h22

Var(¥; - ¥5) = = e

If the covariates are such that h;; — 0 asn — oo then V_; =~ 17{, and E(CV) = MSEP/a2.
The asymptotic equivalence of CV and GCV can be shown using

CV = Z (yt #—1)2 Z (yt 'L-t)f

na?(l —

If we can approximate h; = trace(H)/n = p/n then CV = GCV. If &fe is consistent
for o2 then the equivalence of GCV and GC, can be shown using the approximation

1/(1 — )% ~ 1 + 2z, when z is small.

5.3.2. Nonparametric variable selection

In this section we extend the methods discussed in the previous section to nonparametric
models with more arbitrary error structures, which includes the SMFM we use for type I
catches. While nonparametric regréssion has recently become a popular technique, espe-
cially in exploratory analyses, the issue of variable selection has received little attention.
As far as we know there is only one statistical publication concerning fully nonparametric
variable selection for continuous covariates. Zhang (1991) considered variable selection
using a simple kernel smoother. He assumed that covariates were pre-ranked in terms
of importance, and dealt with the problem of determining the number of covariates to
include in a model. Zhang (1991) used the same bandwidth & for all covariates. His algo-
rithm is to select b that minimizes some measure of prediction error PE(b, p) for a fixed
D, such as CV (b, p), then select p that minimizes PE{b(p), p}. Using the same bandwidth

for all covariates does not seem like a good idea in our situation, so we do not pursue
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Zhang’s (1991) approach. Instead we simply modify the procedures discussed in Section
5.3.1 to the nonparametric case.

The basic framework explored here is to select covariates that are useful for predic-
tion purposes. The selected covariates are those that minimize some measure of PE over
all possible subsets of covariates. All of the PE measures in Section 5.3.1 can easily
be adapted for a GLIM by substituting deviance (see McCullagh and Nelder, 1989) for
SSE,. The deviance is commonly used to measure goodness of fit in exponential family
regression models, and is an important quantity in variable selection. Our variable se-
lection procedure is essentially the same as in the previous section, and that is to select
the subset of covariates that minimizes deviance, but with a penalty for the number of
covariates in the model. First we show how to compute the deviance, and its expectation.
Following this we present the generalized variable selection criteria.

The deviance is:
D(t,y) =2{l(Bpa, ¥) Uit )} = > D(ss, %s),

where y' = [y1, ..., Yn), & = [141,.-- 4t,] and g maximizes I(g,y) over all u. For our
model ze .. = ; For the normal linear regression model the deviance is SSE/c?. The
expectation of D(fz, Y) plays an important role in interpreting D(&,y) in this dissertation,
and is commonly referred to as the error degrees of freedom (see Hastie and Tibshirani,
1990). For example, in the normal linear regression model E{D(&,Y)} = n — p, where
p is usually the number of covariates in the regression. This is the common definition of
error degrees of freedom for this model. In general let € = Y — 2 denote the vector of

residuals, and let ¥ = Diag(c?, ...,02). The deviance can be written as

D(i,Y) =&'5'e+o0, (JI2]]),



CHAPTER 5. MODEL SPECIFICATION 131
where & = (I — W)Y Using this approximation we can show that
E{D(,Y)}~n—tr@W - W EZIWE) + ' (I - W) (I - W),

where W = {w;;} is the matrix of smoothing weights defined by (5.2.1). Ignoring the

bias term,
dfe™ = n — tr(2W — W ZIWE).
The generalized variable selection PFE criteria we use are:

CV = Z D(:&'—i: yi)/”': (5‘33)

_ 2D y)/n
e ey (5.3.4)

GCp =Y _ D(jt;, ys)/n + 2tr(W)/n. (5.3.5)

The deviance may involve overdispersion parameters, as in our case. We will estimate
these separately, and use the same estimates in all our variable selection procedures. This
is similar to the suggestion by Fitzmaurice (1997). These criteria are analogous to those
for the normal linear regression model. For example, the correction term in GC, can be

obtained from a comparison of df*" and the generalized mean square prediction error
(MSPE):

E {Z D(i,, Y;"‘)/n} =14+tr(WZ'WE)/n+0On™1).
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Here Y* denotes a new observation with covariates x;. Adding 2¢tr(W)/n makes
E(GC,) = E{D(i,y™")/n} ~ MSPE.

This is the same rationale for the correction term in C, presented in Section 5.3.1.

We also use these criteria for selecting bandwidths; that is, choose bandwidths that
minimize one of these criteria. This is common practice (for example, see Hastie and
Tibshirani, 1990). In fact, Li (1987) has shown for the additive homoscedastic errors case
that these criteria are asymptotically optimal in the sense that

ASE(bg,)
infoes ASE(D)

— 1, in probability,

where by, is the vector of bandwidths that minimize CV. The same optimality property
extends to GC, and GCV because of their asymptotic equivalence with CV.

Nonparametric variable selection algorithm

In this section we outline the nonparametric variable selection algorithm we use with
the trawl survey data. A complication arises because we use the same criterion to select
bandwidths and variables. Because bandwidths are selected to minimize a PE measure,
the model with all covariates always has the lowest value of the PE measure. Hence, the

algorithm is to
select the covariates that minimize, or nearly minimize, a PE measure.

The algorithm includes the option “nearly minimize” so that covariates that result in
relatively small decreases in the criteria are not selected. By nearly minimize we mean
covariate subsets with a PE < min PFE x §, where § > 1. The min PF is for all covariates.

This is because the same PF criterion is used to select bandwidths; that is, bandwidths
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are also selected so that they minimize the PFE criterion. It is impossible to get a lower PE
criterion for a subset of covariates, because this solution would be found when minimizing
the PFE criterion for all covariates. This is different than in parametric variable selection,
where the PFE criterion is usually not a minimum for the model with all covariates. The
difference is because in a parametric model adding a covariate increases the“effective”
degrees of freedom by one, whereas in nonparametric regression the “effective” degrees
of freedom can either increase or decrease when a covariate is added, depending on what
bandwidths are used.

In linear regression, an F-test for added covariates takes the same form as our variable
selection procedure. In this case one concludes a p, dimensional subset of covariates is

important if the SSFE is less than the min SSE x §, where

1_7_‘_, pF Po,n—p»

§=1+
n

and Fy, n_p is an F value for some appropriate a. Note that min SSF is obtained using
all the p covariates. If n = 150, p = 5, and p, = 2 then § = 1.013 and 1.025, for o = 0.5
and 0.05. These values for n, p, and p, are similar to those we shall consider, although
we are not suggesting that the above form of § is appropriate for our algorithm. Even
in linear regression it is difficult to determine what value for « is appropriate, or even if
the F distribution is appropriate; hence, the value for § is somewhat arbitrary and also
depends on a subjective choice for . We used § = 1.05 in our analyses. This is also an
arbitrary choice, but one that seems to give reasonable results.
The algorithm is simple to implement (on a fast computer). The algorithm is:

1. find bandwidths that minimize PE for all of the 2? variable subsets, where p is the

total number of covariates,
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2. find the smallest subset of covariates such that the minimum PFE for that subset is

less than the minimum PFE x § for all variables.

The rationale for the second step is that important covariates, when removed, should
lead to a large increase in PFE, whereas unimportant covariates should lead to only small
increases in PE when removed.

We also analyze per observation deviances, or the squared deviance residuals (see
McCullagh and Nelder, 1989), for selected model fits to assist with variable and band-
width selection. Typically (but not always) a smoother with all covariates and min PE
bandwidths explains more deviance than a smoother with some subset of covariates, and
the corresponding min PE bandwidths. If the decrease in total deviance is greater than
expected, using df*™, then we conclude that some of the deleted covariates are impor-
tant. Conversely, if the decrease in deviance is less than the change in error degrees of
freedom then we conclude that the deleted covariate subset is not important. This is
somewhat analogous to the F-test for added covariates in the normal linear regression
model, except that in the nonparametric case the “SSE” does not always have to increase
when covariates are deleted. This depends on what bandwidths are used. Another use of
examining the per observation change in deviances is to assess whether a covariate subset
“explains” variation for much of the data, or only a small number of observations. If the
latter is the case then robustness is a concern. We return to this point in Section 5.4.4.
Finally, our variable selection results are sensitive to the choice of PE measure, and the
per observation change in deviances are useful for deciding which measure is more useful

for our data.
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5.4. Analysis of the 3NO trawl survey data, I

In this section we apply the nonparametric regression and variable selection procedures to
the 3NO trawl survey data. We use the Negative Binomial (NB) distribution to stochas-
tically model trawl catches. The NB distribution is a flexible one that is appropriate for
overdispersed count data. This distribution has been suggested for modelling trawl catches
(see Gunderson, 1993; pl7). Other distributions have also been suggested (e.g. delta-
lognormal); however, the NB is simple and, we find, appropriate for our data. The mean
of the NB distribution is modelled as a smooth function of spatial location (SP) and tow
depth (DP), and possibly tow temperature (T'P), tow time (T'M), and wind speed (W D)
during tows. That is, if m is the NB mean, then m = m(SP, DP,TP,TM,W D) = m(x).
The NB variance is m(1 + m/k), where k is a Poisson overdispersion parameter. The

discrete probability density function for this distribution is

o _ DPk+y) m \Y k k
Pr(¥ =yim.k) = T(k)T(y+1) (m + k) (m_-{-k) ' (5-41)

The distributional assumption plays an important role in bandwidth selection. Ignoring
overdispersion can lead to small bandwidths and under-smoothing. We consider the es-
timation of k carefully, but first we must standardize the covariates. This involves two

steps.

5.4.1. Standardizing covariates

In this section we address the problem of confounding amongst some covariates. Some
of the covariates we consider are highly correlated; for example, time between tows and
location of tows. This causes problems in bandwidth and variable selection. For example,
if local abundance is only spatially correlated, then a temporal smoother can account for

much of the variation in trawl catches because tows that are close together in space are
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always close together in time. We considered this in some detail in Chapter 4. Confound-
ing results in erratic and unreliable variable selection using the algorithm we outlined in
the previous section. Our solution to this problem involves locally orthogonalizing co-
variates (see below), but first we detail some preliminary covariate standardizations we
use.

Recall from Section 5.2 that the nonparametric regression simply involves locally

weighted averages. The estimate of m(x) is

2?:1 4 {Lx_%ﬂ} Y:
Sew{e)

m(x) =

The W{(-) weights define distances between x and the x;'s. The size of the weights are
determined by the bandwidths, b. In order to make bandwidths comparable between
variables we standardize covariates each year so that 3 .z; =0 and Y,z = 1. This is
the first step.

Remark 2. We see no reason why the weights should not be symmetric in latitude and
longitude, which are the two components of spatial location, so we use the same bandwidth

for both these covariates.

The second step is critical, and involves removing the confounding among some of the
covariates. In Chapter 4 we concluded spatial location and tow depth were the most
useful covariates for prediction purposes, because we know these covariates for the entire
3NO region. We only know tow temperatures and wind speeds at the sampled sites.
Tow time is not a predictive covariate, but can be used to assess the importance of fish
movements. Unfortunately tow temperature is correlated with spatial location and tow
depth, wind speed is correlated with spatial location and time between tows, and tow time
is correlated with spatial location. This confounding makes variable selection difficult; for
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example, it is usually the case that the min CV for a smoother based on spatial location
is about the same as the min CV for a smoother based on time between tows.

We assess the dependencies in trawl catches with temperature, time, and wind only
after the dependencies in these covariates with spatial location and tow depth have been
removed. For this purpose we also use kernel smoothing. The analogue to this approach
in linear regression is orthogonalizing covariates. In this situation a decision must also
be made about which covariates to transform. If z; and z; are two regression covariates
then one way to make them orthogonal (uncorrelated) is to regress z; on z; and use the
T, residuals (e,,) instead of zs in the regression with the y response; that is, regress y
on z; and ez,. We do the same thing here, except that we use nonparametric regression
instead of linear regression.

The decision to locally orthogonalize temperature, time, and wind is somewhat arbi-
trary. It is based on practicality grounds in that we want to use the model to predict
local abundance throughout 3NO, and we only know spatial location and tow depth at
non-sampled trawl stations. Note that this decision is not completely arbitrary. For ex-
ample, if tow temperature is really important in determining local abundance then we
could predict tow temperature at nonsampled tow stations using the spatial and depth
persistence of water temperatures, 'and then use the predicted temperatures to predict
local fish abundance at nonsampled tow stations from our observations of catches at
sampled tow stations. This is possible because water temperature does not change at
specific depths over fairly broad spatial scales. However, it is unlikely such a model would
produce better predictions at nonsampled tow stations, compared to a model with just
spatial location and tow depth. This is because of the nonparametric nature of our mod-
elling. If E(Y;) = mi(SP,TP) and TP = my(SP, DP), then we can express E(Y;) as
m3(SP, DP) = m1{SP, my(SP,DP)}, in which case we can estimate ms directly using
lle’s based on SP and DP.
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We perform three nonparametric regressions to remove confounding among our co-

variates:

1. Regress tow time on spatial location.
2. Regress tow temperature on spatial location and tow depth.

3. Regress wind speed on spatial location and tow time.

The regressions are easy to implement. All we have to do is decide what bandwidths to use,
then compute the kernel regression weights w;; for all observations. If W = {w;;} then
the estimated responses are given by ¥ = WYy, where y is the n x 1 vector of observations
which, in this case, can either be tow time, temperature, or wind speed. We choose

bandwidths that minimize the CV criterion,
cv=1 > (i —-0)*
n T

We feel the errors in the Y’s are additive and homoscedastic, which leads to the use of this
form of CV. Bandwidths are chosen separately each year, and are presented in Table 5.1a.
The df*™’s associated with these bandwidths are usually about 50% of the sample size each
year. For regressions 1-3 above the average df®" /n’s across years is 0.46, 0.55, and 0.52,
which is a reasonable amount of smoothing. The correlation coefficients, or the proportion
of variance explained by the regression, are presented in Table 5.1b. The residual variation
from the three regressions is small, especially for the time and temperature regressions.
The correlation coefficients are large, which indicates the degree of confounding in the
covariates. In the trawl catch regression analyses throughout the rest of this chapter we
will use spatial location, tow depth, and the covariate regression residuals for temperature,
time, and wind speed. These residual covariates should be useful for explaining potential

variation in trawl catches that is not related to the spatial location or depth of tows.



CHAPTER 5. MODEL SPECIFICATION 139

Table 5.1a. Bandwidths that minimize
the cross validation criterion
for the covariate regression
analyses. The bandwidths
are for S P-spatial location,
D P-depth, and time TM.

Time Temperature Wind Speed

Year bsp bsp  bpp bsp  brm
8 0.012 0.017 0.005 0.016 0.005
8 0.003 0.040 0.018 8.175 0.018
8 0.015 0.013 0.005 7.939 0.005
87 0.010 0.012 0.030 0.008 0.030
88 0.011 0.011 0.045 11.208 0.045
83 0.001 0.011 0.054 0.109 0.054
90 0.010 0.019 0.037 0.021 0.037
91 0.007 0.013 0.008 3.960 0.008
92 0.007 0.014 0.019 9.866 0.019
93 0.012 0.013 0.031 7.586 0.031
94 0.012 0.027 0.007 0.006 0.007

Remark 3. For convenience we refer to these residuals simply as temperature, time, and

wind speed.

5.4.2. Variable smoothing

Preliminary investigations have revealed that the smoothness assumptions required for the
continental shelf region in 3NO (see Figure 1.4) are different than for the slope regions.
Water depths and temperatures are relatively constant on the shelf, whereas on the slopes
these variables can change rapidly over short spatial scales. This is why strata for the
slopes are relatively small. This suggests that variable bandwidths are useful for modelling
these data. A variety of procedures exist for selecting variable bandwidths; for examples,
see Miiller and Stadtmiiller (1987) and Brockmann et. al. (1993). We choose a simple



CHAPTER 5. MODEL SPECIFICATION 140

Table 5.1b. Covariate regression correlation
coefficients.

Year Time Temperature Wind Speed

84 098 0.98 0.94
8  1.00 0.91 0.88
86  0.85 0.99 0.89
87 0.98 0.97 0.94
8 099 0.97 0.90
8 1.00 0.96 0.97
90 0.98 0.92 0.88
91  1.00 0.97 0.92
92 1.00 0.97 0.89
93 0.99 0.98 0.85
94 0.99 0.96 0.97

procedure in which we split our data into two groups representing the slope and shelf
regions, and analyze the data separately. If the bandwidths are the same in both regions
then splitting the data will result in fewer error degrees of freedom (i.e. df*™ in Section
5.3.2). This is because if observations are ordered in y by region, then to achieve the
splitting the smoothing matrix W is replaced by a block diagonal matrix corresponding to
the two regions. The rows of this block diagonal matrix must still sum to one so its trace
will be greater than trace(W), resulting in fewer df*"’s. The advantage of the smoothing

stratification is potentially lower deviances.

5.4.3. Choosing the Negative Binomial k parameter

The next step in our analysis is to estimate the NB overdispersion parameter k for use in
the subset selection analyses. Similar to Fitzmaurice (1997), k is estimated only once for
the full model, and this estimate is then used in computing PE measures and deviances
in all submodels examined. We test the sensitivity of our results to the value of k we
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choose by repeating our variable selection procedures using a different value of k.

First consider the homoscedastic additive errors nonparametric regression problem,
Y = pu(x) +e,

where E(e) = 0 and Var(e) = ¢%. In this case estimating o2 is straightforward. The
common estimate is just SSE divided by the appropriate df*"’s. Our case is not so
simple. The k parameter must be estimated jointly with m(x), which means that we
must select bandwidths and estimate k& simultaneously. One option for this problem
is an iterative scheme in which bandwidths are selected based on a fixed value of k%,
then k estimated using maximum likelihood based on the (x)’s computed using these
bandwidths, and the process iterated until convergence. Alternatively we can find the
joint solution of the estimating equations associated with minimizing CV to get m(x),
and the NB log-likelihood to get k. In this approach two objective functions are used, one
for finding bandwidths (CV') and one for finding £ (log-likelihood). Our experience with
both these approaches is that they produce two solutions, one with small bandwidths,
few df*™’s, and a large value for &, and the other with large bandwidths, many dfe™’s,
and a small value for k. Neither of these solutions seems appropriate. If k is very small
then we tend to under-fit catches, while if & is very large we tend to over-fit catches. The
problem is that the likelihoods for these two types of solutions are similar.

The solution we propose for this problem is to maximize a type of predictive likelihood
for both bandwidths and k. For fixed bandwidths we estimate m(x;) without y; using
kernel smoothing, and denote this estimate as m_;(x;). This estimate is a function of the
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bandwidths b. We estimate k& as that value that, jointly with b, minimizes

n

itk ) = 3 [0 — 06+ ) - wetog { TP nog { - —E_ 1]

kT (k) e(%2)
(5.4.2)

i=1

where U(z) = log'(z). Apart from a term depending only on the y;'s, [,(k,b) is just
the negative log-likelihood based on (5.4.1). If we used 7(x;) instead of 7h_;(x;) then
minimizing [,(k, b) would yield small bandwidths which fit the data exactly for any k.
In this case & = co. If we used the predictive likelihood procedure in a linear regression
model with p covariates and additive N(0, 02) errors then the mple (maximum predictive
likelihood estimate) for o2 has expectation no?/(n — p). For this model the mple over-
estimates error variance, whereas the mle underestimates error variance. This is easy to
show using the results in Section 5.3.1. We suspect the mple of k£ has a small negative
bias, whereas the mle of k£ has a very large positive bias, as indicated above. For this
reason we chose to estimate £ using (5.4.2).

We performed a simple simulation experiment to check the mple bias for k. We
generated random NB data using a simple model and three values for k (e.g. £ =1, 2
and 3). We considered sample sizes of n = 25, 50, and 100. The model we considered is
m(z) = 5 + 3sin(z); hence, z is one-dimensional in our simulation. We generated NB

responses for this model by
1. generating n random X'’s from a Uniform (0, 20) distribution,
2. computing m(z) for the random X’s in 1, then
3. generate N B responses using the m(X)’s in 2.

For each simulation we computed the bandwidth and k£ that maximized (5.42). The

simulated biases from mple estimates of k& are presented in Table 5.2a. These biases are
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negative, which is consistent with our previous arguments. We will show in Chapter 6

that our inferences are robust for the magnitude of biases shown in Table 5.2a , so we feel

Table 5.2a. Simulated NB mple bias for k.

n
k 25 50 100
1 -0.05 -0.11 -0.11
2 -0.11 -0.28 -0.25
3 -0.41 -0.50 -0.38

that equation (5.4.2) provides reasonable estimation of k for the trawl survey data.

Annual estimates of & are presented in Table 5.2b. For variable selection we assume
that the value of k is the same in all years. The average estimated k in Table 5.2b for
the shelf region is 0.99, while for the slope region this value is 0.55. To get a combined
estimate of & we use the bandwidths in Table 5.2b to compute 7_;(x;) for all years and
regions, and use these values to estimate a single £. The estimate is k = 0.65. This is the
value we use in subsequent variable selection analyses. We will test the sensitivity of our
results to the choice of k& by repeating our analyses with k£ = 5.

Note the large variation in the size of bandwidths for DP, TP,TM, and W D in Table
5.2b. There are several reasons for this. One reason is robustness. We will show later that
small bandwidths for TP, T M, and W D may only provide better fits to a small number
of catches. Another reason involves the variability in a covariate. If a covariate does
not vary much then whether its bandwidth is large or small does not matter, because
the neighborhood for this covariate includes nearly all observations no matter what the
bandwidth is. This is why the DP bandwidths change widely for the shelf region from
year to year. Finally, and perhaps most importantly, is that finding good bandwidths
is difficult even with good data (see bandwidth simulations in Hastie and Tibshirani,
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Table 5.2b. Estimates of the NB scale parameter
k and bandwidths b that maximize a
predictive likelihood function.

Year

bsp

3NO shelf region

bpp

brp

bras

bwp

84
85
86
37
88
89
90
91
92
93
94

0.105
0.028
0.020
0.019
0.032
0.031
0.021
0.025
0.029
0.039
0.042

75.36
0.027
0.043
25.71
0.139
0.029
0.132
0.096
68.82
73.45
43.30

0.037
0.088
0.086
0.064
0.063
48.23
0.122
54.59
60.29
69.15
47.37

0.067
49.07
0.124
15.03
0.033
0.155
0.022
81.87
71.54
0.057
0.163

81.30
0.109
67.46
0.114
101.3
0.067
0.222
76.86
79.48
10.16
0.059

0.67
0.78
0.61
0.64
1.16
0.80
1.80
1.27
1.34
1.05
0.74

bsp

3NO slope region

bpp

brp

brm

bwbp

-~

k

84
85
86
87
88
89
90
91
92
93
94

0.111
0.023
0.033
0.027
0.044
0.051
0.113
0.042
0.023
0.065
0.087

0.036
0.043
0.087
0.060
0.059
0.038
0.029
0.031
0.029
0.015
0.010

0.406
99.94
0.152
0.274
34.53
91.81
67.16
0.102
0.068
0.199
68.70

52.99
0.107
0.018
0.124
81.72
0.186
133.0
89.07
75.53
0.134
84.72

0.064
0.184
0.160
103.6
0.115
89.73
59.76
0.097
0.279
62.89
78.31

0.29
0.61
0.55
0.39
0.57
0.99
1.16
0.39
0.44
0.25
0.40

Note

: SP-spatial location, D P-depth, T M-time,
T P-temperature, W D-wind speed.

144
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1990, p 50). Even the bandwidths we finally select after robust considerations (see Table
5.19) still vary considerably from year to year. A potential solution to this problem is
to constrain bandwidths to vary smoothly, but we do not pursue this here. Fortunately
our inferences about total trawlable stock size are relatively insensitive to the choice of

bandwidth (see Chapter 6).

5.4.4. Variable selection results

Having standardized some of the covariates and determined a value for & we can now
proceed with variable selection. We only consider temperature, time, and wind speed for
selection; that is, we assume that m(x) is a function of spatial location and tow depth,
and possibly some of the other covariates. This reduces the number of covariate subsets
to analyze from 25 to 23. In what follows we refer to the bandwidths that minimize a PE
criterion as PFE by;,’s; for example, the bandwidths that minimize the CV criterion are
referred to as the CV byin’s.

The bandwidths that minimize the CV, GCV, and GC, criteria are presented in
Tables 5.3a-c in the Appendix (Section 5.11). The near optimal bandwidths are based
on the smallest subset of covariates whose estimnated PE is close to the minimum PE
for all covariates; that is, PE < 1.05 x min PE. In Table 5.3a tow temperature and
wind speed have little predictive power in seven of eleven years, for both the shelf and
slope regions. The time between tows is important in only three years. Using GCV/, only
spatial location and tow depth (see Table 5.3b) seem important. In some years minimizing
GCV results in very small bandwidths and over-fitting; that is, almost no error degrees
of freedom remain. These fits do not seem trustworthy for prediction purposes. Wind
speed appears to have no predictive power using GC,, and time between tows and tow
temperature are important in only two years.

The CV results suggest that in most years spatial location and tow depth are the
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most important predictive covariates, but that in some years the other covariates have
some predictive capabilities as well. To further investigate this we examined the deviance
residuals from some of the models in Tables 5.3a and 5.3c. To assess the improvement in
fit resulting from CV b;,’s with temperature, time, and wind speed we plot, in Figures
5.1a,b, the differences in the per observation deviance for the model with all covariates
and the model with just spatial location and tow depth. The change in deviance and
df€’s are listed at the top of each panel. The change in df*’s is that deviance expected
to be explained by decreasing neighborhood sizes (bandwidths) alone. We expect that if
tow temperature, time, or wind speed are important in determining trawl catches then
the change in deviance should exceed the change in df’s. This occurs in five of eleven
years, and most notably in 1993 where the difference in deviance is almost double the
difference in df*™’s. Most of the differences are related to only a small number of tows.
This suggests that time, temperature, and wind speed may be important for only a few
observations. We return to this idea in the next section.

The differences in the per observation deviance for GC, bandwidths are very small
and are not presented. Changes in total deviance are usually small when temperature,
time, and wind speed are not inclqded in the model. These changes are approximately
the same as the change in df*™’s. The GC, results suggest that tow temperature, time,
and wind speed are not important in determining mean trawl catches. The GC}, bnyin's
for spatial location and tow depth result in more df*"’s than the CV bny,’s in every year
except 1993. The total df*™’s for all years is 1340 for the GCpbmin’s, and 739 for the
CV bmin’s. This agrees with the general consensus in the smoothing literature that CV
bandwidths tend to be too small, and consequently lead to too few df*™’s for inferences.

The above analyses were repeated with & = 5, and the results are presented in Table
5.4a-c. Overall the results suggest that the variable selection procedures (not bandwidth

selection) are robust to reasonable values of k, and our conclusion that spatial location
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and tow depth are the most important covariates remains valid when k£ = 0.65 or 5.
Usually the CV by;,’s are similar for both values of &, and the amount of smoothing is
about the same for both choices of &, i.e. the difference in df*’s for all years is only
2. The CV estimates of prediction error are sensitive to the choice of &k, and increase
more than two-fold in most years. The GCV results are also similar, and most dissimilar
in years when under-smoothing occurs. The GC, results when k£ = 0.65 or k£ = 5 also
suggest the same relative importance among covariates. The GC, bnmin’s are considerably
smaller when k& = 5 than when k£ = 0.65, and the total df*™’s for all years changes from
1340 to 433. When k = 5 the GC, criterion under-smooths relative to the CV criterion,
which is opposite to that observed when k£ = 0.65.

Another aspect of robustness is the sensitivity of our conclusions to outlying obser-
vations. Data driven bandwidth selectors are very sensitive to outlying responses (see
Boente et. al., 1997). Also, the variables we select may be greatly influenced by a small
number of observations; that is, a selected covariate may “explain” a relatively large
amount of variation produced by a small number of observations. This seems to be the
case for our CV results (see Figures 5.1a,b), but not so for GCV or GC,. This could be
either appropriate or inappropriate. It may be that most observations occur at about the
same value of an important covariat;: (say X*), and infrequently at different values of X™*.
If the mean of the responses at the infrequent values of X* are truly different from the
mean of the responses at most X* then it is appropriate that the infrequent observations
have more influence in terms of selecting X*. It could also be simply accidental that the
means of the few responses at the infrequent values of X* are different, and that X* is not
really related to the response. In this case selecting X* is not appropriate. For observa-
tional data such as ours it will be difficult to discern between these two scenarios without
additional data, or information from other studies. Our sampling design is random, so if

there are infrequent levels of X* in the sample then these levels are also likely to be infre-
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quent in the population. This means that for most of the population X* has a constant
effect, and not including this covariate in our model should have little effect on inferences
about total stock size. Hence, we do not want to select variables because they explain
variability for only a small number of observations. In the following sections we propose
robust local likelihood estimation procedures and robust variable selection procedures to
investigate whether this is a problem in our analysis. The robust procedures are also used
to assist in identifying type II catches.

5.5. Robust local likelihood estimation

In this section we develop a robust smoother for NB data. We use robust M-estimation
for this purpose. The robust M-estimator we employ essentially downweights observations
that are far from the mean of “most” of the data. The basic strategy we use is to develop
an efficient robust M-estimator for the mean of a NB distribution, and then apply this esti-
mator locally for robust smoothing. Efficiency is an important issue for robust smoothing,
because the effective sample size within smoothing neighborhoods can be small, and an
inefficient estimator can lead to erratic (nonsmooth) results. Our preliminary experience
(unreported results) with a simple ‘weighted median smoother demonstrated this. The
robust M-estimator is new, so we consider its efficiency with finite sample sizes through
simulations. We do this to demonstrate that robust estimation with NB data is feasible
for the effective sample sizes that are used in our smoothing procedures. These are often
quite small. We also consider the model robustness of the robust NB M-estimator, includ-
ing how it performs with outlier contaminated data, and how it performs with Poisson
data. We use the robust smoother for two purposes. The first is to “robustify” variable
selection, which we outline in Section 5.5.4. We wish to select variables that have pre-
dictive importance for the majority of the data, and not just a few observations. The

second purpose is to identify tows with catches that are inconsistent with a smooth mean
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function model. We call these type II catches.

It is frequently the case that a small percentage of observations appear to come from
a different process (or model) than the majority. For example, with trawl survey data
occasional large catches occur that are inconsistent with nearby catches. Such an occur-
rence is not unique to fisheries data; in fact, Hampel et. al. (1986, p28) speculated that
“1-10% gross errors in routine data seem to be more the rule than the exception”. In
our analyses this is particularly problematic because one drawback with nonparametric
regression compared to parametric regression is increased sensitivity to outliers because of
the increased reliance on the data for the basic shape of the regression surface. Neverthe-
less it is desirable that our regression inferences not be influenced too much by outlying
observations.

The specific approach we take is to use outlier-robust M-estimation to develop ro-
bust local likelihood methods for Negative Binomial (NB) nonparametric regression. M-
estimation has some precedence in terms of kernel smoothing (see Section 5.5.3), and
is desirable in that it has a non-zero breakdown point (proportion of outliers in a sample
that do not grossly affect an estimator; see Hampel et. al., 1986 for more details) and yet
still produces reasonably smooth fits. This section begins with a brief review of robust
M-estimation theory. An asymptoti.cally efficient robust M-estimator for the NB location
parameter is developed, and a small simulation experiment is presented to compare the
small sample efficiency of the robust estimator to the mle. These methods are then used
to develop robust local likelihood estimates (lle’s) of a smooth mean for NB data.

5.5.1. Basic theory of robust M-estimation

M-estimation is a general procedure that encompasses mle’s, quasi-likelihood estimates,
and many other methods. An M-estimator is merely the minimizer of an objective func-

tion, or the root of an estimating equation (Carroll and Ruppert, 1988); that is, the
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M-estimator of a p x 1 dimensional parameter 8 (denoted as 8) is the solution to

> (%, 0) =0,

f=1

where 7 is a p dimensional function, but not necessarily the gradient of an objective func-
tion. The lle’s considered in Section 5.2 are examples of M-estimates. If Y has distribu-
tion F then an almost necessary condition for 8 to be consistent is that [ (Y, t)dF(Y) =0
must have a unique solution t = 8 (see Carroll and Ruppert, 1988). This assumption usu-
ally holds if v is the score function for F. Carroll and Ruppert (1988) show heuristically

that, under standard conditions,
n'/%(8 - 6) > N[0, Vy(6)],
where

Vy(0) = B;'A¢B;Y,
By = E{«b(xen:—E{?f%%ﬂ

A = E{y(Y,0)%(Y,0)}.

} , and
t=8

Note that By and Ay are p X p matrices. A rigorous proof is given in Huber (1967), and
further details are given in Clarke (1983).

Robust M-estimation is a very flexible methodology that can be readily applied to the
estimation of location and overdispersion parameters for discrete distributions. Robust-
ness is obtained by choosing 1 so that @ is insensitive to outliers, as described below.
An optimally robust M-estimator is insensitive to outliers, and yet maximally efficient for

estimating @ among all estimators with the same robust properties. The sensitivity of @
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to outliers is typically measured using the influence function

ICy(y,6) = By'¥(y,0),

which measures the p dimensional sensitivity of 8 to small changes in y. Let ||x|lv =
Vx'V~-1x. The scalar measure of sensitivity used here is the self-standardized sensitivity
(Carroll and Ruppert, 1988):

Y:(8) = sup|[ICy(yi, O)llv,e)
Y
, 1/2
= sup {4/ (s, 0)A; O (v:. 6)} -
Yi
Optimal robustness is obtained by choosing 1 so that v, is bounded by C < o0, and also

so that tr {V (@)} is minimized with respect to 1. Let i(y,8) =8l(y,8)/08 denote the
score function, where [(y, 8) = log F(y,8). The optimal 7 is

C
i(4,6) - e

VP (y, 8) = {i(y, 9) — a} min |1, | , (5.5.1)

8

where a satisfies E{y"*(Y;0)} = 0. Hampel et. al. (1986; p 245) show that this
choice minimizes tr{V, (0)V;3,,: (8)} over all ¢ satisfying the consistency and boundedness
requirement. Hampel et. al. (1986; p 244) referred to the M-estimator based on v,(8)
as the optimal B,-robust estimator. While these estimators may not be most efficient
among the class of all possible consistent estimators, they are most efficient among the
class of consistent estimators that have a self-standardized sensitivity bounded by C.

In the following examples and in the next section we compare the efficiency of robust
estimators to mle’s using the asymptotic relative efficiency, ARE = {V4,(1)Z (1)} 1, where

Z(u) is the Fisher information for y.
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Example 1

We illustrate these methods using a simple example involving the estimation of u for
Normal data. Consider ¥ ~ N(u,1). The score function for u is () = =y — p. The

optimal B;-robust estimating equation is
¥(k) = emin |1, CVA/e]] - (55.2)

The o term in (5.5.1) is zero because E(y) = 0. The standardizing constant A is obtained

as the solution to

A= / W2dD(e) = x2(d) +d {1 - (@)},

where d = C?A (see pg. 234 in Hampel et. al., 1986). This choice of A ensures that the
self-standardized gross error sensitivity (v) is less than C. For the normal model Z(u) = 1.

To compute V(1) we need

[vane =220 -1=x@ =B,
hence, RE = B%/A. Results for a range of C’s are presented in Table 5.5. The robust

Table 5.5. Standardizing constant (A) and asymptotic
relative efficiency (ARE) of the bounded-
influence estimator for u in a N(y, 1) model.
The self-standardized sensitivity is < C.

C
125 150 160 1.75 200 250 3.00
A 0323 0.630 0.713 0.806 0.900 0.976 0.995
ARE 0.845 0.932 0951 0.970 0.986 0.997 1.000
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estimator when C = 1.6 is 95% as efficient as the mean. Note that for C = 1.6 the
truncation point in (5.5.2) is CVA = 1.6v/0.713 = 1.35, which agrees with Hampel et.
al. (1986; Table 1).

Example 2

Consider Y ~ N(0,c). The score function for o is i{(¢) = c~1(e? — 1)/2. The optimal

B;-robust estimating equation may be taken as
(o) = (€% - @) min [1, CVA[|e* - a}] : (5.5.3)

where o is the solution to E() = 0 and A = E(¢?). Let d; = a—C+V/A and d; = a+CVA.
The expectation of ¥ is

E()

i e +CVA ( dx3(z) + dx%cz))

z>do z<d;

= x3(d2) — x3(d1) + da {1 +x3(dy) — Xf(dz)} - Q.

The expectation of ¥? is

E@?) = 3{x;(d2) — x¥(d1)} — 2 {x3(d2) — 35(d1)}
+d1d; {X%(dﬂ - X%(dl)} + C?4,

and

2

By)==" =

2dxi(2) = = (x3(da) ~ ()} = —2B.

dy <z<da o

Fisher’s information is 2/02 so that ARE = 2B%/A. Results for a range of C’s are pre-
sented in Table 5.6. Most notable in this table is the decrease in efficiency, for a fixed
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Table 5.6. Standardizing constants (o and A) and
asymptotic relative efficiency (ARFE) of the
bounded-influence estimator for ¢ in a
N(0,0) model. The self-standardized
sensitivity is < C.

C
1.25 150 160 175 2.00 2.50 3.00
o 0.545 0.662 0.700 0.749 0.813 0.893 0.937
A 0.193 0.360 0.434 0.549 0.740 1.079 1.341
ARE 0508 0.612 0.648 0.696 0.761 0.852 0.907

bound C, of the robust estimator for & compared to the estimator for x in Example 1.

This indicates that the mle for o is more sensitive to outliers than the mle for p.

5.5.2. Optimal B;-robust estimators of Poisson and Negative Binomial rate

parameters

In this section we investigate robust estimators of the rate parameters for Poisson and
NB random variables. This is a first step in developing a robust smoother for the trawl
survey data. The Poisson results will be shown to be relevant in terms of identifying type

IT catches. Our interest is to:

1. Determine the ARFE of robust estimators for a range of C’s, which provides a guide
for the choice of C in robust smoothing.

2. Assess the finite-sample bias and relative efficiency of robust estimators of the mean
for Poisson and NB samples. We use simulations for this purpose, where the simu-
lated samples are designed to be relevant for the trawl survey data. This information

is also useful when deciding what C to use in robust smoothing.



CHAPTER 5. MODEL SPECIFICATION 155

3. Assess the finite sample bias of the estimators in 2 when the data is contaminated
with an outlier. This provides information about the suitability of the robust pro-
cedures for identifying type II catches.

4. Determine the consequences of using a Poisson-based robust estimator of m on NB
data, and vice-versa. This is investigated because of the difficulty in differentiating
between outlier-contaminated Poisson data and NB data. This information is also

relevant for identifying type II catches.

Poisson location

Consider a Poisson random variable Y with mean m. The score function is i(m) =(y —

m)/m and the Fisher information is 1/m. The optimal B,-robust estimating equation is

w@mo=(y;m—a)mn[ ovA }.

L v —m)/m =

A and o are computed as the joint solutions to the equations

Y vimp(y;m) —e = 0,

y=0

> PPyimlply;m) —A = 0,

y=0
where p(y;m) is the Poisson probability density function. We obtain these solutions
numerically. For an i.i.d. sample of size n let My, denote the root of this equation.
Efficiency results for a range of C’s are presented in Table 5.7. If m = 2 and C = 1.7 then
A = 0.393 and RE = 0.947. The truncation point in this case is CVA = 1.7/0.393 =
1.07. This agrees with the result in Simpson et. al. (1987, Table 1). Note that in their
table they report 1/RE and scale C by 1/\/m. Finite sample relative efficiencies for Mo
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Table 5.7. Standardizing constants (« and A) and asymptotic
relative efficiency (ARFE) for the bounded-influence
estimator of m in a Poi(m) model. The self-
standardized sensitivity is < C.

C

m 1.25 1.50 1.60 1.7 2.00 2.50 3.00
« -0.010 -0.007 -0.006 -0.004 -0.003 -0.001 -0.000

15 A 0.022 0.042 0.047 0.054 0.060 0.065 0.066
ARE 0844 0.930 0.948 0.967 0.985 0.996 0.999

a -0.063 -0.054 -0.049 -0.034¢ -0.023 -0.008 -0.003

2 A 0.187 0.294 0.367 0.397 0.424 0.467 0.487
ARFE 0831 0917 0935 0.951 0971 0.990 0.996

are presented in Table 5.8. The results are based on 2000 random samples of size n drawn

Table 5.8. Finite-sample relative efficiency for the bounded-
influence estimator of m in a Poi(m) model. The
self-standardized sensitivityis < C.

C
m n 125 1.50 160 1.75 200 250 3.00
25 0834 0.933 0.983 0.992 0.959 1.009 0.975
15 50 0.811 0.954 0.952 0.944 0974 1.010 0.954
100 0.843 0.972 0.952 0.934 1.042 1.023 1.002
25 0.840 0.859 0.976 0.933 1.003 1.047 0.970
2 50 0.832 0.859 0.954 0.981 0.976 0.971 0.947
100 0.824 0.893 0.960 1.007 0.921 0.977 0.941

from a Poi(m) distribution. They agree fairly well with the results in Table 57 They
suggest that reasonably efficient (RE > 85%) robust estimators of m can be constructed
for sample sizes as small as n = 25 when C > 1.5. Note that the largest simulated bias
was 0.034 (unreported results) which occurred when n = 25, m = 15, and C = 1.25. This
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bias is negligible for our purposes.

Outlier sensitivity In this section we explore the bias in 7 and m,,; caused when Pois-
son samples are contaminated with a single large outlier. This characterizes an important
robust property of m,.;, and will also be useful when assessing NB results developed in
the next section. We simulate data from a Poisson distribution and add an outlier with
a value of 500. We choose this value to make the simulations relevant to the 3NO survey
data because this value roughly seems to be a lower bound on catches that appear to

be type II’s in Figures 4.1a,b. The results are presented in Table 5.9. These biases are

Table 5.9. Qutlier-induced bias in the the bounded-
influence influence estimator of m in a
Poi(m) model.

m n 125 150 1.60 1.75 2.00 2.50 3.00
25 026 0.29 0.26 030 034 044 0.50
15 50 011 0.2 0.10 016 0.15 0.17 0.25
100 0.05 0.06 0.056 0.07 0.08 0.09 0.10
25 0.08 0.09 0.11 0.12 0.12 0.15 0.19
2 8 005 005 0.05 005 0.06 0.08 0.08
100 0.03 0.02 0.03 0.03 0.03 0.04 0.04

negligible for our purposes, especially when compared to the bias in the mle for m, which
is (500 — m)/n. For m = 15 the biases in i are 19.40, 9.70, 4.86 for n. = 25, 50, 100, and
for m = 2 the biases are 19.92,9.96, 4.98.

Negative Binomial location

Consider a NB random variables Y with probability density function given by (5.4.1).
The first two central moments of Y are m and v = m(1 + m/k). The parameter k
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represents the amount of over-dispersion in Y relative to the Poisson distribution, and
when k is large the distribution of Y becomes Poisson. When k is small then Var(Y) is

much greater than m, the Poisson variance. The score function is

(y —m)/v

[(m,k) = , ) . yom
U'(k+y) — (k) +log (%) — =

where ¥(z) = log ['(z). The Fisher information matrix is Diag(Zm, Zx), where Z,, = 1/v
and T = U" (k) — m?/vk?® — E[¥"(Y +k)]. The optimal B,-robust estimating equation is
obtained by plugging in the NB score function in (5.5.1). In this case a is a 2 x 1 vector
and A is a 2 X 2 matrix. However, we will not pursue robust estimation of both m and k.

In Section 5.4 we discussed a problem when estimating k& and selecting bandwidths;
that is, & is somewhat confounded with bandwidths. In that section we found that the
likelihoods for large values of £ and small bandwidths tend to be similar to the likelihoods
for small values of k£ and large bandwidths. We proposed a predictive likelihood for
estimating k£ and selecting bandwidths. We will not pursue robust estimation of & in this
dissertation. For simplicity we will assume k is known. However, we will investigate the
bias caused by assuming small values for £ when the data is actually Poisson distributed
(i.e. kK — 00), and this will provide an upper bound on. the bias in estimating m caused
by mis-specifying k. We will show that this bias is not too large, and can be much smaller
than that caused by assuming k is large when in fact it is small. Hence, in our smoothing
situation where estimating k is difficult, choosing a small value for k seems safer than
choosing a large value.

For fixed k£ and an ii.d. sample of size n let M., denote the optimal B,-robust
estimator of m using i(m) = (y — m)/v. A and « are computed in the same manner
as for the Poisson case. The ARE’s for 7, are presented in Table 5.10 for m = 2,15

and k£ = 1,5. The values of m were chosen to roughly bound the usual range of average
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trawl catches within strata, while the values for k£ represent large and small amounts of

Poisson over-dispersion. Generally, as k decreases larger bounds (C) on the sensitivity are

Table 5.10. Asymptotic relative efficiency (ARF) of the bounded-
influence estimator of m and in a NB(m, k&) model.
The self-standardized sensitivity is < C.

C

kE m 1.25 1.50 1.60 1.75 2.00 250 3.00
a -0.016 -0.012 -0.010 -0.008 -0.005 -0.002 -0.001

5 16 A 0.005 0.009 0.011 0.012 0.013 0.015 0.016
ARE | 0.801 0.888 0909 0931 0.956 0.982 0.992
o -0.017 -0.012 -0.010 -0.008 -0.006 -0.003 -0.002

1 15 A 0.001 0.001 0.002 0.002 0.002 0.003 0.003
ARE | 0648 0.743 0.772 0810 0.860 0.922 0.956
o’ -0.082 -0.070¢ -0.052 -0.044 -0.027 -0.011 -0.005

5 2 A 0.104 0.206 0.232 0.246 0.279 0317 0.336
ARE | 0.791 0876 0.896 0.919 0.947 0.977 0.990
a -0.112 -0.078 -0.065 -0.054 -0.038 -0.019 -0.011

1 2 A 0.035 0.055 0.064 0.074 0.091 0.118 0.135
ARFE | 0.643 0.737 0.767 0.806 0.856 0.920 0.955

required to achieve the same ARFE. Finite sample relative efficiencies for m are presented
in Table 5.11. These results are based on 1000 random samples from an NB distribution.
They agree fairly well with the results in Table 5.10. The results suggest that reasonably
efficient (RE > 85%) robust estimators of m can be constructed for sample sizes as small
as n = 25 when C > 2. Note that the largest simulated bias was 0.33 (unreported
results), which occurred when n = 25, m = 15, and C = 1.5. This bias is negligible for

our purposes.

Outlier sensitivity In this section we repeat, for the NB distribution, the outlier sim-

ulation presented with the Poisson results; that is, we generated random samples from
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Table 5.11. Relative efficiency (RE) of the bounded-influence
estimator of m in a NB(m, k) model. The self-
standardized sensitivity is < C.

C
E m n 1.25 150 160 175 2.00 250 3.00
5 15 25 0.773 0944 0910 0.881 0.942 0.973 1.041
50 0.750 0.887 0.853 0.946 0.933 0.906 0.961
100 0.805 0.883 0.918 0.922 0.976 0.981 1.073
1 15 25 0.691 0.746 0.779 0.841 0.854 0.869 1.008
50 0610 0.760 0.779 0.795 0.804 0.868 0.959
100 0.674 0.711 0.757 0.784 0.786 0.982 1.055
5 2 25 0805 0894 0.961 0.880 0934 0910 0.972
50 0.756 0.897 0.897 0.871 0.958 0.958 0.943
100 0.757 0.870 0.901 0926 0.947 1.016 1.014
1 2 25 0.633 0712 0.774 0.768 0.885 0.979 0.859
50 0.646 0.710 0.779 0.781 0.845 0.946 0.925
100 0.636 0.682 0.803 0.758 0.849 0.942 0.905

NB distributions, add an outlier with a value of 500, and compute f,;. We use the same
values of k¥ when computing 7,5 as used for generating the random samples. The outlier-
induced biases in my; are presented in Table 5.12. While the biases are larger than in the
Poisson case, especially when k = 1, they are still small enough for us to ignore. These
biases are much smaller than the biases for the mle 77,5, which are identical to the biases
for mp,; presented previously. This is because 1fin, = 172pei-

The robust estimator defined by (5.5.1) is just a weighted score function, with an
adjustment for bias because the weights depend on the Y’s. The weights are one’s for all
y'’s that are close to m, and the weights are less than one for y’s that are not close to m.
The weights decrease as |y — m/| increases. The robust weights are commonly used for
outlier detection. Observations with very small robust weights, relative to the majority,

are often identified as outliers. The reduction in bias in 7., in our outlier simulations
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Table 5.12. Outlier-induced bias in the bounded-
influence estimator of m in a NB(m, k)
model.

C
E m =n 125 150 160 175 2.00 2.50 3.00
5 15 25 035 053 0.58 0.59 0.60 0.83 1.09
50 0.29 0.26 034 038 0.35 046 0.53
100 0.12 0.19 0.15 0.14 0.14 0.20 0.21
1 15 25 1.18 1.21 124 127 144 174 202
50 0.73 0.62 0.70 0.76 0.72 0.89 1.07
100 035 035 0.26 0.33 037 046 044
5 2 25 011 012 0.15 015 0.15 0.20 0.20
50 0.06 0.06 0.06 0.06 0.08 0.10 0.11
100 0.02 0.02 0.03 0.03 0.03 0.05 0.05
1 2 25 022 021 024 023 025 029 034
50 0.10 0.10 0.12 0.12 0.11 0.16 0.17
100 0.04 0.05 0.04 0.06 0.06 0.06 0.09

occurs because the robust weight for the outlier is usually very small; hence, the results
suggest that the Bs-robust estimator produces robust weights that are useful for detecting
outliers. These procedures should a}so be useful for identifying type II catches, because

these catches are just outliers in terms of the smooth mean function model.

Bias when the model is wrong In this section we explore the potential biases in
robust M-estimators that arise when the data are assumed be Poisson distributed, but
are actually NB distributed, and vice-versa. The rationale for this is as follows. At the
beginning of the chapter we proposed the NB distribution to model trawl catches, and
the estimates of k in Table 5.2b support this because the k's are small which indicates
considerable Poisson overdispersion. However, it may be that the estimates are small

because what we really have is Poisson data “contaminated” with type II catches. Since
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the robust procedures will be used to identify type II catches it is useful to investigate
the biases in the robust estimators arising from a mis-specification of the distribution of
the type I catches. This provides information about which of Mgy Or Mms (or whether &
should be large or small) is more suitable for identifying type II catches.

In Table 5.13a we present the biases in 7,,; based on the NB simulation experiment.

Table 5.13a. Simulated biases in the Poisson bounded-
influence estimator of m applied to NB(m, k)
data.

C
m =n 125 150 160 175 2.00 250 3.00
5 15 25 -0.86 -090 -0.87 -0.85 -0.71 -0.55 -0.46
50 -0.95 -0.82 -0.82 -0.89 -0.80 -0.62 -0.50
100 -0.94 -0.88 -0.86 -0.89 -0.79 -0.61 -0.49
1 15 25 -4.16 -4.17 -424 -4.15 -412 -3.84 -3.34
50 -4.37 -431 -445 -4.36 -4.19 -393 -3.52
100 448 -454 -441 -438 -4.27 -3.98 -3.64
5 2 25 -0.10 -0.10 -0.11 -0.07 -0.06 -0.02 -0.01
50 -0.11 -0.10 -0.10 -0.07 -0.04 -0.03 -0.02
100 -0.11 -0.11 -0.10 -0.08 -0.05 -0.03 -0.02
1 2 25 -0.53 -0.50 -0.46 -0.41 -0.35 -0.25 -0.17
50 -0.56 -0.50 -048 -044 -0.35 -0.26 -0.20
100 -0.57 -0.52 -049 -043 -0.37 -0.25 -0.18

&5

For NB data m,,; is not distributionally robust, particularly when k is small. The biases
are large even for large C. The biases in 7f1,, based on the Poisson simulation experiment
are presented in Table 5.13b. When C is small these biases are large, particularly when &
is small. For small values of C the biases are slightly larger than in Table 5.13a; however,
when C > 2 the biases in Table 5.13b are much smaller than in Table 5.13a. This
suggests that for C > 2 relatively more bias is introduced by using the Poisson-robust
M-estimator when the data is NB distributed than by using the NB-robust M-estimator
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Table 5.13b. Simulated biases in the NB bounded-
influence estimator of m applied to Poi(m)
data.

C
k m =n 125 150 1.60 175 2.00 2.50 3.00
5 15 25 098 074 0.61 046 033 0.10 0.05
50 0.92 0.69 063 050 031 0.15 0.05
100 0.95 0.72 0.61 047 031 0.14 0.05
1 15 25 540 345 295 226 156 0.78 0.40
50 5.37 3.48 2.88 228 1.55 0.80 0.39
100 5.34 347 290 227 1.52 0.74 0.39
5 2 25 013 011 0.09 0.07 0.06 0.03 0.02
50 0.13 0.12 0.10 0.08 0.06 0.03 0.01
100 0.13 0.11 0.10 0.08 0.05 0.03 0.02
1 2 25 077 052 041 032 0.23 0.12 0.08
50 0.77 052 0.44 034 024 0.13 0.07
100 0.76 051 043 035 0.24 0.12 0.06

for fixed k& when the data is Poisson distributed. This suggests that 7m,; is more useful
for detecting type II catches because if catches are actually Poisson distributed then the
proportion of type II catches not selected using m,, will be less than the proportion of
catches incorrectly selected using ﬁzpm when the data are NB distributed. The latter error
is more grievous in that the separation of catches as type I and II is only a hypothesis at
this stage, and we wish to be conservative in assigning catches as type II.

If k is robustly along with m then the differences in biases are even greater. Unreported
results suggest that k’s are usually very large for Poisson data; hence, there is little to be
lost by using 7.5 on Poisson data, especially if & is estimated, but substantial biases exist
in Mpe; used with NB data. Unfortunately in robust smoothing k is difficult to estimate

in conjunction with bandwidth selection, so these methods are not pursued further.
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5.5.3. Local likelihood estimates

In this section we present an algorithm for robust smoothing of NB count data. We
first review some literature on robust kernel smoothing which suggests that robust M-
estimation retains the same optimality properties as in the i.i.d. case. We then present
the algorithm we use to analyze the 3NO trawl survey data in terms of robust variable
selection, and to identify type II catches.

It is a fairly easy matter to develop robust local likelihood regression estimates of u(x)
for NB data using .. All we have to do is weight (5.5.1) with local (kernel) weights
for the sample. Hence, two sets of weights are used for estimation. The kernel weights
are used to weight observations according to their distance from x, and robust weights
are used to weight observations according to their distance from p(x). To estimate a
robust smooth mean for the entire sample involves n robust fits, each of which involves
an iterative minimization to get [,,(x:), 7 = 1,...,n. This is computationally laborious,

but straight-forward to implement.

Background

M-estimators have been considered by Hérdle and Gasser (1984) for robust nonparametric
univariate regression based on an additive errors model. Their robust nonparametric

estimate of x., denoted as f,, is the solution to
> vl@)(y: — &) =0,
i

where 7;(z) are integral-type kernel (local) weights. Hirdle and Gasser (1984) show
that the asymptotic variance of &, factors into two parts, one related to the smoothing
and another related to the robust trimming of the estimating equation. The traditional

optimality theory of robust estimation applies in a straightforward manner to kernel
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smoothing because of this factorization; that is, the optimal ¢ function is of the form
(5.5.1) in Section 5.5.1.

Hall and Jones (1990) studied kernel M-estimates under the “random design” case.
They advocated selecting the bandwidth and C using CV or GCV, and showed that if

the additive errors are i.i.d. with finite moments then

ASE(bey, C)

infreB0<c<cc ASE(D,C) — 1 almost surely,

where the average squared error is computed over a central range of z;'s. We will not
pursue this approach to select C. We use the simulations presented in Sections 5.5.2 to
choose a value for C that is reasonably efficient for the i.i.d. problem.

Algorithm

In this section we present two algorithms we use to compute bounded influence lle’s
for variable selection purposes, and to identify type II catches. The first algorithm is
straightforward, and uses robust and local weights. It is essentially a local version of
the algorithm given in Carroll and Ruppert (1988) for computing robust M-estimates.
For a simple kernel smoother and a known k parameter this involves estimating only one
parameter for each of the n sets of local weights; hence, & and Ay in (5.5.1) are scalars.
For each observation, o; and A;, and robust weights, must be computed and the procedure
iterated until convergence. If a robust estimate of k is also required then we suggest an
additional step in the iterative process in which an M-estimate of k is computed based on
the robust estimates of the p(x;)’s. The score function for m is

stym) =ly,m) =
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To simply notation let

cA?
w(y,m,a, A) = min [1,———-—] ;

( ) 5w, m)—a]
The steps in the algorithm are:

1. Compute the kernel weights,

. = W06 —%;)/b}
N i W {3 — x;)/b}

Recall that the x;’s are the covariates.
2. Supply starting values for z(x;)’s, o, and A;.

3. For each observation 7 compute the n robust weights
w‘::j =w {yj’ ﬁ(x"l»)r oy, A’t} ’ j = 1, ey T,

based on the values of o;, A;, and the estimate of u(x;), i.e. z(x:), obtained from
the previous iteration.

4. Update a(x;) by solving for m in

Z?=1 {s(y,-, m) — a;} wfjwij

n r . . -
> j=1 Wi;Wij

5. Using the [z(x:)’s, a;, and A; from steps 3 and 4, update o; and A;, i = 1,...,n,
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o = Y s {y, a0} w (v, B(x), i, Ai} p {y; B(x:), k}
y=0

o

AT = Z [S {ys ﬁ()ct)} - a‘ilz w? {y: ﬂ'(xt)a Qi, A‘l}p {y; [L(X,), k} .

y=0
The NB pdf p(y; m, k) is given in (5.4.1).

6. Iterate steps 3-5 until convergence.

Steps 3-6 are repeated for each observation. The algorithm is slow, but practical for the
samples sizes we have in the 3NO trawl survey. Convergence requires reasonable starting
values for oy, A;, and p(x:).

We used this algorithm extensively with our survey data. We performed many robust
smooths using different kernel weights for various subsets of covariates, and various band-
width values. Each time we performed robust smooths 22 times for the 11 years in our
data set, and two smoothing regions we employed. Too frequently to ignore, the above
algorithm failed to converge. For a few x;’s, M-estimates of u(x;) would oscillate between
two values. These values were usu'ally: similar, but occasionally they were quite differ-
ent, especially if the smoothing neighborhood was small. In such cases we used another
algorithm.

The second algorithm we employed involved direct M-estimation for each local neigh-
borhood. It is computationally more difficult, but converged every time we used it. We

use the same notation as above. The steps in the algorithm are:

1. Compute the kernel weights, w;;.



CHAPTER 5. MODEL SPECIFICATION 168

2. For each x;, solve simultaneously for m, ¢, and 4 in

Z Wiy {s(yjy m) - CX} w(yj: m,«, A) = 01

j=1
a— Z sy, mw(y, m, o, A)p(y;m, k) = 0,
y=0
A— Z {s(y,m) — o}’ ?(y,m,a, A)p(y;m, k) = 0.

y=0

The robust lle for p(x;) is the m solution.

We used numeric root-finding procedures, so starting values for m, o, and A were still
required. We used the appropriate values in Table 5.10, where m was selected to be close
to the kernel-weighted average for each x;. This procedure, although slow, worked very
well in practice.

The robust smoother appeared to work well for the trawl survey data, unless band-
widths were very small. In this case the size of smoothing neighborhoods became very
small, with many local neighborhoods having less than seven observations. Robust es-
timation with very small sample sizes such as these is difficult. For reasonably large
bandwidths (such that smoothing neighborhoods usually contained >10 observations)
the robust smoother performed as expected. Observations that we thought o priori were
outliers tended to be downweighted considerably, whereas no observations that did not

appear to be outliers received very small robust weights.

5.5.4. Robust variable selection algorithm

In this section we present a “robustified” nonparametric bandwidth and variable selection
algorithm. This algorithm has three stages. The first stage involves nonrobust smoothing
with all variables, which will usually be conducted anyway. This stage is used to provide a
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pilot choice of bandwidths for the second stage, which is robust smoothing using the pilot
bandwidths. These bandwidths should be larger than those found in the first stage. This
is because the nonrobust bandwidth selection used in the first stage will usually result in
under-smoothing if the observations are “contaminated” with outliers. The second stage is
performed only to assist in identifying the contaminated observations. Such observations
usually have small robust weights, and are excluded from the third stage. Recall that
observations with small robust weights are those that have relatively great influence in a
nonrobust analysis. Such observations are called discordant. In stage three the variable
selection procedures in Section 5.3.2 are applied directly to the “cleaned” data in which
the discordant observations have been removed.

Our procedure is not equivalent to robust parametric variable selection per se, although
in practice many people deal with parametric variable selection and outliers in a similar
manner. Hampel ef. al. (1986), Ronchetti and Staudte (1994), and Ronchetti et. al.
(1997), among others, discuss robust parametric variable selection. In these approaches
robust prediction error (PE) measures are used. For the related problem of bandwidth
selection, Boente et. al. (1997) have presented extensive simulations that document the
sensitivity of CV bni’s to outliers. To adapt these approaches for robust nonparametric
variable selection we require a robust smoother, and a robust method for bandwidth
selection. While robust PE measures have been developed, another level of iteration is
required to find “optimal” robust bandwidths for the robust smoother. This is on top
of the n optimizations required to compute the robust estimates of the p(x;)’s. This
is a computationally daunting task that is also complicated because measures of PE
are not differentiable everywhere in terms of b. This problem was also noted in Hastie
and Tibshirani (1990, pg. 237). Attempts to find robust optimal bandwidths have been
unsuccessful. This is why we propose the three stage approach above, which is greatly
simplified in that only one robust smooth is required, after which bandwidths are selected
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in the usual manner.

Unfortunately there are two somewhat arbitrary decisions required in this algorithm.
The first is the pilot bandwidth choice, and the second is which observations to remove
before stage 3. We choose to remove observations whose robust weights are much smaller
than the majority of weights. Sometimes this is easy to decide because a wide gap appears
between the small robust weights and those close to one. The choice of pilot bandwidths
is less problematic because, in our analyses at least, essentially the same observations
are removed for a range of bandwidths greater than those found in stage one. If this
variable selection algorithm is to be used routinely then objective criteria for determining
when robust weights are small need to be developed. This is not a trivial task. The
criteria will probably depend on C, n, and other factors. Our interest in robust variable
selection is only to test the sensitivity of earlier “nonrobust” results to a small number of
observations; therefore, we will not pursue this here.

In smoothing, each y; produces n robust weights according to its discrepancy with
the fi(x;)’s. We want a single summary of these weights to assess the discordancy of y;.
We do not really care if the robust weight for an observation at x; is large for estimating
p(x:) when ||x; — x;j|| is large, because the kernel weight for such observations will be
small. The kernel weighted average of robust weights for y;

;= Lim W
D i1 Wij
is reasonable because it is usually insensitive to the robust weights for pairs of observations
that are far apart in the covariate space; that is, if ||x; — x;|| is large then w;; will be
close to zero, and the robust weight for y; in estimating p(x;) will not be part of the
summary ;. This is what we use for the analyses of trawl survey data, and in the

following example.
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Example

We illustrate our procedure for robust bandwidth selection using a simple measurement
error problem. We describe in detail many of the computations, which are similar to
those in robust smoothing of the trawl survey data, so this example should help fix ideas
for the trawl survey data as well. In this problem we compute a robust nonparametric
regression function, and also a robust estimate of scale for the observations. This example
involves acoustic measurements of the distance between the trawl wings (see Figure 1.2),
commonly referred to as the wing spread. The measurements are taken periodically during
a tow using two acoustic devices mounted on the wings. The measurements are plotted
as circles in the top panel of Figure 5.2 in the Appendix (Section 5.12). The meaning
of the circle diameters is described below. Occasionally the acoustic devices malfunction,
usually because they are somehow pointed away from each other, in which case they
measure something other than wing spread.

We assume a normal regression model for wing spread measurements; that is, if ¥;

denotes the measurement at time ¢, then
Yi=m+e, t=1,..,T

where €1, ..., 7 are 1.i.d. N(0,0?) random variables. We use the CV measure presented in
Section 5.3.1 for bandwidth (b) selection. We compute robust estimates of the u,’s and
o? separately; that is, we use (5.5.2) and (5.5.3), instead of estimating these parameters
jointly. The algorithm we use is to assume starting values for 02 and the p,’s, which we

denote as 0*? as u}’s, then

1. compute kernel weights wy; = W (t—?)
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2. Compute robust weights for u7,

3. Update values for y; as

T i
. i=1 WtiWi Vi

up ==
Zi:l wtiwﬁ:

Let 8: =yt—[£;.

4. Compute robust weights for o*2,

wf =min|1 (g |-

5. Update the value of o* as

T o *2
o2 = Zt:l Wy &
===
0.7 Zt:l wy

6. Iterate steps 2-5 until convergence.
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The converged values are denoted as i, t = 1, ..., T, and 2. The value of CVA =135
that we use in w}; yields a robust estimator that is asymptotically 95% as efficient as the
mle (see Table 5.5). The value of Cv/A = 1.05 that we use in w? yields a robust estimator
that is asymptotically 65% as efficient as the mle (see Table 5.6). The value of « for this

choice of C is 0.7.

A kernel smooth of the wing spread measurements, and a robust kernel smooth of

these measurements, are plotted in the top panel of Figure 5.2. These are based on

CV bpin = 0.25. The inverse of the locally-averaged robust weights, w;’s, are used to
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define the diameter of the circles. A large circle corresponds to a discordant observation.
Estimated wing spreads are very erratic, and some fishing gear experts have suggested
that it is almost impossible for a trawl to behave as the estimates suggest. The robust
smoother is even slightly more erratic than the nonrobust smoother, which is surprising.
One might expect the robust smoother to down-weight extreme points and result in a
smoother fit than the nonrobust smoother. The cause for this is the small bandwidth,
or small neighborhoods, used for local averaging. Consider the data in Table 5.14. The

Table 5.14. Wing spread data, with kernel (w;) and
robust (w]) weights

Time (t) 3.0 3.25 3.5 3.75 4.0

Y, 17.2 179 16.4 25.1 28.9
w; 0.0002 0.0056 0.0736 0.3444 0.5761
wy 0.220 0.238 0.203 1.00 0.904

w; X w, 0.0000 0.0015 0.0169 0.3910 0.5908

observation at £ = 4 minutes is the largest in the data set. The kernel estimate of y,
at ¢ = 4 minutes is a weighted sum of the y,’s, where the weights are the w,’s. This
sum is 26.6, which is the number plotted in the top panel of Figure 5.2 for the kernel
smoother estimate of trawl width at ¢ = 4. Using this value for ,, the robust weights
are also presented in Table 5.14. The robust lle of g, is a weighted sum of the #’s and
standardized product of the kernel and robust weights, standardized so that the sum of
the products is one. These weights are presented in the last row in Table 5.14, and give
i, = 27.2. This is greater than fi, because of the pattern in the kernel weights. Had the
kernel weights all been equal, as in bin smoothing, then f, would be less than fi,. What
we have described is the first iteration involved in computing the robust lle for y,. After
40 iterations ji, = 28.44 with a relative error < 10~6. This is the value plotted in the top
panel of Figure 5.2 for the robust kernel smoother estimate of trawl width at ¢ = 4.
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We chose a pilot bandwidth of b = 1 based on the above analysis. The nonrobust and
robust smooths for this bandwidth are plotted in the middle panel of Figure 5.2. The
kernel smooth is still considerably influenced by a small number of observations. This
analysis is only used to identify which observations to remove from further analysis. We
removed 14 observations with robust weights less than 0.8. These weights are, in time

sequence,

0.19, 0.14, 0.21, 0.49, 0.20, 0.20, 0.33,
0.35, 0.41, 0.52, 0.55, 0.34, 0.25, and 0.25.

For the remaining observations, 77% had robust weights > 0.95.

In the bottom panel in Figure 5.2 the “cleaned” data is plotted along with a robust
and nonrobust smooth. The CV bg;, = 0.89, and is much larger than the bandwidth we
selected for the full sample (see panel a in Figure 5.2). The estimates of wing spread in this
panel appear reasonable in terms of the trawl behavior. The robust and nonrobust lle’s
are nearly identical which suggests there are no discordant observations in the “cleaned”

data.

Remark 4. The three panels in Figure 5.2 represent the three-stage procedure used in

the foﬂowing section for “robustified” nonparametric variable selection.

This example succinctly demonstrates how our “robustified” bandwidth selection pro-
cedure works. For the trawl survey data we use the same procedure, except that we
smooth over multidimensional covariates. The wing spread data is a simple example that
demonstrates that the robust smoothing procedures we have developed work reasonably
in practice.

As an aside, recall in Chapter 3 that we said the nominal wing spread assumed by

DFO in swept-area calculations for the survey trawl was 45 feet, or 13.7 meters. The wing
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spread measurements in Figure 5.2 are much greater than this, and are usually around
17 meters; however, these are for the new survey gear used by DFO since 1995, which
is a shrimp trawl that is better at sampling small fish. The data we analyze are for the
old survey trawl. Note that the nominal swept area for the shrimp trawl is 55 feet, or
16.8 meters. This is quite close to the data presented in Figure 5.2. This particular wing
spread data set was randomly chosen from thousands that are available.

5.6. Analysis of the 3NO trawl survey data, II

In this section we apply the “robustified” variable selection procedures to the 3NO data
set. The intent of this analysis is to choose variables for our smooth mean function model
for type I trawl catches. The variables chosen should result in estimates of p(x;) that are
close to the majority but not necessarily all of the u(x;)’s. The outline of the analysis is
as follows. First, we choose pilot bandwidths based on the results in Tables 5.3a-c, and
perform a robust Negative Binomial (NB) nonparametric regression. We again assume
the NB £ parameter is 0.65. We remove a small number of discordant observations and
then run the variable selection algorithm outlined in Section 5.3.2 on the “cleaned”
data.

Based on the results in Table 5.3a-c we used only spatial location and tow depth for
robust smoothing. For the slope region we choose bgp = 0.2 and bpp = 0.1 for pilot
bandwidths in all years. For the shelf region we choose bsp = 0.1 and bpp = 1. The
robust weights were computed using C = 2 based on the efficiency and robust properties
of s discussed in Section 5.5.2. Tows with robust weights < 0.4 were identified as
discordant and removed from the next step. This resulted in the removal of 91 tows for
all years, which is approximately 5% of the data. The maximum number of tows removed
(15) was in 1987. The maximum percenfage of tows removed (9.1%) was in 1994. The

results from applying the variable selection procedures to the “cleaned” data are presented
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in Tables 5.15a-c. On the shelf region only one of the “cleaned” tows had a positive catch,
so CV variable selection could not be applied in this year.

Spatial location and tow depth again are the variables that have the greatest predictive
ability, as measured by all criteria. Tow temperature has importance in terms of CV in
six of eleven years, in two years for GCV, and little importance in any year for GC,.
Time between tows appears about as important as temperature. Wind speed appears less
important then temperature and time. The “robustified” bandwidths usually are similar
to those in Tables 5.3a-c; however, substantial differences sometimes exist. For example,
in 1991 the CV bgp = 0.039 for the full model, while this value is 0.193 in Table 5.15a.
The CV results appear more sensitive to the removal of discordant observations than the
GCV or GC, results.

The CV smoother goodness-of-fit using all covariates for the “cleaned” data is gen-
erally slightly better than for all the data. The total deviance for all years based on the
“cleaned” data is 681 with 748 df*™’s, while for all the data the total deviance was 746
with 739 df*™’s. With 9 more df*"’s the CV smoother for the “cleaned” data can explain
65 more units of deviance. This does not seem like a great improvement, which might
indicate that there are no outliers in the original data, or that the CV bandwidths are
too small and lead to over-fitting, which would tend to mask outliers in the smooth mean
function model. The plots in Chapter 4 suggest that outliers do exist, so the suggestion of
over-fitting seems more reasonable. The data “cleaning” procedure had a greater impact
on the GC, results. For the smoother using only spatial location and tow depth, the
total deviance for all the data is 1305. For the “cleaned” data the deviance is 1251. This
is not a large reduction, but the smoother for the “cleaned” data has 165 more df*™’s,
so this magnitude of deviance reduction occurs with substantially fewer “parameters”,
which suggests the robust procedures we employed has removed some outliers. This also
suggests that the bandwidths selected using GC, do not under-smooth, at least as much
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as for bandwidths selected using CV'.

The per observation change in deviance based on CV by,’s caused by removing tem-
perature, time, and wind speed from the model are plotted in Figure 5.3a,b. Total de-
viance increased more than expected in only three years, and substantially so only in
1985. The total change in deviance for all years is 237, while the total change in df*"’s
is 282. This suggests that removing temperature, time, and wind speed from our model
does not change the goodness-of-fit any more than what is expected due to the change
in neighborhood size resulting from the different bandwidths. Note that the deviances
from fitted models with just spatial location and tow depth usually exceed the deviances
from a constant mean model by a factor of more than twice the difference in df*™"’s
(unreported results). This suggests that spatial location and tow depth account for “sig-
nificant” amounts of deviance. The model goodness-of-fit for GC, bandwidths with and
without (unreported results) temperature, time, and wind speed are nearly identical.

We conclude in this section that GC, is a better criterion for bandwidth and variable
selection for our data because it appears that bandwidths and variables selected using
CV result in under-smoothing. The GCV criterion leads to gross under-smoothing in
some years, and this criterion does not appear suitable for modelling trawl catches. The
GC, results in Table 5.15¢ suggest that only spatial location and tow depth are important
predictive covariates for trawl catches throughout 1984-94. The only occasion where any
of the other covariates appear at all to have predictive importance is in 1994 on the
shelf region, but as already mentioned these results are suspect because only one of the
“cleaned” tows encountered cod in this region and year. The full sample results for this
year and region (see Table 5.3c) indicate that only space and depth are important.
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5.7. Identification of Type II catches

In this section we use the robust procedures and results previously developed to identify
type II catches in the trawl survey data. Recall that these catches are inconsistent,
or discordant, with a Negative Binomial (NB) smooth mean function model, where the
mean is assumed to be a smooth function of spatial location and tow depth. We first
select bandwidths and the NB k parameter from the “cleaned data” in the previous
section, and use these values in our robust nonparametric regression analysis to produce
robust weights and residuals to assist is identifying type II catches. Recall that the NB &
parameter represents Poisson overdispersion; that is, if Y is a NB random variable with
mean m, then Var(Y) = m(1 +m/k). The reason for using the “cleaned” data is that if
we select bandwidths and the k& parameter using all the data then the presence of large
type II catches would cause us to select smaller bandwidths, and estimate a small value
for k. This, in turn, would make it more difficult to identify type II catches. This is
because with smaller smoothing neighborhoods and a small value for k&, a wide range of
observations appear plausible in terms of the NB distribution. Hence, type II catches may
“mask” themselves if we do not use robust procedures to select bandwidths and estimate
k. While our variable selection procedures were, by and large, insensitive to the value of
k, we do not feel that the identification of type II catches will share this sensitivity.

We use the same procedure for estimating &k as in Section 5.4. As usual let bgp and
bpp denote the smoother bandwidths for spatial location and tow depth. We simulta-
neously minimize the predictive likelihcod defined in (5.4.2) for bsp, bpp, and k. The
results are presented in Table 5.16a. Again the £’s are smaller on the slope than on the
shelf. The k’s do not seem to vary greatly among years however. For simplicity we use
the same value for k in every year. The average k in Table 5.16a is 1.47 for the shelf and
0.56 for the slope region.

We concluded in the previous section that the CV bandwidths seemed to small and
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Table 5.16a. Estimates of the NB scale parameter
k and bandwidths b that maximize a

predictive likelihood function.
Year 3NO shelf region 3NO slope region

bsp bpp k bsp bpp k
84 0.0203 0.1299 1.09| 0.1041 0.0510 0.31
85 0.0268 0.0189 0.69 | 0.0604 0.0607 0.34
86 0.0201 0.0435 1.19| 0.0735 0.0721 0.76
87 0.0194 0.0234 0.81| 0.0448 0.0882 0.57
88 0.0288 0.0947 1.14 | 0.1194 0.0461 0.47
89 0.0227 0.0541 1.53| 0.0500 0.0316 0.98
90 0.0207 0.1733 1.51{ 13.3520 0.1248 0.85
91 0.0262 0.1174 1.87| 0.0370 0.0809 0.49
92 0.0325 17.2187 3.56 | 0.0344 0.0327 0.61
93 0.0457 0.0814 1.44 | 0.0858 0.0284 0.72
94 19.5741 0.0245 0.39

Note

: SP-spatial location, D P-depth.
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led to under-smoothing. We decided that among the three measures of prediction error
we studied (CV, GCV, GC,), GC, appeared most suitable for our data. The predictive
likelihood defined in (5.4.2) is similar to CV/, which suggests that the bandwidths in Table

5.16a may also be too small, which would result in an overestimate of k. The analogous

criterion to GC, for bandwidth selection and the estimation of k is

AIC = =21 + 2 {trace(W) + 1},

where [ is the NB log-likelihood (eq. 5.4.1). The number of “parameters” in the model

is trace(W) + 1, where trace(W) is the number of smoothing parameters, and the +1

accounts for k. The results of minimizing AIC for bsp, bpp, and k are presented in Table

5.16b. This criteria in many years favors large values of k£ and very small bandwidths,
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Table 5.16b. Estimates of the NB scale parameter &
and bandwidths & that minimize AIC.

Year 3NO shelf region 3NO slope region

~

bsp bpp k bsp bpp k
84 (0.0010 1.0101 18280 0.9132 26.9261 0.17
8 0.0029 2.2614 3374.0| 0.0005 1.0000 361.70
8 0.0022 0.0798 2259.8 | 0.0002 18.1923 211.97
87 0.0002 6.3361 19026 | 0.0049 0.0598 8223.6
88 0.0012 0.0767 7521.1| 0.0201 0.0171 5639.0
89 0.0077 0.0133 4673.1 | 43.2036 0.0644 0.63
90 0.0013 0.6726 1671.5| 0.0593 0.0016 8540.4
91 0.0160 13.6298 496.05 | 0.0349 26.8025 0.66
92 0.0368 49.1488 462.81 | 0.0432 17.4913 0.44
93 0.0576 17.1989 3.45| 0.0752 11.3883 0.48
94 39.1307 0.3441 87.53 | 0.0020 5.4148 52.30

Note: S P-spatial location, D P-depth.

which leave very few df ™ ’s and results in gross under-smoothing. We noted the sensitivity
of GCy bmin’s to the choice of k£ in Section 5.4.1, and this is another illustration of this.
For our model the AIC criterion does not appear suitable for bandwidth selection and %k

estimation. Another popular criterion is
BIC = -2l + log(n) {trace(W) + 1},

where n is the sample size. The results of minimizing BIC are presented in Table 5.16¢
The bandwidths and &’s in this table are comparable with those in Table 5.16a. The
average k£ in Table 5.16c is 1.39 for the shelf and 0.49 for the slope region. Note that the
value for k in 1994 for the shelf région was not used when computing the annual average.
This is because only one of the “cleaned” tows had a catch of cod, and we feel that the

estimation of k£ in this situation is not reliable.
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Table 5.16c. Estimates of the NB scale parameter &
and bandwidths b that minimize BIC.

Year 3NO shelf region 3NO slope region

bsp bpp k bsp bpp k
84 0.0904 23.7825 0.80 | 83.9398 26.2269 0.17
85 0.0657 24.6909 0.52 | 23.2131 0.0851 0.30
86 0.0397 100.799 0.94 | 0.0967 0.1280 1.07
87 0.0399 25.7787 0.74 | 44.1112 0.1001 0.52
88 0.0725 12.0240 0.98 | 42.2628 42.7806 0.41
89 0.0379 14.2083 1.52 | 47.0630 173.346 0.54
90 0.0365 17.2239 1.40| 34.4499 0.1482 0.93
91 0.0489 22.1306 1.97 ] 30.1808 31.9556 0.45
92 0.0626 36.9332 3.46 | 2.6983 9.9051 0.32
93 0.0846 20.7650 1.58 | 30.7104 24.0171 0.38
94 34.6503 18.8284 45.11 | 25.7775 21.0921 0.18

Note: S P-spatial location, D P-depth.

Based on the results in Tables 5.16a,c we use £ = 1 on the shelf and k& = 0.5 on the
slopes. The GC by, ’s for these values of k£ are presented in Table 5.17 based on the
“cleaned” data. Compared to the results in Table 5.15¢, where & = 0.65 for both the
shelf and slopes, the shelf bandwidths (with & = 1) tend to be smaller, and the slope
bandwidths (with & = 0.5) tend to be larger. We use the bandwidths in Tables 5.17 for
the robust smoothing used to assist in identifying type II catches.

We use robust weights to assist in identifying type II catches. Recall that the robust

(m,-iyf ¥ Z:f/k)) — ] '

This weight will be small if |y; — ;| is large when weighted by the N B variance. In

weights are given by

wf; = min [1, CA'/?

robust smoothing each observation has n robust weights associated with the estimation
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Table 5.17. GCpbnmin's with £ = 1 on the
shelf, and k = 0.5 on the slopes.

Year 3NO shelf region 3NO slope region
bsp bpp bsp bpp
84 0.0410 4.9117| 0.1060 0.1037
85 0.0257 0.0278 | 0.0395 0.0401
8 0.0250 0.0611] 0.0966 0.1193
87 0.0178 14.1816 | 0.1137 0.0967
88 0.0332 12.0395| 0.1399 0.0770
89 0.0281 17.8503 | 27.3479 0.0714
90 0.0267 28.5571 | 14.5688 0.1408
91 0.0396 16.3686 | 33.8927 0.0316
92 0.0462 23.8616 | 0.0552 0.0381
93 0.0628 19.9095| 0.2029 0.0441
94 49736 0.3617 | 13.6359 0.0234
Note: SP-spatial location, D P-depth.

of the mean for the n observations in the sample. As discussed in Section 5.5.4, we
summarize these robust weights by their kernel weighted average. The robust weights
we report essentially describe the average variance-weighted discrepancy between y; and
m; = m(x;), where the average is basically over all j such that |[x; — x;|| is small.
Observations with small robust weights are “outliers” with respect to the smooth mean
function model, and are type II candidates.

We choose C' = 5 to identify type II catches because we wish to select only those
catches that are clearly discordant with the SMFM. Inverse average robust weights are
plotted in Figures 5.4a,b. For simplicity we do not plot weights > 0.9. Two discordant
catches in 1986 and 1991 are apparent. Another type II candidate is the large catch along
the 30/3PS boundary in 1987 (see Figure 4.1a), which has a robust weight of 0.34. The
robust standardized residual for this catch is 8.70, which is large; hence, we feel this catch
is discordant. In 1993 the large catch in the northern part of 3N had a robust weight of
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0.52, which was considerably smaller than the next lowest weight of 0.82. We conclude
that this catch is also discordant.

Isolated large catches in 1992, and in 3N in 1993 (see Figure 4.1b), did not have
relatively small robust weights. The large catch in 1992 (2145 fish) was the second highest
during 1984-1994. The problem here is related to the small number of samples in the
region of this tow. The slope region around the large catch in 1992 is very restricted, and
essentially only five tows along the 300 meter depth contour in this year can be used to
determine if the large catch is an outlier. It is difficult to reliably detect outliers with such
a small sample, but because of the magnitude of this catch, we conclude (subjectively)
that it is type II. The large catches in 30 in 1993 are difficult to deal with as well. The
robust weights for these catches are not small, at least in relation to weights observed for
type II catches in other years. We assume that the cluster of three large catches in 30
represents a large component of cod that was not present in other years. We feel it is
less reasonable than otherwise that such a concentration of cod existed in other years but
was missed due to the random selection of tow stations. The catch to the southeast of
the cluster of large catches does seem consistent with a type II catch, and we identify it
as such. The robust weights for this catch are large because of the influence of the three
large catches to the northwest. '

The catches we have identified as type II are tabulated in Table 5.18 and plotted in
Figure 5.5. The average catch for the type II tows is 1629 with a standard deviation of
580. Most of the type II catches have occurred along the southwest slope of the Grand
Bank in 30. The general notion of cod distribution in this region is that they occur in
relatively dense aggregations in wa.n;a water along the slopes of the Grand Bank where
they spawn in the winter, and then they migrate and disperse to the shelf region to feed
in late spring and early summer (Templeman, 1962). The annual research surveys occur

during this migration stage, and it is possible in any year that not all of the stock has
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Table 5.18. Type II catches, Y. Depth is in meters. € = (Y — p)Var(Y) /2.

-
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Div. Year Y Y Y € € w" Lat. Long. Depth
30 87 2300 249.17 17223 5.81 870 0.34 45.23 54.43 127
30 92 2145 638.85 665.76 1.67 1.57 0.77 43.12 51.16 390
30 86 1945 279.70 123.06 5.94 14.75 0.18 45.22 51.86 67
30 91 1390 59.42 14.22 15.77 67.23 0.06 44.77 53.85 108
30 93 1056 239.05 249.13 2.41 229 0.82 44.27 5261 97
3N 93 938 168.85 17597 3.22 3.06 0.52 45.53 48.44 323

spread out along the shelf of the bank. Consequently, the probability of getting a type IL

catch may be lower on the shelf than on the slopes where cod are suggested to aggregate

more densely, because it is presumably the dense aggregations that give rise to type II

catches. This suggests that the model for type II catches should be modified to allow for

different mixture components on the slopes and the shelf of the bank. The data in Figure

5.5 support this in that four of the six type II catches occurred along the southwestern

slope of the bank, while only one type II catch was identified along the southeast slope in

1993 and one the shelf in 1986.

An estimator of the probability. of a tow resulting in a type II catch is the number

of type II catches divided by the total number of tows in a region. Let 7;; denote this

probability. We use the survey stratification scheme to define three mixture regions:

1. the Grand Bank shelf;

2. The southwestern Grand Bank slope in 30;

3. The southeastern Grand Bank slope in 3N.

The shelf is defined as the area contained within strata 330-331, 338-340, 351-353, 360-
362, 373-376 and 383 (see Figure 1.5). These are the strata where depths are less than 91
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meters, except strata 339 in the interior of Division 30 where depths range between 92
and 183 meters (see Tables 3.1a,b). The southwest and southeast slope regions are defined
as the remaining strata in 30 and 3N, respectively. We assume the probability of a type II
catch is different in these three regions, but constant within a region. The total number
of survey trawl sets taken on the southwestern slope during 1984-1994 is 385; hence,
T = 4/385 = 0.0104. Similarly, for the southeastern slope 7§ = 1/257 = 0.0039 and for
the shelf region 7§ = 1/1270 = 0.00079. These estimates suggest that it is approximately
13 times more likely that a catch is type II on the southwestern slope compared to the shelf
region, and 5 times more likely on the southeastern slope. We recognize that these mixing
proportions are based on very small sample sizes. In Chapter 6 we will investigate the
significance of our inferences about these proportions.

The identification of type II catches is very much a subjective procedure even with
the aid of the robust smoothing procedures. We could have subjectively identified type
IT catches without the robust results; however, these results have provided valuable in-
formation about those catches that are clearly discordant and those that are not, and
this information was not readily apparent in the graphical analyses in Chapter 4. We
could have also used a simple sub jective “cutoff” criteria to identify type II catches (this
was attempted in preliminary investigations); however, this approach would have selected
some of the large catches in 1987 along the northern 3L boundary (see Figure 4.1a), and
the large 30 catches in 1993 close to the 3Ps boundary (see Figure 4.1b). Such clusters of
large catches, especially those in 1987, likely represent large concentrations of cod that we
cannot assume to have existed every year and were missed due to the random allocation
of tow stations. The robust smoothing procedures did not indicate that these clusters of
catches were clearly discordant. In fact the cod in these catches may not be from the
3NO stock; however, the solution to this problem likely involves examining additional
biological data measured from the catches, and this is beyond the scope of this thesis.



CHAPTER 5. MODEL SPECIFICATION 186

5.8. Smooth mean function model for type I catches

In the previous section we identified type II catches in the trawl survey data. As well,
we estimated the mean of the type II catches, and the probability that a random catch is
type II. This probability varies over three large spatial areas in 3NO. This is essentially
all we require to model the type II catches. In this section we specify the smooth mean
function model that we use for type I catches.

We follow the same procedures used in the previous section to select values for the
Negative Binomial & parameter and bandwidths, b. The values of these parameters that
we used to identify type II catches were based on “cleaned” data, which excluded type
IT catches, but also other catches as well. It seems appropriate now to compute these
values again for all of the type I catches. The first step is to estimate k. We use the same
methods as in Section 5.7. The results are similar to those in Tables 5.16a-c, and are
not reported to save space. The across-years average estimate of £ that minimizes (5.4.2)
in Section 5.4 is 0.917 for the shelf region, and 0.466 for the slope regions. The values
obtained using BIC are 0.863 and 0.404. The AIC average estimates of k are, again,
large. Based on these results we use k& = 0.89 for the shelf region, and £ = 0.44 for the
slope regions. As expected, these values are somewhat smaller than those obtained for
the “cleaned” data in Section 5.7.

The GC bmin’s based on these values for k are presented in Table 5.19. In many years
the bandwidths are similar to those obtained for the “cleaned” data; however, substantial
differences do exist in some years. The depth bandwidths on the shelf in 1984-85 and
1994 are quite different in Table 5.19 compared to Table 5.17. This is not much of a
concern however, because depth does not vary greatly on the shelf, and a wide range of
bandwidths produce similar fits. The spatial location bandwidths are quite different in
1994. The bandwidths in Table 5.19 for 1994 seem more appropriate in that they are
more consistent with bandwidths in other years than those in Table 5.17. The values in
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Table 5.19. GCpbmin’s for type I catches
with £ = 0.89 on the shelf,
and k£ = 0.44 on the slopes.

Year 3NO shelf region 3NO slope region
bsp bpp bsp bpp
84 0.0466 0.0562 | 0.0734 0.0764
85 0.0220 17.1197 | 0.0380 0.0412
86 0.0228 0.0579 | 0.0525 0.1495
87 0.0156 15.0246 | 0.0570 0.0951
88 0.0362 16.8408 | 0.1234 0.0709
89 0.0242 10.0000 | 33.5390 0.0758
90 0.0276 25.7851 | 8.2627 0.1964
91 0.0334 12.9909 | 0.2421 0.0257
92 0.0414 24.6757 | 0.0583 0.0345
93 0.0514 28.4258 { 0.0347 0.0696
94 0.0915 26.9131 | 0.0955 0.0149
Note: S P-spatial location, D P-depth.

Table 5.17 for 1994 are suspect for reasons mentioned in Section 5.7. On the whole the
results in Table 5.19 seem reasonable. These are the values that we use for constructing
inferences about stock size in Chapter 6.

Predicted type I trawl catches, §;’s, at the sampled tow stations are presented in
Figures 5.6a-b. The average of the g;’s are very similar to the average of all the y;’s for
years in which no type II catches have been identified (1982-3, 1988-90, 1994; compare
Figures 5.6a,b and Figures 4.1a,b). The main difference is that the sample variances of
the ¥;’s is less than the sample variance of the y;’s, as expected. The averages are quite
different in years with type II catches, and this demonstrates the effect these catches have
on inferences. Standardized residuals are plotted in Figures 5.7a,b. The total deviance of
the model fit to the type I catches is listed at the top of each panel, for each year, along

with the deviance error degrees of freedom (df*™’s). The deviances exceed the df*"’s as
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often as not, which indicates that the Negative Binomial model has adequately accounted
for overdispersion in the data. Note that the deviances tend to exceed df*™’s in the earlier
years in the time series, and this indicates a possible trend in & with time. This is not
explored further. The number of standardized residuals that exceed two is usually less
than 5%, which also indicates that the model fits the data reasonably well. In the next
section we compare the nonparametric model we have developed with a parametric model

that is commonly used to analyze trawl survey data.

5.9. Comparison with the stratum-effects model

A common model-based method used to analyze trawl survey data is to assume that
catches are i.i.d. within strata, but that the means vary between strata. This is merely a

fixed-effects NB regression model, where each stratum is an effect; that is,
E(Yix:) = ; if x; € stratum j.

We refer to this as the stratum-effects model. In this section we compare this approach
for modelling type I catches with the nonparametric approach we have used. We focus
our comparison on deviance, error degrees of freedom (df*™’s), and measures of prediction
error.

Model deviances and prediction error measures are presented in Table 5.20. Several

points are apparent:

1. The bandwidths we chose lead to more df*"’s compared to the stratum-effects
model in most years. This essentially means that the nonparametric model has
fewer “parameters” than the stratum-effect model. For all years our nonparametric

model has 32 more df*™’s than the stratum-effects model.
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Table 5.20. Deviances and prediction error measures for Type I catches.

Smoother minus stratum-effects estimates are in parentheses.

The NB scale parameter is £ = 0.89 on the shelf, and 0.44

on the slopes.
Year dfer Deviance cV GCV GC,
1984 77.8 (-3.16) 87.72 (-8.11) 1.65 (-45.1) 1.68 (-0.01) 1.41 (-0.02)
1985 1202 (-22.8)  148.34 (-58.5) 1.51 (-35.1) 1.83 (0.03) 1.48 (-0.07)
1986  155.5 (-11.5) 145.39 (-42.2) 1.14 (-3.31) 1.21 (-0.14) 1.18 (-0.10)
1987  128.7 (-26.3) 149.21 (-100) 1.72 (-3.05) 1.71 (-0.26) 1.43 (-0.25)
1988 136.6 (10.58) 148.03 (11.39) 1.16 (-10.9) 1.28 (-0.11) 1.22 (-0.06)
1989 168.8 ( 8.77) 160.07 ( 0.61) 1.19 (-18.1) 1.10 (-0.12) 1.09 (-0.09)
1990 152.6 (11.60) 125.96 (-18.6) 0.85 (-7.82) 0.95 (-0.33) 0.98 (-0.24)
1991  182.8 (23.80) 160.18 (26.05) 0.98 (-14.8) 0.99 (-0.11) 1.00 (-0.10)
1992 146.7 (11.68) 101.39 (13.06) 0.81 (-16.8) 0.86 (-0.02) 0.95 (-0.06)
1993  119.1 (10.07) 101.38 (24.99) 0.94 (-3.05) 1.10 ( 0.11) 1.11 ( 0.03)
1994 1140 £18.97) 70.15 (22.38) 0.66 (-33.9) 0.79 ( 0.02) 0.93 (-0.11)
total 1502.68 (31.68) 1502.7 (-24.54) 1.14 (-16.2) 1.18 (-0.17) 1.16 (-0.10)

2. The nonparametric model accounts for more Negative Binomial variation than the

stratum-effects model in five of eleven years. The total deviance over all years for

the stratum-effects model exceeds that for the nonparametric model by almost 25.

3. The nonparametric model has greater predictive capability for most years when
measured using CV, GCV and GC,. The CV’s for the stratum-effects model are
always substantially greater than for the smoother.

This last point about CV’s is related to boundary estimates of u; that is, in some strata

only one tow encountered cod, and the mle of u for the strata is zero when this tow is

deleted. In this case, when computing CV, the deviance for the tow with a cod catch is

infinity, because i = 0. In our analyses we replaced the zero mle with a small number;

however, the deviances are still very large, and this leads to the large increases in CV’s.
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The results in Table 5.20 show that over all years the nonparametric model explains
more of the variation in trawl catches than a simple stratum-effects model, and uses fewer
df*™’s to do so. The differences are not enormous however, and this suggests that the

stratification scheme is related to variations in cod abundance.

5.10. Summary

The results in this chapter suggest that spatial location and tow depth are the most im-
portant predictive covariates in a smooth mean function model for research trawl type I
catches of cod throughout 1984-94. The importance of these two covariates is different
on the shelf of the Grand Bank than on the slopes. Beyond their association with spatial
location and depth, tow temperature and within-survey timing, and wind speed during
tows, are of much lesser importance in explaining variations in trawl catches. These
covariates do not appear useful for modelling trawl catches. Hence, the nonparametric
variable selection procedures we have developed in this chapter have reduced the number
of covariates to consider for modelling purposes from five to two. This results in a more
parsimonious model, and a model more useful for prediction purposes. The nonparamet-
ric model we have constructed performs better in most years than the commonly used
stratum-effects model, both in terms of explaining variation in type I trawl catches and
in predicting catches.

We have identified six type II catches throughout 1984-94. The average of these
catches is much greater than the average of the type I catches. The analyses in this
chapter suggest a further refinement to the mixture model we use for trawl catches. The
spatial location of the type II catches suggests that the probability that a random catch
is type II varies geographically. We choose to model this probability separately for three
broad geographical areas. This assumption is tentative however, because of the small

number of type II catches involved. In our inferential analyses in the next chapter we will



CHAPTER 5. MODEL SPECIFICATION 191

investigate this assumption further. Beyond the varying mixing probabilities, we find no
evidence that the distribution of type II catches is not homogeneous; hence, we assume
they are i.i.d.

On a methodological level we find that asvmptotically equivalent measures of predic-
tion error can produce substantially different small sample results. We find GC, most
useful for nonparametric variable selection with the trawl catch data. Bandwidths se-
lected using CV resulted in under-smoothing relative to bandwidths that minimized the
GC, criterion. The under-smoothing did not result in “significant” decreases in deviance,
and as such was undesirable. Variable selection using CV resulted in less parsimonious
models compared to GC,. The GCV criterion behaved erratically, and in some years
resulted in gross under-smoothing with almost no error degrees of freedom for inferences.

Robust M-estimation for Negative Binomial data is quite feasible in that outlier re-
sistent estimation methods for the mean of Negative Binomial samples can be constructed
that have reasonable efficiency relative to maximum likelihood estimators. Robust local
likelihood estimators of a smooth mean function model are relatively simple to construct
using robust M-estimation theory. The methods worked fairly well for the trawl survey
data, although at times difficulties arose with their use due to the small sample sizes within
smoothing “neighborhoods”. Methods for robust bandwidth selection are necessary for
contaminated data, although bandwidth selection for a robust smoother is computation-
ally difficult for several or more smoothing parameters.

In this chapter we have specified the details of a stochastic mixture model for two types
of trawl catches that involves a smooth mean function model for type I trawl catches and
a simple model for type II catches. In the next chapter we show how to use this model
to estimate trawlable stock size. Procedures will be also developed to give confidence
intervals for stock size.
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Table 5.3a. Cross-validation (CV') variable selection results. The Negative Binomial

Year

scale parameter is k = 0.65 for all subsets. The bandwidths are for SP-

spatial location, DP-depth, T P-temperature, T'M-time, W D-wind speed.

84

85 86

Shelf - All Variables

87

88

89

90

91

92

93

94

bsp
bpp

bre
bras

bwop

0.038
0.033
0.308
0.134
0.031

0.025 0.020
0.045 0.043
0.092 0.087
0.095 0.124
0.094 24.41

0.019
1.258
0.064
32.07
0.118

0.032
0.143
0.061
0.033
31.49

0.031
0.034
47.32
28.75
8.510

0.022
0.195
0.135
0.023
0.159

0.027
0.097
16.28
17.54
15.40

0.029
24.56
23.69
17.63
0.084

0.039
23.61
23.64
0.056
22.24

0.041
1.323
1.732
0.323
0.013

cv

Year

1.122

84

0.996 1.098

Shelf - Optimal variable subset with min(CV)/CV > 95%

85 86

1.207

87

0.759

38

0.953

89

0.642

90

0.707

91

0.539

92

0.580

93

0.144

94

bsp
bpp

brp
brar

bwp

0.038
0.038

0.031

0.028 0.020
0.024 0.044
0.101 .

0.142

0.020
0.103
0.072

0.034 0.031 0.022
0.109 0.034 0.306

0.032

0.023

0.027
0.097

0.030
23.92

0.035
17.72

0.040
12.78

0.018

cv

Year

1.181

84

1.012 1.143

85 86

1.241 0.790 0.953 0.664

Slope - All Variables

87

88

89

90

0.707

91

0.543

92

0.605

93

0.146

94

bsp
bpp

brp

bwp

0.113
0.035
38.13
0.723
0.073

0.024 0.038
0.046 0.085
49.73 0.152
3.843 0.019
0.259 2.153

0.026
0.059
0.222
0.118
48.30

0.046
0.047
0.591
38.36
0.091

0.051
0.038
39.74
0.183
39.65

0.114
0.029
39.00
46.01
0.972

0.039
0.029
0.089
30.10
0.102

0.022
0.028
0.064
37.97
0.178

0.060
0.014
0.191
0.121
33.43

0.086
0.010
25.65
7.878
7.238

cv

Year

1.136

84

1.212 1.355

Slope - Optimal variable subset with min(CV)/CV > 95%

85 86

1.813

87

1.092

88

0.787

89

0.725

90

1.649

91

1.370

92

2.693

93

1.124

94

bpp

brp
bra

bwp

0.113
0.035

0.073

0.024 0.038
0.049 0.086

0.019

0.028 0.046 0.050 0.114
0.062 0.048 0.031 0.029

0.092

0.039
0.029
0.089

0.102

0.023
0.029
0.066

0.061
0.014
0.114

0.086
0.010

cv

1.138

1.279 1.367

1.836 1.094 0.809 0.725

1.649

1.399

2.755

1.124
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Table 5.3b. Same as Table 5.3a, except for generalized cross-validation (GCV).

Year

Shelf - All Variables
84 85 86 87 88 89 90 91 92 93

193

94

bsp
bpp
brp
brar
bwp

0.058 0.030 0.024 0.020 0.042 0.024 0.026 0.030 0.028 0.040
0.145 31.07 0.059 31.28 22.84 1841 25.10 31.36 23.99 23.32
4182 0.092 38.88 32.19 0.267 2241 27.19 38.84 2391 23.60
41.74 3295 0.183 31.58 21.54 19.38 0.622 34.01 2535 0.242
4269 3149 38.78 31.45 23.16 21.00 23.90 31.84 24.07 23.60

0.009
0.070
0.091
0.003
0.130

GCV

Year

1.231 1.320 1.120 1.318 0.949 0.931 0.856 0.778 0.564 0.652

Shelf - Optimal variable subset with min(GCV)/GCV > 95%
84 85 86 87 88 89 90 91 92 93

0.000

94

bsp
bpp

bras

bwp

0.058 0.027 0.024 0.020 0.040 0.024 0.026 0.030 0.028 0.041
0.145 24.53 0.059 23.79 23.73 14.19 25.21 10.95 24.39 23.47

0.183

0.003
0.070

0.130

GCV

Year

1.231 1.340 1.120 1.318 0.959 0.931 0.857 0.778 0.564 0.662

Slope - All Variables
84 85 86 87 88 89 90 91 92 93

0.000

94

bsp
bpp
brp
brum
bwp

0.012 0.003 0.045 0.033 28.70 4094 0.172 0.402 0.005 53.59
0.007 0.012 0.117 52.46 28.67 0.067 0.034¢ 0.024 0.009 0.031
0.001 1.000 55.67 51.37 0.140 0.130 33.76 0.103 0.009 0.090
1.000 0.018 60.33 0.114 3237 40.87 43.01 36.94 0.050 0.039
0.020 0.080 57.02 52.51 0.153 41.82 40.29 36.33 0.049 56.09

0.037
56.47
57.96
57.66
0.275

GCV

0.000 0.003 1.276 2.375 1.787 1.266 0.958 1.493 0.000 2.761

Slope - Optimal variable subset with min(GCV)/GCV > 95%
84 85 86 87 88 89 90 91 92 93

2.028

94

bsp
bpp

brp
brm

bWD

0.008 0.001 0.045 0.032 7.589 31.15 0.172 0.402 0.007 54.56
0.007 0.000 0.117 54.28 7.356 0.070 0.034 0.024 0.006 0.031
0.003 . . . . . . 0.103 0.004 0.090

0.069 . . . . . . . 0.039

0.036
48.90

GCV

0.000 0.000 1.276 2444 1.866 1.312 0.958 1.493 0.000 2.761

2.099
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Table 5.3c. Same as Table 5.3a, except for generalized C, (GCy).

Shelf - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.056 0.029 0.026 0.019 0.047 0.028 0.031 0.036 0.044 0.054 3141
bpp 0.141 23.75 0.070 23.63 24.45 22.10 2346 23.96 21.84 30.24 31.49
brp 31.69 0.090 32.39 2453 0.286 17.84 23.29 23.97 21.21 30.96 0.173
brae 31.19 2497 0.187 23.84 26.57 16.98 1.595 24.26 20.26 0.503 0.047
bwp 32.40 23.90 32.73 23.80 23.96 1844 2338 2442 23.26 30.98 31.14

GC, 1.189 1.244 1.124 1.241 0969 0971 0.922 0.843 0.683 0.746 0.387

Shelf - Optimal variable subset with min(GC,)/GC, = 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.056 0.025 0.026 0.019 0.045 0.028 0.031 0.036 0.044 0.054 0.093
bpp 0.141 20.16 0.070 23.91 19.75 17.56 23.56 18.14 22.17 22.95 30.80

bra . . 0.187
bwp

GC, 1.189 1.261 1.124 1.241 0976 0.971 0.922 0.843 0.683 0.747 0.395

Slope - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.075 0.030 0.046 0.029 0.069 40.06 16.75 27.67 0.051 0.101 0.086
bpp 0.032 0.038 0.122 0.090 0.054 0.064 0.147 0.010 0.032 0.017 0.011
brp 40.49 45.17 42.32 31.57 43.57 0.117 0.311 0.096 0.246 0.083 44.10
brye 4292 4231 45.36 30.95 42.66 40.11 18.60 31.05 0.165 0.038 43.61
bwp 42.66 4228 43.03 27.37 4243 40.78 16.34 27.02 42.09 50.91 40.64

GC, 1.605 1.611 1.218 1.734 1.561 1.226 0.984 1.373 1.454 1.749 1.528

Slope - Optimal variable subset with min(GC,)/GC, > 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.075 0.030 0.046 0.029 0.069 30.47 23.32 29.97 0.044 0.101 0.086
bpp 0.032 0.038 0.122 0.090 0.054 0.063 0.150 0.010 0.022 0.017 0.011

brp . . . . . . . 0.0% . 0.083
bras . . . . . . . . . 0.038
bwp

GC, 1.605 1.611 1218 1.734 1.561 1.281 1.004 1.373 1.510 1.749 1.528
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Table 5.4a. Cross-validation (CV') variable selection results. The Negative Binomial
scale parameter is £ = 5 for all subsets. The bandwidths are for SP-
spatial location, DP-depth, T P-temperature, T'M-time, W D-wind speed.

Shelf - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.037 0.025 0.021 0.020 0.032 0.037 0.020 0.023 0.037 0.041 0.043
bpp 0.031 0.056 0.045 0.060 0.145 0.044 0.296 0.092 0.054 31.39 1.043
brp 0.262 0.085 0.102 0.069 0.065 0.035 0.136 0.483 32.88 31.27 1.497
brar 0.136 0.093 0.129 54.30 0.034 34.89 0.132 32.84 33.60 0.059 0.422
bwp 0.031 0.085 41.39 0.129 43.24 3348 0.179 33.40 32.21 31.82 0.013

CV 6278 3.861 5360 6.422 2.985 3.800 2.005 1.591 1.000 0.977 0.211

Shelf - Optimal variable subset with min(CV)/CV > 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.038 0.027 0.022 0.021 0034 0032 0018 0.024 0037 0.041 0.042
bpp 0.038 0.042 0.047 0.056 0.117 0.032 15.65 0.091 0.054 23.58 16.44
brp . 0.093 . 0.074 . : . : . : :
bras . . 0.142 . 0.034 . 0.050 X . 0.059 :
bwp 0.033 0.019

CV 6.667 4.070 5.461 6.557 3.162 3.852 2.064 1.592 1.000 0.977 0.212

Slope - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.109 0.024 0.024 0.024 0.039 0.052 0.110 0.156 0.059 0.049 0.034
bpe 0.036 0.045 0.031 0.053 0.051 0.039 0.028 0.010 0.033 0.012 0.010
brp 953.61 77.93 39.11 0.148 0.416 53.29 53.92 0.062 0.122 0.191 0.117
bras 1.054 68.54 0.025 0.098 52.83 0.211 64.57 0.084 0.059 0.104 56.64
bwp 0.068 0.237 34.71 78.75 0.106 53.20 0.482 0.182 0.060 63.44 51.54

CV 3312 5.441 7.005 9.631 4.061 2985 3.010 7.536 7.156 14.07 3.826

Slope - Optimal variable subset with min(CV)/CV > 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.109 0.025 0.024 0.027 0.039 0.0560 0.109 0.137 0.022 0.048 0.084
bpp 0.036 0.049 0.031 0.059 0.051 0.032 0.028 0.010 0.030 0.012 0.011
brp . . . . . . . 0.062 0.066 0.099 .
brm . . 0.025 . . . . . . .

bwp 0.068 . 0.106

CV 3314 5.733 7.005 9.990 4.085 2.996 3.013 7.869 7.537 14.58 4.040
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Table 5.4b. Same as Table 5.4a, except for generalized cross-validation (GCV).

Year

Shelf - All Variables
84 85 36 87 88 89 90 91 92 93

196

94

bsp
bpp

brp
brar

bwp

0.043 0.027 0.023 0.016 0.036 0.020 0.024 0.019 0.026 0.039
0.056 34.70 0.055 42.78 18.86 23.71 29.91 23.49 1447 23.69
0.781 0.091 38.89 52.41 0.148 23.56 0.314 23.77 27.24 23.62
0.086 34.10 0.165 51.22 21.55 23.13 0.254 24.03 1643 0.224
73.33 32.03 39.17 49.24 13.39 24.00 28.60 22.53 13.57 23.69

0.002
0.070
0.099
0.059
1.000

GCV

Year

5.976 4.624 3.732 6.337 3.595 3.161 2.542 1.635 0.953 1.036

Shelf - Optimal variable subset with min(GCV)/GCV > 95%
84 85 86 87 88 89 90 91 92 93

0.000

94

bsp
bpp

bre
brar

bwbp

0.048 0.024 0.023 0.016 0.035 0.020 0.024 0.019 0.026 0.041
0.068 32.86 0.055 32.62 16.28 24.70 29.69 24.29 2645 23.48

0.165

0.003
0.070

0.060

GCV

Year

6.014 4.821 3.732 6.337 3.710 3.161 2620 1.635 0.953 1.071
Slope - All Variables
84 85 86 87 88 89 90 91 92 93

0.000

94

bsp
bpp

brp

bwp

0.070 0.014 0.044 0.029 67.66 0.065 0.142 0.135 0.057 0.494
0.025 0.013 0.104 51.73 71.04 0.049 0.031 0.020 0.034¢ 0.023
0.046 0.060 69.76 31.06 0.044 73.75 51.46 0.090 0.089 0.089
0.262 0.017 78.68 0.089 69.81 79.33 57.31 73.82 0.141 0.039
68.33 0.011 73.72 58.60 0.177 72.46 50.44 74.04 97.52 99.86

0.090
0.012
57.52
56.34
30.85

GCV

Year

5.859 0.017 5.729 11.20 6.295 4.142 3.498 5.735 6.311 12.31

Slope - Optimal variable subset with min(GCV)/GCV > 95%
84 85 86 87 88 89 90 91 92 93

5.731

94

bpp

brp
brum

bwp

0.101 0.000 0.044 0.030 48.61 0.065 0.142 0.135 0.057 0.494
0.045 0.011 0.104 61.19 42.08 0.049 0.031 0.020 0.034 0.023
. . 0.029 . . 0.090 0.089 0.089

0.002 . . . . . . 0.141 0.039

0.090
0.012

GCV

5.940 0.000 5.729 11.74 6.488 4.142 3498 5.735 6.311 1231

5.731
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Table 5.4c. Same as Table 5.4a, except for Generalized C, (GC,).

Shelf - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.020 0.024 0.021 0.007 0.015 0.008 0.014 0.017 0.031 0.043 0.087
bpp 0.009 0.010 0.016 0.055 0.035 8989 17.71 17.59 22.99 2272 31.72
brp 0.174 12.28 0.113 0.009 13.38 8.773 17.23 18.44 21.52 23.38 31.92
brar 0.145 0.166 0.150 0.163 0.008 1.759 0.062 19.78 23.90 0.251 30.82
bwp 42.87 0.005 0.035 24.72 12.64 8837 0432 1578 23.62 23.46 32.00

GC, 1894 1.938 1.907 1958 1.874 1.797 1.770 1.394 1.005 1.053 0.472

Shelf - Optimal variable subset with min(GC,)/GC, > 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.020 0.017 0.002 0.000 0.009 0.008 0.014 0.017 0.031 0.043 0.087
bpe 0.002 0.006 0.031 0.097 0.009 10.46 1.000 1.000 23.23 2291 24.26
brp . . . . . . . . . . .
bras . . . . . . 0.062

bwp

GC, 1921 2040 1.999 2.000 1.941 1.798 1.772 1.394 1.005 1.073 0.472
Slope - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.061 0.018 0.020 0.007 0.046 0.029 0.050 0.015 0.010 0.030 0.013
bpp 0.019 0.013 0.015 1247 0.019 0.027 0.010 0.015 0.016 0.018 0.009
brp 0.010 31.77 0.056 0.034 0.081 0.102 43.36 0.096 33.17 0.022 34.13
brayy 0268 0.734 17.06 9.920 29.98 41.13 43.52 0.081 0.050 0.332 33.44
bwp 32.12 0.263 19.02 0.110 0.097 32.78 0.541 45.75 29.81 43.04 33.45

GC, 1.837 1.805 1.939 1.964 1.928 1.849 1.806 1.900 1.876 1.875 1.895

Slope - Optimal variable subset with min(GC,)/GC, > 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.044 0.017 0.004 0.001 0.017 0.020 0.053 0.004 0.009 0.030 0.013
bpp 0.020 0.009 0.022 1.000 0.036 0.026 0.008 0.021 0.015 0.017 0.009
brp 0.010 . . . . . . . . 0.022 .

GC, 1872 1.809 1979 2.000 1.949 1.933 1.807 1.967 1.919 1.889 1.895
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Table 5.15a. Cross-validation (CV') variable selection results. The Negative Binomial
scale parameter is k = 0.65 for all subsets. The bandwidths are for SP-
spatial location, DP-depth, T P-temperature, T'M-time, W D-wind speed.

Shelf - All Variables

Year 84 85 86 87 88 89 90 91 92 93 94
bsp 0.038 0.028 0.017 0.019 0.034 0.023 0.022 0.030 0.032 0.046 .
bpp 0.031 0.025 0.040 0.021 0.077 0.054 0.240 0.126 18.95 13.51
brp 0303 0.091 0.079 0.105 32.98 32.74 0.156 24.63 27.43 0.135
brar 0.126 0.104 0.083 18.22 0.069 0.814 0.112 26.42 0.557 0.058
bwp 0.030 0.125 0.070 0.122 0.189 23.45 0.197 0.535 0.088 0.059

CV 0.649 1.005 0.630 0.904 0.728 0.656 0.655 0.661 0.512 0.474

Shelf - Optimal variable subset with min(CV)/CV > 95%

Year 84 85 86 87 88 89 90 91 92 93 94
bsp 0.038 0.028 0.019 0.018 0.034 0.023 0.022 0.030 0.033 0.048 .
bpp 0.031 0.024 0.041 0.038 0.081 0.053 0.519 0.120 23.68 0.099

brp 0303 0.101 0.088 . . . . . . .

brar 0.126 . . . 0.068 . 0.098 . . 0.081

bwp 0.030

CV 0.649 1.025 0.657 0.948 0.732 0.656 0.665 0.662 0.517 0.494

Slope - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.105 0.070 0.080 0.030 0.054 0.051 0.125 0.193 0.042 0.087 0.538
bpp 0.062 0.015 0.070 0.085 0.052 0.038 0.032 0.033 0.032 0.026 0.025
brp  87.40 36.30 0365 0.199 53.13 39.74 2547 0.069 0.064 0.240 32.05
brar 70.64 0.066 0.135 27.86 45.31 0.183 32.88 0.117 0.097 0.655 0.213
bwp 0.298 0.063 36.50 0.156 0.106 39.65 33.18 32.23 0.513 44.61 37.81

CV 1.036 1.154 0967 1.168 1.146 0.787 0.838 1.111 0.902 0.990 0.995

Slope - Optimal variable subset with min(CV)/CV > 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.107 0.070 0.073 0.044 0.054 0.050 0.125 14.94 0.042 0.045 0.617
bpp 0.055 0.015 0.072 0.090 0.052 0.031 0.032 0.033 0.032 0.045 0.025

brp . . . 0.209 . . . . 0.065
bras . 0.066 . . . . . . 0.097
bwp . 0.063 . . 0.106

CV 1044 1.154 0970 1.189 1.146 0.809 0.838 1.134 0.903 1.024 1.001
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Table 5.15b. Same as Table 5.15a, except for generalized cross-validation (GCV).

Year

Shelf - All Variables
84 85 36 87 88 89 90 91 92 93

199

94

bsp
bpp
brp
bras

bwp

0.055 0.032 0.025 0.023 0.040 0.027 0.026 0.036 0.032 0.051
30.86 30.40 0.062 19.34 9.674 13.80 19.00 15.14 14.75 12.08
26.86 0.090 20.61 36.61 0.314 36.18 28.03 29.44 16.47 0.302
30.25 32.36 0.828 43.10 17.41 8.718 0.589 40.26 0.353 0.129
30.34 30.71 20.96 23.55 23.59 30.80 36.30 24.59 32.95 34.35

0.029
0.049
0.109
0.089
0.101

GCV

1.098 1.322 0.967 1.154 0.892 0.777 0859 0.720 0.541 0.525

Shelf - Optimal variable subset with min(GCV)/GCV > 95%
84 85 86 87 88 89 90 91 92 93

0.000

94

bsp
bpp
brp
b
bwp

0.055 0.028 0.025 0.023 0.037 0.027 0.026 0.036 0.031 0.051
17.65 24.15 0.062 13.96 18.33 18.32 23.28 8.164 26.01 12.91

0.136

0.032
0.038

0.081

GCV

Year

1.098 1.347 0.967 1.154 0.899 0.777 0.860 0.720 0.542 0.528
Slope - All Variables
84 85 86 87 88 89 90 91 92 93

0.000

94

bsp
bpp

brp
bras

bwbp

0.007 0.004 0.075 67.03 0.312 40.94 0.276 33.67 0.007 0.173
0.007 0.010 0.097 0.020 14.16 0.067 0.068 0.031 0.009 0.043
0.004 0.280 36.96 0.508 10.02 0.130 0.340 0.418 0.005 56.49
1.333 0.004 45.23 0.202 14.06 40.87 27.41 38.95 1.000 53.83
0.048 0.130 42.82 56.47 16.72 41.82 1.799 32.20 1.000 56.21

34.29
0.022
38.94
29.40
39.10

GCV

Year

0.000 0.001 0.984 1.309 1.598 1.266 0.889 1.173 0.000 1.311

Slope - Optimal variable subset with min(GCV)/GCV > 95%
84 85 86 87 88 89 90 91 92 93

1.033

94

bsp
bpp

brp
brum

bwp

0.008 0.004 0.075 55.41 0.153 31.15 0.187 37.44 0.007 0.173
0.007 0.010 0.097 0.020 0.083 0.070 0.037 0.031 0.009 0.043
0.003 . . . . . . . 0.005

0.004 . 0.202

30.77
0.022

GCV

0.000 0.010 0.984 1.315 1.606 1.312 0913 1.184 0.000 1.311

1.033
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Table 5.15¢c. Same as Table 5.15a, except for Generalized C, (GC,).

Shelf - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.058 0.031 0.027 0.024 0.049 0.033 0.031 0.043 0.050 0.073 22.84
bpp 31.52 23.19 18.74 21.93 16.49 8.437 19.85 15.57 15.70 20.67 22.32
bre 28.74 0.087 2095 34.81 0.324 2744 32.65 29.45 26.32 25.10 22.32
brar 30.99 2479 21.09 3842 0.718 3743 1.314 39.45 21.88 0.170 0.195
bwp 32.13 23.54 1823 26.50 3241 18.75 37.68 26.64 38.99 34.14 23.05

GC, 1.092 1.246 1.010 1.137 0.923 0.841 0.924 0.779 0.649 0.633 0.079

Shelf - Optimal variable subset with min(GC;)/GC, > 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.058 0.026 0.027 0.024 0.047 0.033 0.031 0.043 0.050 0.066 23.16
bpp 17.95 19.08 19.09 20.55 21.40 18.60 2541 21.45 23.25 19.90 2281
brar . 3 . . . . . . . . 0.195
bwp

GC, 1.092 1.268 1.010 1.137 0.929 0.841 0.924 0.779 0.649 0.646 0.079

Slope - All Variables
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.099 0.035 0.087 0.113 0.108 40.06 22.36 33.60 0.050 0.149 30.03
bpp 0.119 0.038 0.107 0.098 0.062 0.064 0.118 0.031 0.035 0.043 0.023
brp 0.424 49.05 3791 0.356 42.33 0.117 0.303 0.407 37.40 45.27 32.06
brae 55.04 5044 44.69 0.132 4092 40.11 44.30 35.07 31.90 44.00 25.99
bwp 26.13 2642 4281 41.68 41.97 40.78 0.426 30.32 38.84 43.77 34.66

GC, 1.192 1.597 1.025 1.373 1.408 1.226 0.912 1.154 1.367 1.241 1.037

Slope - Optimal variable subset with min(GC,)/GC, > 95%
Year 84 85 86 87 88 89 90 91 92 93 94

bsp 0.104 0.035 0.087 0.100 0.108 30.47 33.78 35.81 0.050 0.149 31.88
bpp 0.094 0.038 0.107 0.089 0.062 0.063 0.120 0.031 0.035 0.043 0.023
bru
bwp

GC, 1.199 1.597 1.025 1.432 1.408 1.281 0.947 1.164 1.367 1.241 1.037
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5.12. Appendix: Figures

1984, Dev Diff=34.19, DF Diff=25.7 1985, Dev Diff=24.43, DF Diff=25.41
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Figure 5.1a: Difference between the CV by, per observation deviance for the model
with all covariates and the model with spatial location and tow depth.
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1990, Dev Diff=20.27, DF Diff=39 1991, Dev Diff=47.05, DF Diff=24.4
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Figure 5.1b: Same as Figure 5.1a.
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Figure 5.2: "Robustified” smoothing analysis of trawl wing-spread data. See text for
details.



CHAPTER 5. MODEL SPECIFICATION 204

1984, Dev Diff=10.69, DF Diff=10.06 1985, Dev Diff=62.7, DF Diff=44.95
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Figure 5.3a: Difference between the CV by, per observation “cleaned” deviance for
the model with all covariates and the model with spatial location and tow depth.
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Figure 5.5: Year and location of type II catches.
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Figure 5.6a: Smoother predicted type I cod catches. The kernel smoother is based on
spatial location and depth of tow.
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Figure 5.7a: Smoother standardized type I residuals. The kernel smoother is based
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6.1. Introduction

In this chapter we produce confidence intervals for 3NO trawlable stock size based on the
mixture model. The basis for inference is as follows. We assume that the trawl catch at
tow station 7 in year ¢ can be adequately described by a random variable (rv) Y. Let
i.; be the trawlable abundance of fish in the water column above tow station i. The
distribution of Y;; involves p,; and other parameters. Our aim is to construct inferences
about g, = >, u,; based on a sample of the Y;’s. The sum is over all trawling stations
in 3NO.

The analyses in Chapter 5 dealt with specifying the details of a stochastic model
for trawl catches that can be used for stock size inferences. This model is a mixture
of two random components. One component represents trawl catches that are locally
dependent; that is, catches that vary smoothly as a function of covariates. We refer to
these as type I catches. In Chapter 5 we concluded that spatial location and tow depth
were the most useful covariates to include in a model for the mean of the random variable
we use to stochastically model type I catches. Based on these covariates we developed a
nonparametric regression model for type I catches. This model essentially estimates the
mean function using locally weighted averages. The weights were specified in Chapter 5.
The other component of the mixture model represents occasional large catches that are

inconsistent with our model for type I catches. We call these inconsistent catches type

213
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IT's. We assumed that the stock components producing type II catches are present in the
3NO survey region every year, but sometimes are not detected because the areal extent
of these components is quite small. We postulated a simple model for type II catches in
which the mean is constant from year to year, and also spatially constant. The mixture
proportions were assumed to vary over three large spatial regions. In Chapter 5 we
identified six type II catches in the 3NO research survey series from 1984-1994.

We develop inferences for type I and type II stock components separately, and then
combining results to get confidence intervals for p,. If we let uf; denote local type I
trawlable stock abundance, then we first consider asymptotic inferences for yuf; and then
¢ This involves considering the large sample distribution of standardized estimators of
pk and pf. Next we consider asymptotic methods for inferences about p!! - local type II
trawlable abundance. We use profile likelihood methods to combine results for inferences
about g, , which is a weighted sum of ! and p’.

The outline of this chapter is as follows. In Section 6.2 we use the mixture model to
estimate total trawlable stock abundance in 3NO. In Section 6.3 we develop methods
for constructing confidence intervals for total trawlable stock abundance, and apply these
methods in Section 6.3.4. We test some of the confidence interval theory in Section

6.4 using simulations on a known population. Conclusions are presented in Section 6.5.

6.2. Mixture model estimation

In Chapter’s 4 and 5 we concluded that a sensible approach to modelling trawl survey
data is to assume that Y;;, the random variable for the trawl catch at tow station 7 in year
t, is a mixture of two rv’s representing type I and type II catches. Recall that most catches

are type I's, while occasional large catches that are inconsistent with nearby catches are
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type II’s. The mixture model is
Yu= Q- LY+ LY (6.2.1)

where Y/ and Y;}! are rv’s for the two stock components. The mixture indicator random
variables I; are all independent with expectations p;. The mixture proportions, p;’s, are

assumed to be equal throughout three large geographical areas in 3NO.

p', if i € southwestern Grand Bank slope,
pi = ¢ p?, if i € southeastern Grand Bank slope,
p3, if ¢ € Grand Bank shelf.

For simplicity we assume the three p*’s are known exactly, although we estimated these in
Chapter 5. We will not consider uncertainty in our inferences arising from the unknown
mixture proportions; however, in the next section we will consider the sensitivity of our
inferences to other reasonable mixture proportions.

Type I catches are denoted as Y7’s, where Y *X" NB(ul, k'), and pf = pl(x:) is
a smooth function of covariates x;’s (latitude, longitude, and depth of the tow). NB
denotes the Negative Binomial distﬁbution (see Section 5.4 in Chapter 5). Type II
catches are denoted as Y'7’s, where Y “X* NB(u!, kf7); that is, the mean of Y;// does
not depend on location or year. This assumption is based on habitat selection concepts,
where fish move into favorable habitats as space becomes available, thereby maintaining
their density in small amounts of highly favorable habitat as overall density declines. This
assumption was discussed in more detail at the beginning of Chapter 5. We assume that
the Y;I’s and Y;/?’s are also independent. The expected catch using (6.2.1) is

i

E(Yu) = py = (1 — pu)ul; + preps™.
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6.2.1. Estimates of 3NO trawlable stock size, u,

We can estimate trawlable stock size by estimating each p,; and summing z over the
roughly 2.5 million trawl stations in 3NO. If we let r = 1, 2, 3 index the three geographical

areas mentioned above, then the estimator of p, is
e =Y (L= + Q_pN)A", (6.2.2)

where jiI_ is the estimator of type I stock size in region r and year ¢, N, is the total
number of trawl stations in region r, and }__p"/V;. is the total number of trawl stations
with type II stock components. Unfortunately we do not know the covariates required to
estimate ! (x;) everywhere, so this approach is not possible. We do know the covariates
for a large number of tow stations randomly sampled during many surveys however, and
we will use this information to assist in estimating g, .

We can pool covariates from annual research surveys to provide a large sample of
covariates for the population. This sample is much larger than the number of trawl
stations sampled each year. This is possible because the covariates we consider (spatial
location and tow depth) do not change over time. In addition, many tow stations are
sampled for experimental purposes, apart from the regular survey design, and we can also
add these to our pool of covariates. It seems reasonable to assume that this large sample
of covariates are random with strata, but not between strata. The “density” of covariates
varies between strata; that is, if NV; is the total number of tow stations in stratum h and
M, is the total number of random stations in this strata that we have covariate values
for, then M} /N}, varies with h. We must account for this in estimation. Let H, denote

the number of strata in region r. The estimator we use is

I Hy NI; Mp T H, -
Her, = Z E Zﬂt (X,) = E Nifigy,
h=1 h=1

=1
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where [,(x;) is the average predicted trawlable stock size for the random tow stations
selected in stratum h. Note that L, is not a stratum average of catches; in fact, the
estimate for each station is based, in part, on locally weighted averages of type I survey
catches for all strata in year y.

We demonstrate using simulations in Section 6.4 that estimation of a population
total based on a large sample of covariates is almost as good as estimation using the
covariates for the entire population. The basic idea here is to weight the catches in our
sample by the representativeness of the corresponding covariates in terms of the covariates
for the whole population. For example, if a catch occurs at a depth that is infrequent
in the population, then that observation should receive less weight for estimation than
catches that occur at depths that are frequent in the population.

We restrict our random covariate samples to the 300-series strata (see Tables 3.3a-k)
because these are the strata sampled continuously throughout 1984-1994 and we do not
wish to extrapolate densities in deep-water strata in years in which these strata were
not sampled. Because of the increased precision in measurements of spatial location and
depths in the 1990’s we base our covariate sample on the 1636 tows DFO has conducted
in 3NO since 1990. Most of these tows are not included in the data set we have analyzed
so far because they were taken after 1994, or at different times of the year, or were not
survey tows, etc. The density of covariate samples varies considerably between strata,
and this is why we use a strata-size weighted total. For example, the density ranges from
47 stations in strata 332 (0.05%) to 24 in stratum 335 (0.55%). The average density is
0.14%.

The estimator of u(x;) proposed in Chapter 5 is a simple locally weighted average
(smoother) of trawl catches. The bandwidths we use for smoothing are those in Table 5.19.
The values of the NB k parameter we use for inferences are also listed in Table 5.19. We
used this model in Chapter 5 to predict local abundance at all the trawl stations sampled
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each year. In this section we merely use the model to predict local trawlable abundance
at the nonsampled tow stations we have selected. These predictions are simply weighted
averages of type I catches each year in the survey. Estimates of annual type I trawlable
abundance for each region (i) are presented in the middle three columns in Table 6.2,
and will be discussed shortly.

The type II catches identified in Chapter 5 are listed in Table 5.16. Based on these
data, i'Y = 1629, and kT = 8.86. The deviance for the type II catches in 6.11, which is
only slightly larger than df*" = 5. This indicates that the NB model fits these data well.
The total number of type II catches identified for the three regions outlined in Section

5.7 in Chapter 5, and the p", are presented in Table 6.1. In this table 27 = p" N, !l is

Table 6.1. Summary of type II catches. N, is the number of trawlable
units in a region. !’ is the total type II trawlable abundance.

in 1000s.
Region (r) Number Total number 2 N, i
type II sets examined
SW slope in 30 4 385 0.0104 357756 6054.9
SE slope in 3N 1 257 0.0039 157305 997.1
3NO shelf 1 ' 1270 0.00079 2075525 2662.2

the estimate of total type II trawlable stock size for region . The sum of type II trawlable
abundance for the three regions is 9.714 million, which suggests that approximately 20000
tonnes of cod aggregate in spatially-small dense schools each year, based on an average
weight per fish of a little over 2 Kg.

The estimates of mixture proportions are based on small sample sizes, because the
total number of type II catches is very small. The total number of trawl stations with
type II stock components is ) . p" IV, = 5963. If we assume that the mixture proportions
are constant throughout 3NO then p = 6/1912, which is the total number of type II
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catches divided by the total number of tows during 1984-94. Using this value the total
number of trawl stations with type II stock components is pN = 8129, which is 36%
greater than 5963. This gives a total type II trawlable stock biomass of about 27000
tonnes, and has an appreciable effect on estimates of trawlable stock abundance. This
demonstrates that our assumptions about the incidence of type II stock components has
influence on our estimates.

As a simple test of whether the mixture proportions differ between the three geographic
regions we assume within each region that the number of type II catches identified is
Bin(p™,n.), where n, is the total number of samples collected for region r in the 3NO
research survey during 1984-94. Fisher’s exact test for

H, : p' = p? = p® versus H, : not so

gives a p-value = 0.015, which is strong evidence against the null hypothesis. An equiv-
alent test for just the two slope regions gives a p-value = 0.653. This suggests that the
incidence of type II catches is not significantly different for the two slope regions. If we
make this assumption then the total number of trawl stations with type II stock compo-
nents is 5646, which is nearly identical to the value we use (5963), and this assumption
would result in only small changes in our estimates of stock abundance. We choose not to
combine estimates for these two slope regions because of the different nature of the envi-
ronment between these regions. We conclude that although our estimates of the mixture
proportions are based on small sample sizes we feel that our estimates will not change too
much for other mixture proportions that are reasonably consistent with the incidence of
type II catches in our data.

Estimates of annual type I trawlable abundance and total abundance for both stock
components are presented in Table 6.2. In this table £, is the sum of the type I abundance
from each region plus 9714.2, which is the total type II abundance in Table 6.1. These
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Table 6.2. Mixture model estimates of annual
trawlable stock abundance. fil. is
total type I trawlable abundance in
each region. i, is total trawlable
abundance. Numbers are in 1000’s.

220

f,

Year | SW slope SE slope 3NO shelf e

1984 1430.3 1515.6 92688.6 | 105348.8
1985 3896.5 9541.1 37556.6 | 60708.4
1986 3146.7 5908.4 23475.0 | 42244.3
1987 16144.3 4069.5 159608.6 | 189536.5
1988 4287.6 1216.0 27341.2 | 42559.0
1989 2469.9 1456.2 18158.8 | 31799.1
1990 3567.8 1751.9 18799.6 | 33833.5
1991 4610.1 2690.2 5072.8 { 22087.3
1992 7490.4 5478.6 2197.3 | 24880.4
1993 | 35969.5  1442.9 1511.2 | 48637.8
1994 8645.0 780.1 236.3 | 19375.6

values are also plotted in Figure 6.2 in Section 6.3.4, along with the stratum area-
weighted averages used by DFO (see Table 3.4a). The mixture model confidence intervals
presented in this figure are described in the next section. The stratum-means confidence
intervals are based on +2 standard errors, and these are described in Chapter 3 and
presented in Table 3.4a. The mixture model suggests much different trends in 1992-94,
with population abundance apparently increasing 3-fold in 1993 then decreasing 3-fold,
whereas stratified-means suggest a 10-fold increase in 1993, and a 20-fold decrease in 1994.
The mixture model has lead to some smoothing, with lower peaks and higher valleys in
Figure 6.2 than the stratified-means.
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6.3. Inferences

In this section we develop confidence intervals for annual trawlable stock size, p,. The
basic procedure we use is to develop an asymptotically pivotal statistic for uf, and com-
bine this with the distribution of 2/, which is proportional to a NB random variable.
Recall that our estimator of , is a weighted sum of fi{ and z’/. We use the profile likeli-
hood procedure (see Barndorff-Nielsen and Cox, 1994) to develop confidence intervals for
1. based on likelihoods for pf and p!!. We approximate the distribution of the profile
likelihood statistic as chi-square with one degree-of-freedom. We first consider the consis-
tency of ff(x) for uf(x), and then consider the consistency and asymptotic distribution
Of fie. = Fher 2 Tilh iy (x2). |
We assume throughout this section that survey trawl catches are independently dis-
tributed as either NB{u{(x;), k} for type I catches, or N B(u?, k*!) for type two catches.
We assume that the &’s are known because of the confounding between bandwidths and
k, as discussed in Chapter 5. We investigate the sensitivity of this assumption using
simulations. For type I catches we take k = 0.89 for the 3NO shelf region, and k = 0.44

for the slope region. These values were derived in Chapter 5.

6.3.1. Consistency of ji!(x)

In this section we show that i (x) is consistent for local type I trawlable abundance,
i (x), under some reasonable conditions on the bandwidths and local weights. We treat
the local weights as fixed; that is, we do not explicitly consider that the bandwidths are
chosen to minimize a criterion based on the responses; however, we do consider the impact

that the method for choosing bandwidths may have on asymptotic inferences.

Remark 5. For simplicity we drop the t and I notation in this section.
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The abundance estimator is based on survey catches, (y1,X1),---y (Yn,Xr), Wwhere the
y’s are the trawl catches and the x’s are p x 1 vectors of covariates. In this chapter
p = 3, because the only covariates we consider are latitude, longitude, and tow depth.
The estimator is simply a weighted average of the y’s, where the weights are all positive

and sum to one. The estimator is
A(x) =D Wi(x)Y;, (6:3.1)
i=1

where

exp {— 2%, (zix — zx)*/267}

Wit = S exp (= SL (o — )%/ 2F

and zy is an element of x. We have dropped the bandwidth notation in W'(-).

Locally weighted average-type estimators like (6.3.1) have been extensively studied
in the statistical literature. A common approach when investigating the distributional
properties of (6.3.1) is to assume both Y; and x; are random (for example, see Hirdle,
1991). Stone (1977) considered conditions for the weights so that (6.3.1) is consistent
for p(x). In keeping with the standard practice of conditioning on the covariates in a
regression analysis, we assume that the covariates are not random. Ruppert and Wand
(1994) also assumed the same. Stone’s (1997) results can be easily modified for this
setting. We also assume that the survey design is such that as the sample size increases
the sampled sites spread out evenly; that is, we do not sample specific areas much more
frequently thé,n other areas. For the 3NO survey design this is true.

The expected value of the estimator of local stock abundance is

E[px)] =) _ Wi(x)u(x:),

=1
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which can be written as
Ep(x)] =Y Wi p(x:) [gpeiigat + 2 Wil) () Igpe-xil>a}
t=1 =1

for some constant a > 0. We assume the Lipsitz condition for local stock abundance,
lu(x) — p(x+ d)| < cldl],

where ¢ is also a constant. Let b;(x) = p(x;) — p(x). Using this assumption we have that

Y oWix) B = D W) 15| Tgiidisar + Y Wal) 18:(0) ] Lgi—xi>at

i=1 i=l1 i=l1

< ca Z Wi(x) I{jx—xi|I<a} + Z Wi(x) {6:(3)} Igie—sfi>a}s

=1 i

< ca+max [bi(x)| Y Wil ie-xiii>a}-

g==1

The following condition establishes the asymptotic unbiasedness of ji(x).

Asn— 00, > Wi(x)[jx-xii>a} — O for all @ > 0. (6.3.2)

=1

Because max; b;(x) = max; |p(x:) — u(x)| is bounded the first term on the right-hand side
of the inequality goes to zero using condition (6.3.2). Since @ can be made arbitrarily

small we have that

S Wiutx) — p(x) as n - oo;

i=1

hence, i1(x) is asymptotically unbiased for p(x).
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Condition (6.3.2) follows if the bandwidths decrease as n gets large, and if the covari-
ates spread out evenly. Roughly speaking for the covariates we mean that their density
remains bounded away from zero; that is, for any covariate region A,

Z?—-—-l I(x; € A)
n|A]

> 0, as n — oo. (6.3.3)

Data-driven methods of bandwidth selection (e.g. GC,) have the property that band-
widths decrease as n increases. We demonstrate that (6.3.2) holds with the assumptions
about bandwidth size and covariate density using a simple example at the end of this
section.

We can easily show using Chebyshov’s inequality that i(x) L u(x) if, in addition to
being asymptotically uni)iased, Var [i(x)] — 0 as n — oo. The variance for ji(x) is

Var(aGa] = Y WAG)Var(¥d),

=1

< {m?x Va:r(Y,-)} 21_:: W2 (x).
=1

For our problem it is reasonable to assume that 0 < ¢ < Var(Y;) £ M < oo for all 4,
where € and M are constants. Hence, Var [(x)] — 0 if

ZW,?(X) — 0 as n — oo. (6.3.4)
i=1
Because the weights are constrained to sum to one (6.3.4) is equivalent to max; W;(x) — 0,
and this implies than the bandwidths must not decrease too slowly with n. Hence, if

conditions (6.3.2) and (6.3.4) hold then f(x) is consistent for p(x).
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Example

We illustrate, using a simple example, that (6.3.2) and (6.3.4) hold if, as n — o0, b, — 0
and nb?, — oo. These are the basic assumptions often made in nonparametric kernel
regression. Consider the case when p = 1, = = 0, and the z; all have densities that are

uniform on (—1, ). We can rewrite 37 ; Wi(x)I{jjx—x|>o} in (6.3.2) as

- >y (2m) 72 (nbn) ! exp (=27 /262) Lz >a)
Wi I x—X;||]>a u L L h
Z M (jix—xili>a} = S o, (2m)=12(nb, )~ exp (—z2/2b2)

=1

Taking limits, for the denominator we have

2
~1/2 -1
lim ;(%) (nbn) ™ exp (%2 )
1/26,
= lim (27) "2 exp(—22/2)dz,
n—oo J_) o,

= lim 1—2&(—1/2b,).

This limit is one if b, — 0 as n — co. For the numerator, if a > 0 we have

2
Jim Z(zﬂ' )2 (nbo) " exp ( 552 ) Lizi>a}s

=1
1/2b,
= lim (27) "Y/2 exp(—2%/2)dz,

n—og G/b“

= lim ®(1/2b.) — B(a/ba).

This limit is zero with our assumption about by; hence, if b, — 0 as n — co then (6.3.2)

is holds.
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In a similar manner we can rewrite Y ., W2(x) in (6.3.4) as

C gy (2m) 72 (nb) " [0 (2m) M2 (nba) ~t exp (—22/67)]
;:f i) = (o1 (2m)=Y/2(nb,) 1 exp (—z?/22)]

The limit as n — oo of the denominator is again one. The limit of {-] in the numerator is
2-1/2 hence, if nb, — 00 as n — oo then the limit of the numerator is zero, and (6.3.4)
is satisfied. Note that if £ is p x 1 and the bandwidths are the same for each element in
z then we require only that ¥, — 0 as n — oo and nb?, — oo as n — oo. These results

make more precise how the bandwidths must decrease as n increases.

6.3.2. Consistency and asymptotic normality of [1.{

In this section we show the consistency of ﬂ.{ for u!, and asymptotic normality of [zf , for
some reasonable conditions on bandwidths and local weights. In this section we again
drop the ¢ and I notation for simplicity; however, we will re-introduce this notation later.
We use the asymptotic normality result to develop approximate confidence intervals for
pl. For simplicity we assume for now that all the population is composed of type I stock
components. We first deal with the case when the covariates are known for the entire
population; that is, xi, ..., Xy are kﬁown, then we consider the case where the covariates
are known only for a large stratified simple random sample of tow stations. This sample
includes the stations sampled in our trawl survey data set for 1990-94, and many more

(see Section 6.2.1 for details).

Remark 6. When referring to covariates that are observed each year in surveys we use
the ¢ subscript (i.e. x;), while we use the j subscript when referring to covariates in our

“population” sample (i.e. x;).

In the following analyses we develop asymptotics by imbedding our finite population

of tow stations into an increasing sequence of finite populations of size N(v), where
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N(v) = oo and n(v) = oo.

Covariates known for the entire population

The estimate of z is just a sum of locally-weighted averages that we use to estimate the

stock abundance at random trawl stations. That is,

N
po=Y px),
j=1
where f(x;) is a nonparametric estimate of local trawlable abundance at tow station 7,
and N is the total number of tow stations in the population. Note that the x;’s are the
covariate values for the entire population, and not just the sampled trawl sites. We can

also express i as

n
Bo=Y flv,
i=1
where f = E;.V:l Wi(x;)- The fF provide a relative measure of how representative the
sampled x;’s are in terms of the population x;,...,xy. Note that 3"~ ff = N. Ina
sense i is similar to the expansion estimator of T' = Zil y;; that is, T = Sty
(see Section 3.3.2). Whereas the w weights give pre-data collection measures of how
representative the sampled x’s are in terms of the population, the f* weights give a

post-data collection measure of the same thing (see Chambers ef. al., 1993).

Remark 7. In what follows let f; = ff/N = E:; , Wi(x;)/N, which is an estimate of

the density of x; among X, ..., XN

Note that f;’s behave like densities in that Y . | fi = 1.
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Consistency It is convenient to first deal with

N
_ 1 _ B

We have shown in Section 6.3.1 that when (6.3.2) holds bias{i(x:)} — 0 as n — oo.

This is implied when the bandwidths decrease as n increases and (6.3.3) holds; that is,

the covariate density remains bounded away from zero. Because of the continuity of u(x)

we can also show using the bounded convergence theorem that when b, — 0 as n — oo

and (6.3.3) holds uniformly for all z;,
L X

E(iy) — By = ’1\72 [E{a(x:)} — u(x:)] = 0 as n — oo. (6.3.5)
=1

In many situations the biases for the f(x;)’s may cancel, so i, may be asymptotically
unbiased for iy even if (6.3.2) doesn’t hold. If, in addition, we have that

max f; — 0 as n — oo, (6.3.6)

then we can show using Chebyshov’s inequality that Zzy is consistent for zy. Condition
(6.3.6) essentially requires most sampled covariates to be representative of population
values.

Asymptotic normality We establish the asymptotic normality of &, in two steps.
First consider the distribution of &, — E(%,). Using Liapunov’s central limit theorem,

ﬁn —E (ﬁn)
s ey VO
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if0<e <o?<M; <ooand0 < ey <E|Y; — p(x:)? < My < oo for all 7, and

lim LZ—ZEI—-E-}[;—//; =0. (6.3.7)
noee (Y 2}
In our application samples are collected, approximately, using stratified random sampling
with proportional allocation, so the f;’s are approximately equal. In this case the skewness
factor in (6.3.7) is O(n~"/%), and the limit is zero.

So far we have shown that a suitably scaled version of [i,, — E(f,) has an asymptotic
standard normal distribution. For inferences it is desirable if [, — iy also has such an
asymptotic distribution, because this result can directly be used for inferences. Other-
wise we have to estimate the bias, or employ some other correction for this term. The

standardized bias is

E(By) — By .
{Z:';l f?o-tg}llz

The bias is not asymptotically negligible in general. A common practice is to use a high-

order kernel to reduce this bias, or to use the bootstrap to estimate the bias. Simulation
results for a population similar to that in our application suggest that this bias is not
large, so we choose simply to ignore it.

Conditions (6.3.5) through (6.3.7), in addition with the above bias argument, imply

ﬁn — ["N ﬁn — /'_LN
S = N(0,1). (6.3.8)
{Vm'@n)}lﬂ (e 2 ‘7?}1/2

Variance estimation Unfortunately the denominator in (6.3.8) involves unknown o¥’s,

so we cannot directly use (6.3.8) for inferences about fiy. We propose a modification for
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Negative Binomial data when k is known, or assumed to be known. In this case
of = p(x:) + p*(x:) /K.
First consider when k is the same for the entire sample. Let

ox = By +HBx/k, and

Up = Z f2.
=1
If Var(i,) was actually v,03, then we would not have to estimate it, because (6.3.8) would
give an asymptotic pivotal statistic for i, which could directly be used for inferences.
The modification we propose uses this idea. We construct confidence intervals using the

approximate pivotal statistic

o~

n

Bn — BN 252 52
~ N(0,1), where d,, = fi6: =65 p [n- (6.3.9)
ol (0% + d] 7 {Z ”} "

i=1

Note that 0% + d, is a difference estimate of ..., f202. If there is little variation in
the p(x;)’s then d, will be close to zero. In this case variance estimation for Negative
Binomial data is not really necessary, and (6.3.9) is the preferred statistic for inferences
about zy. If d, = 0 then confidence intervals based on (6.3.9) will not cover negative
values because the asymptotic pivot — oo as fip — 0. This is important when f is close
to zero. The resulting interval will also be skewed, which is often more realistic than a
symmetric interval.

To apply this procedure to our data a slight modification is required, because we have
assumed two different values of & for the slope and shelf regions. We use an average value

of these two k’s for inferences. As usual let s denote our sample. Let s, = {¢ : x; is on
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the shelf}, and let s, = s\ssn. The average value for & that we use is

2
kslksh sh Zies,h fi

E: = ————

ks1q®® + ksn(1 — g**)’ 7 Sl fE

If the p(x;)’s are all equal to fi, then this value for £ would be the correct choice for
inferences; hence it is the appropriate value to use when there is little variation in the
p(x:)’s. We construct confidence intervals for total trawlable stock size using (6.3.9) with
k in 0%,. Note that we do not use k in d,; the appropriate k are used to compute d,.

We can obtain confidence intervals for xas N x the intervals we obtain for iy using
(6.3.9).

Covariates known for a large random sample of the population

In the preceding section we developed methods for inference about g assuming that the
covariates were known for the entire population. In this section we develop inferences
for p assuming only that the covariates are known for a large stratified simple random
sample of tow stations. Let M} denote the number of tow stations in stratum h that
we use for inferences about . In this section we make the same assumptions as in the
previous section, plus we assume that M = 3=, M, > n.

The estimate of 2 is just a sum of locally-weighted averages that we use to estimate

the stock abundance at random trawl stations. That is,

H Nh My
A.= rva h( ')1
u ;Mh ;l‘ X5

where fi(x;) is a nonparametric estimate of local trawlable abundance at tow station #, N

is the total number of tow stations in the stratum, and H is the total number of strata.
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Using the same notation as in the pervious section, we can write

i, ZNZ fiyi:

=1

where f; = 7 %“- fi‘l W(x; — x;)/N. It is easy to verify that 3, f = 1. The fi’s
are estimates of the f;'s - the population densities of the sampled x;’s. These estimates are
based on a large sample x;, ..., xar- We use over 1600 tows stations for M, so we feel the
fi’s are accurate for the f;’s. If (6.3.5) holds, in addition to the bias argument presented
in the previous section, then (6.3.9) can be used to construct confidence intervals for p .

Comparing the f-weights with the design-based w-weights reveals the difference in
how catches affect our estimate of type I trawlable stock abundance using these two
approaches. In Figures 6.1a,b in the Appendix (Section 6.6) we plot the f —m weights.
The w-weights are for type I catches only, and have been standardized to sum to one.

Several conclusions are apparent:

1. Tows in the deep-water strata (added to the survey after 1990) receive more f-
weight than w-weight. This is because the deep-water strata tows are not included
in the design-based estimates of type I trawlable stock size. On the other hand these
f-weights are not too large because the regression estimate of stock size is based
only on the shallow water region (300 series strata), and observations outside this
region receive less weight than those within this region. This seems reasonable as
well. We would be uncomfortable if the difference between model and design-based
estimates was based on catches from deep water strata that were never sampled
prior to 1991. On the other hand we cannot ignore catches in the deep water strata
either. The approach we have taken weights the deep water catches reasonably.

2. Tows near the 3L boundary usually have smaller f-weights than m-weights. In light
of the stock mixing concerns identified in Chapter 2 for this area, smaller weights
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for these catches seems appropriate.

3. Clusters of tows usually have smaller f-weights than w-weights. In Figures 6.1a,b
this is evidenced by the higher frequency of spatial clusters of x’s than +’s. This
is also intuitively reasonable. Catches at tow sites very close together provide less
information about total stock abundance than catches at tow sites that are spread

throughout the survey region.

4. Tows that surround a large sampling “gap” have higher f-weights than m-weights.
This is because these tows are more informative about trawlable abundance within
the “gap” region that Was not sampled. The design-based estimator has no “knowl-
edge” of sampling gaps, whereas the model-based estimator does, and it uses this
“kmowledge” effectively.

The results in Figures 6.1a,b suggest that the model-based estimator of type I trawlable
abundance weights the sampled catches in a reasonable manner relative to the design-

based stratum-weighted average estimator.

6.3.3. Confidence intervals for u!/

Recall that type II catches are assumed to be i.i.d. NB(u!?, kfY) random variables. It is
easy to show that the sufficient statistic for p!f is Y = 3, Y7 if k is known. If the total
number of type II catches is n’/, then Y |nff ~ NB(n!IpfT, nf k). Following standard
statistical practice, we base inferences involving pff on 3°, Y. If k! is known, which
we assume is the case, then Y//|n!! is pivotal for u!!, and we can use it’s distribution to

construct confidence intervals for pf’.
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6.3.4. Confidence intervals for pu,

In this section we use the profile likelihood method to construct confidence intervals for

pe, =g +pl, = (1—p i, + NTpH,
where N/ = 3" _p"N,. The method is as follows. Let {(z!) and I(u!’) denote the
loglikelihoods for u! and uf?. These are found using the asymptotic normality result for
% in Section 6.3.2 and the distribution of Y #/|n’f given in the previous section. We write
these loglikelihoods explicitly below. If we fix p, as some constant ¢, the distributional

approximation we use for confidence intervals is

pl(c) = =2 [{llc— ") + (&™)} — {1@) + 1B} ~ xi-

Here '’ is the value for p/! that maximizes I(c — pf7) + (7). A (1 —«)100% confidence
interval for z, is given as the smallest (U;) and largest (L.) values of ¢ such that pl(U;)
and pl(L¢) 2 X1,1-a-

More specifically, the loglikelihoods are

Wl 51) = 1h 2 e — pd)?
He s ) = ) og(2m) +log {”n(O'N + dﬂ)} + Un(0% + dn) |’

and

., II I u I Ir NTE!
Uu'y") = yMlog {urr T NUEIT } +nk log {#” T Nnk.rr}

+‘I’(’yII +nHk”) _ ‘I’(TLIIICII) _ ‘I’(yII + 1).

Recall that ¥(-) = log{T'(:)}.

The f;’s are not quite the same as in Section 6.3.2. In that section we assumed there
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were no type II catches (i.e. p = 0), whereas in this section we have these catches. The

appropriate f’s are

23—:1(1 - pr) EhH;I A_A/;% ;!21 W(XJ — X,,).
f:l(l —pr)N:

fi=
The profile likelihood confidence intervals are presented in Table 6.3 and plotted in Fig-

Table 6.3. Mixture model estimates of annual trawlable stock
abundance, f, , with 95% confidence intervals (L,U).
Numbers are in 1000’s.

year L e U | year L iy, U
84 80198 105349 137994 | 90 | 28580 33834 40096
85 47237 60708 76588 | 91 17627 22087 27222
86 34420 42244 51352 | 92 17493 24880 33082
87 | 137871 189537 249352 | 93 9246 48638 90648
88 35304 42559 51412 | 94 10180 19376 29590
89 26946 31799 37525

ure 6.2. The difference in the mixture-model estimates and the stratum-weighted averages
has been discussed previously. In Figure 6.2 we see that the mixture-model confidence
intervals are substantially smaller in many years compared to the design-based intervals.
In some years the mixture-model confidence intervals are slightly larger. This is because
of the added uncertainty from type II catches in those years. The confidence intervals are
slightly asymmetric, with the upper interval width ranging from 3-12% greater than the
lower interval width.

In Section 6.4 we test the asymptotic procedures we develop for inferences about
the population total type I abundance. We demonstrate that the inference procedures
work very well. We feel the chi-square approximation for the profile likelihood statistic

is good. This is because the normal approximation for ﬁ{ works well, as demonstrated
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Figure 6.2: Annual estimates of trawlable stock abundance from the mixture model, and
stratum area-weighted averages.

in the simulations. Also, i’/ has an approximately normal distribution because it is just
the average of type II catches. Although the number of type II catches is too small to
draw on the central limit theorem for the approximate normality of Z'!, we can utilize
the fact that if ¥ ~ NB(m, k) then Y = N{m,m(l + m/k)} as m — co. The mean
of the type II catches is large, and these catches are approximately normally distributed.
Hence, %1 is just an average of six approximately normal rv’s, and is itself approximately-
normally distributed. Our inferences may be overly optimistic in years when the total
type I abundance is small, because we do not account for uncertainty in the mixture

proportions. This is hard to do with the small number of type II catches we have identified.
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We could easily profile with the mixture proportions to get confidence intervals for g, , but
the hard part is specifying the distribution of the mixture indicator random variables. In
some years total type I abundance is large (1984-88, 1993), and the unaccounted mixture
proportion uncertainties will probably have little effect on inferences, because total type

IT abundance is less than 25% of total abundance.

6.4. Simulation

We consider a simple population to test the accuracy of the confidence intervals used in
Section 6.3. We feel that our inferences concerning type II catches are sound, and that
the profile likelihood method in Section 6.3 is reliable if (6.3.8) is a good approximation.
This approximation will not be good if substantial bias is present, or if we have chosen
the wrong values for k. To test this we created a known population consisting of 10 000
values of densities p’s and covariates X; and X,. The population is plotted in Figure 6.3.
This represents a hypothetical population of type I trawl densities. The average density
for this population is &z = 6.145. Qur simulation consists of drawing random samples
of size n from the population of 10000 {X;, X>, u(X1, X2)}'s, then randomly generating
NB(u, k) observations. We use n =100 and 200, and & = 2. The values of n bound the
sample sizes in the 3NO survey. We do this using 2000 simulations for each n and k.
We compute confidence intervals for z and observe whether iz exceeds these intervals
for each simulation. We use k& = 1,2 or 3 when computing these intervals to assess the
impact mis-specifying k£ has on inferences. For convenience we chose a systematic sample
of 1600 {X;, X2}’s for smoother predictions. In each simulation we find the GC, bpiy’s,
then compute confidence intervals using these bandwidths. The profile likelihood proce-
dure does not have to be used because we are considering only type I stock size, and we

can use (6.3.9) directly to compute confidence intervals for this quantity. These can be
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Figure 6.3: Simulation population.

solved analytically. If

=2
UnX1,1—aln — [
and v =

= 1 2
1- EnX11-a

1- %vﬂ-xil—rx

then a (1 — )100% confidence interval for 7 is obtained as 8 + /8% + a.

The simulated exceedances are presented in Table 6.4. We count exceedances for
a = 0.2,0.1,0.05, and 0.01. The results demonstrate that the confidence intervals work
very well, especially when a > 0.01. The actual coverage probabilities are very close to
their nominal values, and are robust to the mis-specifications of k we considered. The
reason for this is the confounding between bandwidths and k. If we assume to large a
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Table 6.4. Simulated exceedances of Iz outside (1 — r)100% confidence
intervals. The proportion of times 7z exceeds the lower and
upper bounds are presented in parantheses. The standardized
bias in the simulated estimates is also presented. Z = 6.14

o

0.2

0.1

0.05

0.01

bias

-0.176
-0.167
-0.160
-0.118
-0.158
-0.142

100

200

W N WN &

(0.089,0.123)
(0.092,0.123)
(0.077,0.101)
(0.088,0.111)
(0.085,0.116)
(0.088,0.121)

(0.050,0.058)
(0.051,0.062)
(0.035,0.052)
(0.040,0.052)
(0.041,0.053)
(0.047,0.062)

(0.023,0.025)
(0.027,0.028)
(0.016,0.028)
(0.021,0.021)
(0.020,0.026)
(0.023,0.026)

(0.008,0.005)
(0.005,0.005)
(0.004,0.005)
(0.003,0.006)
(0.006,0.005)
(0.005,0.006)
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value for k then o% in (6.3.9) will be too small. At the same time v, will also be too large,
so that our estimate of Var(f,) may still be reasonable. The simulation results suggest
that this is the case.
We also computed the standardized bias
_E(an) — Bn

1/2?
25211/

{22;1 fi T

where the expectation is the average over the simulated data sets. This incorporates both

randomness in the data and randomness in the site selections. The bias is small, but not
completely inconsequential. The sign and magnitude of the bias is consistent with the
lower than nominal coverage probabilities for the lower tail, and the higher than nominal
coverage probabilities for the upper tail. These differences are minor however, and bias
correction, if possible, does not seem necessary.

We also analyzed the decrease in confidence interval widths caused by increasing the
sample size. The widths were 30% smaller for all values of k£ and .
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We performed another simulation to assess the improvements gained by knowing the
covariates for the entire population. In this simulation we used the smoother to make
predictions at all the 10000 covariates in the population. This is computationally more
difficult, so we only performed 1000 simulations for each value of n and k. The results are
presented in Table 6.5. The standardized bias is smaller than in Table 6.5. The coverage

Table 6.5. Simulated exceedances of & outside (1 — a)100% confidence
intervals. The proportion of times 7z exceeds the lower and
upper bounds are presented in parantheses. The standardized
bias in the simulated estimates is also presented. zz = 6.14

«
0.2 0.1 0.05 0.01
n k  bias
1 -0.095 (0.102,0.111) (0.061,0.061) (0.033,0.025) (0.009,0 .005)
100 2 -0.064 (0.115,0.101) (0.062,0.045) (0.024,0.016) (0.007,0.002)
3 -0.120 (0.105,0.113) (0.053,0.054) (0.026,0.028) (0.007,0.003)
1 -0.019 (0.103,0.093) (0.058,0.057) (0.028,0.032) (0.006,0.006)
200 2 0.024 (0.114,0.082) (0.061,0.033) (0.033,0.016) (0.004,0.003)
3 -0.019 (0.112,0.097) (0.055,0.047) (0.027,0.021) (0.009,0.004)

probabilities for the two tails are more similar, due to the smaller bias. The improve-
ments are not substantial however. This suggests that knowledge of covariate values for
a large sample of the population is almost as good as knowledge of the covariates for the
entire population. In our application we choose roughly 1600 covariates for prediction
purposes, but many more are available. Our simulation results suggest that including
more covariates for predictions may not improve our inferences much.

The confidence intervals we developed in Section 6.3.3 are conditional on the sampled
covariates. Our simulation was based on random covariates. It demonstrates that the
asymptotic bias will tend not to be a problem for a random sampling design; however,

there are many samples in which the bias could be a problem. All one has to do is imagine
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the bias that results if none of the samples sites fall on one of the “bumps” in Figure 6.3.
Fortunately the 3NO research survey design is robust against such samples because of the

three-stage random sampling design employed. This ensures tow sites are spread out.

6.5. Conclusions

In this chapter we have pulled together all of the results presented in Chapters 4-
5 to produce a model-based estimate of trawlable stock size in NAFO Divisions 3NO.
This estimate appears to be more consistent with the visual impression of changes in
abundance that one gets from examining Figures 4.1a,b in Chapter 4, and in this sense
the estimates are more realistic than stratum area-weighted averages. This is especially
true for the 1992-1994 survey results. The trends from the design-based estimates of
trawlable abundance in these years seem implausible based on stock dynamics, and are
inconsistent with trends in catches in most areas sampled. The interannual variability in
the mixture model estimates is generally less than for the stratified averages, which seems
more reasonable. We have also considered the asymptotic properties of the nonparametric
estimator of type I abundance, and we have developed methods for constructing confidence
intervals for type I and type II abundances, and type I 4 type II abundance. The mixture
model confidence intervals suggest much greater certainty about trawlable stock size in
some years.

Our analyses suggest that our model for the incidence of type II catches is reasonable;
that is, the incidence of these catches seems to vary spatially. This conclusion is statisti-
cally significant, although our sample size is quite small and one can legitimately question
the power of our test. We have presented some results that suggest that our estimate of
type II trawlable stock size is robust to the mixture probabilities if these probabilities are
reasonably consistent with the location of the type II catches we have observed.

The simulation experiment was designed to test the accuracy of our inference results for
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type I stock size. The population we considered had two inferentially difficult features:
i) a spatial trend in density, and ii) two large density “bumps”. We feel the annual
population distribution of type I catches in 3NQO are no more difficult than the one used in
our simulation. The simulation results are encouraging because the coverage probabilities
of the confidence intervals were very close to their nominal values, even when & is mis-
specified. Bias associated with the nonparametric approach was not a problem in the
simulation. This is because covariates were randomly sampled in each iteration. This
simulation feature is relevant to our problem, because random sampling is used each year
to allocate tow sites for surveying. The simulation results do not suggest any reason why
the coverage probabilities for the mixture-model confidence intervals in Figure 6.2 might,
in every year, consistently depart from their nominal values. The simulation results also
demonstrate the benefit of using a random sampling design in the 3NO cod survey; this
is reliable inference, at least for type I stock size.

The coﬁcept of design-robustness in model-based inference is not new. Sirndal et.
al. concluded that linear regression estimators of population totals are approximately
design-unbiased no matter what the shape of the finite population point scatter is. Firth
and Bennett (1998) have shown that a wider class of regression estimators also have this
property. The importance of chooéing the correct model is in terms of precision; it is
critical that the correct model is chosen to achieve small variance. The point is that a
good probability sampling design is a prerequisite for this design-robustness property. The
estimator of type I stock size we have chosen is not design-unbiased, for several reasons.
Firth and Bennett (1998) show that this generally holds for nonparametric local likelihood
models. We have not investigated design-consistency, but a basic requirement would be
that our N x f-weights are asymptotically equivalent to the n-weights, which does not
appear reasonable. The design-robustness property that we invoke, and that we think is
really useful, is that the standardized bias is small under repeated sampling. It is difficult
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to see how this can be achieved without a sampling design that ensures that, on average,

I, is close to [, relative to the variance. This does not ensure design-consistency, but it

does ensure reasonable inferences, as our simulation suggests.
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7. SUMMARY, AND FUTURE RESEARCH

7.1. Summary

The 3NO research surveys provide information about the abundance of cod in NAFO
Divisions 3N and 30, for the component of the population that is available to be sampled
by the fishing gear. This component is referred to as the trawlable population. This
population depends on the gear type used when surveying; for example, if a survey trawl
with a large mesh size is used then the trawlable population will be the large sized part
of the total population. In this dissertation we considered how to efficiently summarize
the information about annual trawlable abundance from the 3NO research survey. We
did this using estimates and confidence intervals. The methods we used are applicable to
other cod stocks.

Estimates of trawlable abundance are an important source of information for the man-
agement of many commercially exploited fish stocks. In Chapter 2 we described common
models used to translate information on trawlable abundance to absolute stock abundance
through-the use of production models and age-structured sequential population models.
These models use other sources of information on stock abundance, most importantly time
series of commercial catches. A critical assumption with these methods is that the survey
region covers only one cod stock. This allows us to translate relative information about
the size of fish within the survey region to the absolute size of the stock. The assumption
that the survey region covers only one stock is never strictly true for highly mobile species

246
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like cod, because there are no physical boundaries in the ocean that correspond exactly
to the boundaries of the survey region. In Chapter 2 we described scientific studies that
suggested that the cod within 3NO are a stock. However, the 3NO research survey infor-
mation we analyzed suggested that incursions from other stocks may occur. For example,

this may be why average survey catches were so high in 1987.

Remark 8. Additional biological information is required to assess the stock origin of
trawl catches. Age and length compositions samples are routinely collected during the

surveys and are useful for this purpose.

The stock concept defines a closed population with respect to reproduction. One
reason the stock concept is important for management is that it allows us to project what
effect a harvesting strategy has on the population. Information on the stock reproduction
capability is critical in medium to long term stock size projections.

The methods currently used by many fisheries agencies, including DFO, to summarize
survey catches are based on the survey design. We considered the 3NO survey design in
Chapter 3. There are subjective elements to the design, so it is not strictly a probability
sampling design. The survey design is stratified three-stage cluster sampling, with one
sample per cluster. Design-based methods for inference are complicated for the 3NO
research survey because of i) the mobility of the population, ii) measurement errors in
the catches, iii) the inability to sample in some locations, and iv) the one-per-cluster
sampling scheme. These difficulties also affect other fisheries surveys. We find these to
be compelling reasons to pursue a model-based approach for inferences. This is not to
say that the survey design is irrelevant. In fact, random allocation of sampling in the
survey design is important for reliable model-based inferences. We also conclude that the
stratification scheme in 3NO (see Figure 1.4) is related to cod abundance, and it is not
a trivial task to build a model that can account for more variation in trawl catches than

the 3NO strata can. The smoothing approach we used, with different bandwidths for the
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slope and shelf regions, did account for more variation, but we were not able to do this
using the same bandwidths for both regions.

We approached model-building ingenuously. We did not assume which covariates were
relevant a priori, as is often the case in fisheries. We had compelling reasons for this.
Most notably was the research by Smith and Page (1996) for cod on the Scotian Shelf
in 4W and 4Vs (see Figure 1.3). They showed the potential for hydrographic signal in
research survey catches that is unrelated to fish abundance. This is caused by changes in
the catchability of fish by the survey gear, or changes in the trawlable fraction of the stock
available to the gear. Another important paper is by Warren (1997). He showed for cod in
2J, 3K, and 3L that the time betweén tows can account for as much variation in catches as
the spatial distance between tows. The confounding between distance and time between
tows also exists in 2J3KL cod, so we feel Warren’s conclusions probably can be questioned,
but nonetheless they raise the possibilities of under-counting and double-counting of fish.
These are important concepts to understand in order to produce precise information
about abundance from research surveys. Failure to account for fish movements means
that our inferences can be overly optimistic. It is not difficult to imagine how even small
movements of fish could substantially change estimates of abundance, which reflects the
uncertainty caused by the mobility of the population. Unfortunately it is difficult to assess
the existence and importance of these processes using survey data alone. It is also difficult

to adjust inferences to accommodate these processes.

Remark 9. Additional information is usually required to adjust for sources of variation
unrelated to abundance. Tagging information could be valuable to address the mobility

issue.

In Chapter 4 we used graphical techniques to explore for covariate dependencies
in trawl catches. We concluded that some of the covariates routinely measured in the

survey of 3NO did not seem to be related to trawl catches of cod. We also concluded
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that six covariates were potentially related to trawl catches. The relationships were not
simple however, which suggested a nonparametric approach to modelling was suitable. A
problem with the graphical approach is that we could not decide if covariates were related
to trawl catches, or to other covariates that were truly related to trawl catches. We
called this confounding. We employed high-dimensional analytic nonparametric variable
selection techniques to assist with this problem. Our graphical analyses also revealed that
the distribution of survey catches is very skewed. It often occurs that average catches
exceed the 75th catch percentiles. This is related to a small number of very large catches
which have great influence on inferences. We concluded that these should be treated
separately. Our graphical analyses indicated that these catches occurred apparently at
random in terms of covariates. Based on these results we proposed a separate model for
large catches based on simple habitat-selection theory. A mixture-model was proposed to
combine the nonparametric model for most catches (type I's) and the model for extremely
large catches (type II’s).

In Chapter 5 we collected all the analyses we felt were necessary to construct a
defensible model for trawl catches. This included the identification of covariates to include
in our nonparametric model for type I catches, and the identification of type II catches. We
used robust nonparametric smoothfng techniques to assist in identifying type II catches,
and for robust variable selection. We assumed a Negative Binomial stochastic model for
trawl catches, which has been suggested in the fisheries literature. For robust smoothing
we developed a method for robust estimation of the mean for i.i.d. Negative Binomial
samples. We also tested the robust methods on simulated data to assess their performance
with sample sizes relevant to our problem. These results were used to develop a robust
Negative Binomial smoother. We also considered the amount of smoothing in Chapter
5. We found bandwidths that resulted in reasonably smooth model fits but also accounted

for reasonable amounts of variation in trawl catches. We used a combination of predictive
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and “significance” methods for bandwidth selection.

We used smoothing techniques to locally “orthogonalize” covariates to deal with con-
founding between some of them. A subjective decision had to be made about which
covariates to orthogonalize. This decision has great influence on which covariates are
included in the model via variable selection routines. This is a difficult issue that we
discussed at length in Chapter’s 4 and 5. In the end we decided on practicality grounds
to orthogonalize those covariates that were less useful for predictive purposes.

We concluded in Chapter 5 that spatial location and tow depth were the most im-
portant covariates to include in our nonparametric smoother for type I catches. We also
selected bandwidths for our smoother. We compared this model with one based on the
survey design, in which a separate mean was estimated for each stratum. The nonpara-
metric model performed better, in terms of explaining more variation with more error
degrees of freedom, and in a predictive sense. We also concluded that six of the 1912 tows
in the survey time series we examined were type II catches. The spatial incidence of type
IT catches suggested a modification to our mixture-model to allow for different mixing pro-
portions for three large geographic regions in 3NO. This modification was consistent with
life-history information about cod in this region, because dense spawning aggregations of

cod in 3NO tended to form in warm water on the continental slopes.

Remark 10. Additional information about patch size in 3NO could be used to refine the

mixture-model, and make it more realistic. Acoustics can supply this information.

Having constructed an informative model for trawl catches, the remaining task was
to construct confidence intervals. This was the subject of Chapter 6. We used our
mixture-model to estimate trawlable abundance in 3NO by predicting local trawlable
density at a large number of random tow stations, and adding these predictions to estimate
total trawiable abundance. The mixture suggested that approximately 20000 tonnes of
cod annually form dense type II aggregations in 3NO. The mixture-model estimates of



CHAPTER 7. SUMMARY, AND FUTURE RESEARCH 251

abundance appeared more consistent with the visual impression one gets from examining
plots of survey catches than did stratum area-weighted averages.

We developed asymptotic inferential theory for total type I abundance, and com-
bined this with survey information about type II abundance using likelihood methods to
produce approximate confidence intervals for total trawlable abundance. We used the
profile-likelihood method for this purpose. The mixture-model confidence intervals were
usually considerably smaller than +2x design-based standard errors. A small simulation
experiment indicated that confidence intervals for type I stock size work well. A diffi-
cult issue we faced when building our Negative Binomial smoother was estimating the
Negative Binomial overdispersion parameter k. Fortunately, the simulation experiment
also indicated that reasonable mis-specification of £ had little effect on coverage proper-
ties of our confidence intervals. This is a somewhat surprising result, but is related to
confounding between bandwidths and k. This is discussed more fully in Chapter 6.

Our nonparametric estimator of average type I trawlable density can be formulated
as a simple weighted average. We compared these weights with the corresponding de-
sign weights based on sample inclusion probabilities. The model-based approach weights
catches in a more reasonable manner than the design-based approach for our data. Bound-
ary observations and clusters of obs'ervations tended to receive less weight, while catches
in regions sparsely sampled tended to receive more weight.

The issue of whether to use a design- or model-based approach for the 3NO survey,
apart from the mobility of the population, seems to rest with sampling intensity. The
sampling intensities currently used by DFO are insufficient for cod abundance to be esti-
mated with much precision. Increasing sample size does not seem to be an option either.
It is not clear than even twice the sampling intensity would improve this situation sub-
stantially, whereas the costs for this increase would be prohibitive. In the model-based

approach we add information to increase precision - at the possible loss of accuracy. The
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model-based approach allows us to channel “common scientific sense”, or scientific infor-
mation obtained from experiments and experience, into inferences about stock size. There
is a degree of subjectivity in doing this, and herein lies the drawback of the model-based
approach. For example, with our mixture-model we assumed that the type II model com-
ponent does not change annually. But what if it has, and how can we detect if it has?
The conundrum is that to be robust to mode1> mis-specification involves a loss in precision.

We hope that the mixture-model provides a reasonable compromise for 3NO cod.

7.2. Future research

In our summary we have remarked on several occasions how additional information can
be incorporated to improve the accuracy and precision of stock size inferences based
on research survey data. This is one direction we propose for future research. For the
results of this dissertation to be used in stock assessments, through estimation of SPA’s,
two things must occur. The first is that our estimates of trawlable stock size must be
disaggregated by length and age. Length distributions are sampled from the catch of
some survey tows. These are not selected entirely at random, because we do not know a
priori what tows will catch cod. Typically most of the length samples are taken early in
the survey. Population length distributions are currently estimated using catch-weighted
averages of the length distribution samples. A natural direction for future research is to
use the mixture-model for this weighting. The population age distribution is estimated
using the length distribution estimate and an age-length key. This key is based on length-
stratified age samples. The second thing we must do is develop a relationship between
the trawlable stock components for the two types of trawls used in the 3NO survey during
1984-98. In 1995 the survey gear was changed to a shrimp trawl. The tow duration was
also changed from 30 to 15 minutes. The shrimp trawl has a much smaller mesh size and

is more effective at catching small fish. It also has been suggested that it is less effective
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at catching larger fish than the trawl used till 1995. The effect of this is that the trawlable
portion of the stock has changed with the change in gear type and tow duration. It is
desirable to understand this relationship to use average survey catch rates for estimating
SPA parameters.

The type II part of the mixture-model provides some temporal persistence in our es-
timates. Further research in this direction may be fruitful. Consider Figure 7.1. This is
a plot of average trawl catches for each stratum in two consecutive years. There is con-
siderable temporal persistence in catch rates between years. Type II catches are included
in this figure, which partially accounts for the low temporal correlation’s in some years.
Figure 7.1 suggests further improvements in the precision of inferences about trawlable
stock size may be possible using the temporal persistence in type I stock components.

The results in this dissertation can also be applied to other stocks, with considerable
simplifications. In other applications it may not be necessary to use the analytic methods
to identify type II catches. The analyses we conducted have shown that the potential
for these analytic methods may be limited by sample size, and in the end a subjective
decision about type II catches may be required. In this case one can make this decision
from inspecting the data, and dispense with the analytic procedures without great loss.
While variable selection is importanf, we have shown that it is difficult for trawl research
surveys because of confounding. Again one could proceed with a model using spatial
location and depth, at least with less peril than before our research. The same can be said
for bandwidth selection and estimating the Negative Binomial overdispersion parameter,
k. Our results suggest specific procedures that are useful (e.g. GCj, for bandwidths), and
this could be used directly without comparisons with other methods (e.g. CV, GCV).

The cod stock to the west of 3NO in NAFO Division 3Ps (see Figure 1.3) is a good
candidate for the mixture-model methods. This stock currently has the largest direct
commercial cod fishery off the east-coast of Canada, with a catch quota of 20000 tonnes



CHAPTER 7. SUMMARY, AND FUTURE RESEARCH 254

wr
- -+
~ + a.62 Q“”
[ D -
e
=3 S -
723
B 8
D D
—— R —,
o - o
1 2 3 4 5 6
¥ £ S
o - - 0.48
2 ] - -
- .
D S o -
T - b -
G w W {* * — + 4
o «© + IR I =g -
= &5 v oo St Ly | B @ - &
= ™ oo |t :.'._(_,* — + o T .
= o |27 v o il hal
=
5 Q 5 10 15 o 1 2 3 4 s
P9
+
o e 2 0.34
E we 2
g‘“:o < 8
[== = g;c
g"“’ ‘-v-'
-
w -1 <
a
£
o) =
- o
g&' M ~ &
- d
D® & - B -
S g |y N
8 8~ 1.5 2
L wy
< ke o n 3 <
<>
W, o °
P
S - g‘m
- o
g° =3
2 o~ & o
=
- F=Y

Square root strata average number per tow In yaar y-1
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in 1997. In 1995 the catch in one survey tow was 80% of the total survey catch for
that year. To understand the effect this catch has on our inferences about stock size,
consider Figure 7.2. In this figure we plot survey catch rates and SPA model predictions.
The SPA was based on the offshore component of 3Ps cod. Recall from Chapter 2
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Figure 7.2: Observed (points) and predicted (lines) Canadian 3PS survey indices.

that the basic model used to estimate SPA parameters is E(Rqy) = quNay = 44y, Where
g, is the catchability coefficient and R,y is an index of stock size. In this case Ry, is
the traditional stratum area-weighted average catch-at-age. Quasi-likelihood methods,
assuming Var(Rey) = ¢p?,, were used to estimate parameters, and for inferences. The
key feature we wish to point out is the large discrepancy between the observed and
predicted index in 1995. This is largely related to the effect of one extremely large tow in
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this year. This leads to an over-inflated estimate of ¢. It is easy to see that the average
trawlable stock size estimator we propose would be more consistent with the SPA in 1995.

A potential implication of this large tow is lost yield of fish to the fishery. The reason
for this is as follows. One approach in deciding catch quotas for the coming year is to
assess the effect of quota options on projected stock size. The projection is based on an
SPA and a recruitment model. If the probability is “large” that our stock size projection
is less than some desired reference level then the quota option the projection is based
on is judged too risky, and a lower option is considered. The most recent projected risk
analysis for 3Ps is presented in Figure 7.3. The risk curves are very flat compared to
other North Atlantic groundfish stocks. Part of the reason for this is the large catch
in 1995 which results in a large coefficient of variation (¢) for the risk analysis. Catch
quota’s must be lowered because of the large tow to maintain a small probability of not
exceeding the target, which in this case is fishing mortality < Fp;. This is lost yield to the
fishery. Whether this is appropriate is debatable. The mixture-model suggests it is not
reasonable. At the same time we should note that there are many sources of uncertainty
that the SPA and projection methods do not explicitly consider, which may imply higher
risks than indicated in Figure 7.3. The point is that lower projection precision means lost
yield to the commercial fishery. This idea is well known in industrial settings, but is only
now getting recognition in fisheries science and management. If we do not incorporate all
of our certainties, as well as our uncertainties, into our risk analysis then we may be guilty
of causing overly conservative harvesting strategies. This is a socio-economic realization

of the impact that methods for inference can have.
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