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Abstract

The diminishing captures experienced in recent yvears in many important fisheries have
motivated a search for new exploitable species, and the need for more informative assess-
ment methods. Small pelagics, such as Atlantic mackerel Scomber scombrus. have seen
their importance increase over time, as the traditionally highest-valued stocks have be-
come less abundant. Atlantic mackerel, for example, has turned in the last three vears into
the most valuable stock in British and Irish waters. The direct importance of these stocks
is increased by their role in the oceanic ecosystem, and the possible effects of fishing on
lower levels of the food chain (Pauly et al., 1998).

Atlantic mackerel resources in the ICES area are assessed directly every three vears
by means of ichthyoplankton surveys and the application of the Annual Egg Production
Method (AEPM) (ICES, 1999a). Egg production is surveyed over the whole of the spawn-
ing area and season, and then combined with fecundity data to arrive at a Spawning Stock
Biomass (SSB) estimate (Gunderson. 1993). The method applied at present to these is
extremely simple in its treatment of both the spatial and temporal dimensions, and does
not take into account the uncertainty and bias present in the procedures involved (ICES.
2000).

Various methods are presented that allow for both improved, by estimating the possi-
ble bias incurred, and more realistic estimates, by quantifying the uncertainty present in
the “traditional” estimator. Analysis of various sources of data have allowed the construc-
tion of probability distributions for the parameters involved in the estimation procedure.
Bayesian methods (Gelman et al., 1995) were applied to assess their impact in the final
SSB estimate.

Spatio-temporal geostatistical estimates of egg abundance have been developed that
show the potential for better use of the available information. and for future survey de-
signs that would allow for more precise estimates. A Bayesian implementation of those
estimators is presented that show the importance of different sources of uncertainty on
the final estimate, especially in the variogram modelling step. Various variogram models
are compared and a choice is made of the ost appropiate for the data under scrutiny.
Block-kriging in a three-dimensional setting is applied using the result of the variogram

modelling exercise. From this. estimates of SSB are generated and compared with those
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previously obtained. The influence of these results on the assessment of the NEA mackerel

stock is briveﬂy explored.
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Chapter 1

Introduction

Atlantic mackerel (Scomber scombrus) is a migratory pelagic species widely distributed
in the shelf regions on both sides of the North Atlantic. Species of the genus Scomber
migrate in dense schools during the spawning season, and their eggs remain until hatch-
ing in the water column. Their spawn is generally less intense and restricted in time and
space than that of sardines and anchovies, but is still concentrated and abundant enough
to be detected and quantifiable by means of plankton sampling. Mackerel are determinate
batch spawners, meaning that the potential fecundity of an individual on a given vear
is determined prior to the onset of spawning. Fisheries for small pelagics are becoming
increasingly important in European waters, both due to increasing commercial value and
diminishing catches from other, more traditionally sought-after species. Mackerel has be-
come the most valuable stock for the U.K. fishing sector, both in terms of landings and
market value (DEFRA, 2003).

Stocks of pelagic species (a term used from now on to refer strictly to small pelagics) are
commonly assessed from both catch and fishery-independent data, through acoustic, trawl
and planktonic egg surveys (Gunderson, 1993). Mackerel (Scomber scombrus) is being
assessed by means of egg production methods in European waters triennially since 1977,
when the first pelagic egg surveys were carried out on the stock off the Western European
coast, from Biscay to Shetland. The survey was extended in 1995 to the Southern stock
(nowadays called Southern component) in Spanish and Portuguese waters. From 1939
horse mackerel ( Trachurus trachurus) eggs have also been sampled, and similar methods
are employed for its assessment (ICES, 2000).

The methods applied to the analysis of these data have not changed much over the
years, although improvements have taken place in survey equipment and methods. Both
stocks are assessed by means of the Annual Egg Production Method (AEPM), that relates
egg production in the spawning season and female fecundity to stock biomass (Gunder-
son, 1993). The growing dataset for these stocks has probably not been fully exploited.
although recent publications have attempted to fill this gap (Beare & Reid, 2002). Despite

the accumulating knowledge provided by new survevs and other studies, each survey vear
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1s analysed without formal consideration of previous vears results. Although spawning
dynamics are known to change with environmental and other factors. each survey might
be considered as a realisation of a common process: the annual migration and spawning
cycle of a fish population. There is also growing concern among researchers and managers
about the consequences of estimation errors in some problematic parameters, and of the
untested assumptions implicit in the Annual Egg Production model applied.

It is the intention of this study to review the existing methodology for the estimation
of stock biomass from egg survey data, identifying any significant source of error and /or
bias, and to elaborate on two methods for improving the final estimates: (1) the use of
the Bayesian approach for quantifying and dealing with the uncertainty in parameter
estimation (Box & Tiao, 1973: Berger, 1985) and model choice (King & Brooks, 2002:
Spiegelhalter et al., 2002), and (2) the development of Bayesian-geostatistical techniques
(De Oliveira et al., 1997; Gaudard et al., 1999) for improved spatio-temporal modelling
of egg distributions at sea. The case study under consideration is that of the North East
Atlantic mackerel, for which an extensive dataset exists, but some findings and methods
developed should have general applicability to other stocks assessed with the help of egg

production methods.

1.1  Problem statement

Biomass estimates from egg surveys are an important part of the assessment procedures
for many valuable stocks (Hunter & Lo, 1993). Management decisions on the European
mackerel stock are based on an Integrated Catch at Age (ICA) model (Patterson &
Melvin, 1996) “tuned” every three years by the egg survey-based SSB estimate. A series of
problems and limitations regarding this estimate have been identified over the years (ICES,
1999a). Egg surveys for mackerel and horse mackerel carried out by ICES (International
Council for the Exploration of the Sea) have gone a long way since their start in 1977. and
continuous improvements have been made in the light of previous years experience. But the
estimation methodology has not been making use of this accumulated knowledge. even in
situations where a year’s parameter estimate is suspected to be biased or inaccurate. The
estimation procedure of the AEPM has no explicit protocol for “learning” from experience.
Moreover, incomplete spatial coverage, together with the very coarse temporal scale used
in the present method, in the order of a month or so, both could pose serious limitations
to the accuracy and precision of the final estimate.

Finally, a new management procedure developed by other researchers carried out
within the same research project will feed from the Bayesian stock biomass estimate.

allowing novel analyses of a range of possible management scenarios for the Mackerel

stock.
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1.2 Purpose and description of the research

The present study investigates the use of Bayesian and geostatistical methods for the im-
provement of the fisheries management advice based on pelagic egg survevs. The project’s
objectives cover both practical and theoretical grounds. The development of a Bayesian-
Geostatistical methodology, although not completely new, would be a substantial contri-
bution to the research work being carried out in this direction by other researchers (for
example Ribeiro & Diggle, 2000). No similar methodology has been vet applied to fisheries
problems. The AEP method has been widely used in different regions and for different
species (See Table 1.1), but no comprehensive review has been published of its limitations
and problems, nor have the errors in its calculation been quantified.

The output of this work should have direct applicability on the pelagic stocks whose
data are being used (Western Europe Mackerel and Horse mackerel) but also general
interest for any other stock assessed with Egg Production methods. The objectives of my

work can be summarised as follows:

REVIEW THE PRESENT METHODS OF ESTIMATION OF FISH SPAWNING STOCK BIOMASS
OF DETERMINATE SPAWNERS BASED ON PLANKTONIC EGG SURVEYS (AEPAI)

The traditional implementation of the AEP method will be reviewed, with special empha-
sis on the methods applied to the western European Mackerel and Horse mackerel stocks,

as summarised in ICES (19g9a).

IDENTIFY AND QUANTIFY THE SOURCES OF UNCERTAINTY IN THE ANNUAL EGag
PropucTioN METHOD

Information gathered on the parameters and assumptions present in the model will be used
to quantify their individual contribution to the total error and bias in the egg production
estimate. Data regularly collected during egg surveys are discarded or not used to their full
potential. For example, fecundity information is summarised on a single mean estimate,
despite the individual values being available, making variance quantification possible.
Together with this, data have been gathered from various published and unpublished
sources that relate to specific parts of the egg surveys, such as net performance (Anon..
1999) and fecundity estimation (Witthames, 2000). Some of the parameters analysed
(fecundity and sex ratio, among others) will also be used when calculating stock biomass

from egg abundance estimated by the géostatistical methods.

DEVELOP A BIAS AND ERROR MODEL FOR THE ANNUAL EGG PRODUCTION METHOD.
USING BAYESIAN ANALYSIS TO CONVEY THE UNCERTAINTY AROUND ESTIMATED
PARAMETERS AND FROM INHERENT ASSUMPTIONS

The analysis of the sources and magnitude of uncertainty will allow for the construction of

a probability distribution that would summarise all of that information. The probability

distribution will be used as a constant of proportionality linking the standard biomass
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or egg abundance estimates to a posterior probability distribution of values around the
mean.

The implementation of this analysis is already being carried out as a set of computer
algorithms that will improve dramatically computational speed, thus providing a fast and

reliable platform for simulation studies and subsequent analvses.

ANALYSE WITHIN THE BAYESIAN PARADIGM A GEOSTATISTICAL SPATIO-TEMPORAL
ESTIMATOR OF PLANKTONIC EGG ABUNDANCE

Researchers in the Environmental & Mining Engineering Research Group at Imperial
College, have developed a geostatistical estimator of pelagic egg abundance (EC Research
Project GBMAF, 1999/1253). Their aim has been to improve the present methodology
by using more sophisticated and precise techniques for dealing with spatial data, and by
making use of the whole time series when modelling the egg abundance surface over an
area. Building on that work, a Bayesian framework will be developed to accommodate
the geostatistical methods, thus providing a more precise and realistic estimate of egg

abundance and fish biomass.

APPLY THESE METHODS TO THE WESTERN EUROPEAN STOCK OF MACKEREL AND
HORSE MACKEREL

The ICES dataset for Mackerel and Horse mackerel egg abundances will be used in the
development and testing of the methods. A final implementation specific to the charac-
teristics of the North East Atlantic mackerel stock will be formulated for use by the ICES
Working Group.

EVALUATE THE POSSIBLE USE OF THE AVAILABLE METHODS, BAYESIAN AND
NON-BAYESIAN, ON THE MENTIONED STOCKS, AND IDENTIFY THE ADVANTAGES AND
PROBLEMS ASSOCIATED WITH EACH OF THEM

Finally, the whole set of methods will be tested and evaluated through simulation pro-
cedures. Traditional AEPM, Bayesian AEPM, Geostatistical and Bayesian-Geostatistical
approaches, together with the Generalized Additive Model (GAM) estimator(Augustin
et al., 1998). will all be compared in performance by means of simulated egg abundance
datasets. The adequacy of present survey protocols to each of the methods, and possible

improvements within the present sampling effort constraints will also be evaluated.

1.3 Ichthyoplankton and fish stock biomass estimation

The idea that the biomass of a fish stock can be quantified from its spawn is not a
novel one (Hensen & Apstein, 1897), but its practical application in stock assessment is
relatively recent. The original formulation of the most commonly applied of egg production
methods, the AEPM, dates back to 1964 (Saville, 1964). Earlier studies concerned with
ichthyoplankton abundance and spatio-temporal dynamics do not appear to attempt to

use that information for inference on the abundance of adult fish.
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This was until the 1980’s the only available procedure for estimating SSB from ichthy-
oplankton surveys (Hunter & Lo. 1993). Other methods exist that apply to species with
different biology. like the Daily Egg Production Method (DEP)I), or are based in differ-
ent procedures, like the Daily Fecundity Reduction Method (DFRAI). The DEP) is in

common use worldwide for the assessment of a number of stocks of small pelagics. mostly
sardines and anchovies.

sampling
egg count volume t20
identification
staging
egg/m* /day
- area
egg/m? /day
sex ratio
TAEP
- fecundity
SSB :
atresia

Figure 1.1: Flow diagram of the process behind the Annual Egg Production Method. All
steps are explained in the text. tog is the temperature at 20m.

The number of stocks where egg production methods have been applied is quite re-
stricted, mostly due to the high costs involved. Apart from the cost of running the surveys
themselves, the application of egg surveys to a new species depends on detailed studies

of its reproductive biology. egg development dynamics, and egg distribution in time and
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space. A total of nine studies have been found that apply the AEPAI for estimating stock

biomass (Table 1.1), although in some cases a single exploratory survey was carried out.

1.4 The Bayesian paradigm: modelling uncertainty

The recent upsurge in the use of the Bayesian approach in fisheries stock assessment could
be ascribed to the confluence of two different developments. On the one hand. increasing
computing power and developments in numerical computation have brought within reach
of most fisheries biologists a set of methods previously unavailable. Second. a growing
dissatisfaction with some of the outcomes of standard stock analysis (Hilborn, 2003) has
prompted renewed interest in a paradigm that incorporates uncertainty in a most coherent
way (Punt & Hilborn, 19g7).

Uncertainty in fisheries biology is a common presence: sampling fish populations is a
complex process, some parameters in stock models are notoriously difficult to estimate
(e.g. natural mortality), and natural populations are under the influence of many pro-
cesses, some of which escape our understanding. If we agree with Hilborn & Walters
(1992) in their view that the main objective of fish stock assessment is to quantify the
effect of alternative management options, it follows naturally that any advice should in-
corporate some measurement of how precise it is or how much it can be relied upon.

Leaving aside the philosophical and mathematical debates on the strength of the
foundations of either frequentist or Bayesian statistics, a number of advantages have been
mentioned in the literature in favour of Bayesian thinking (Gelman et al.. 1995). among
them that,

1. Facilitates common-sense interpretations of statistical conclusions

2. Permits meaningful assessments in confidence regions

3. Enables the incorporation of prior knowledge into the analysis

4. Leads to more accurate estimators when prior prior knowledge is available and

accurate

5. Obeys the Likelihood and Sufficiency principles

When confronting fisheries issues, the principal arguments in favour of the Bayesian
paradigm could be summarised in two: it fulfils the need for estimating proper probabil-
ities of alternative hypothesis in order to evaluate alternative management actions, and
permits the incorporation of previously gathered knowledge for better estimating the full
uncertainty in our understanding of nature (Punt & Hilborn, 1997). The conceptual sim-
plicity and elegance of the Béyesian perspective, compared with the growing complexity
with which some of the stock assessment models presently in use attempt to deal with
uncertainty, must also be noted.

A complete presentation of Bayesian thinking can be found in Smith & Bernardo

(2000) and Berger (1985). More practical texts are those of Box & Tiao (1973), Gelman
et al. (1995). Lee (1997) and Congdon (2001).




Table 1.1: Summary of published studies presenting the results of applications of the AEPM for stock biomass estimation. Uncertainty in
the reproductive biology (determinate/indeterminate spawning) is indicated by an interrogation mark.

Reference Species Location Duration Use 7
Sundby & Solemdal, 1984 cod Gadus morhua Lofoten, Norway 1983 Research
Lockwood, 1988 mackerel Scomber scoumbrus NE Atlantic 1977-2001"  Absolute SSB”
Alheit, 1988 sprat Sprattus sprattus North Sea
Eaton, 1989 horse mackerel  Trachurus trachurus NE Atlantic 1989-2001*  Absolute SSB
Kim & Gunderson, 1989 walleye pollock  Theragra chalcogramma Alaska 1981 Compare to acoustic & trawl surveys
Picquelle & Megrey, 1993  walleye pollock  Theragra chalcogramma Alaska
Grégoire et al., 1997 mackerel Scomber scoumbrus Eastern Canada 1983-96  Absolute SSB®
Bulian et al., 1999 blue grenadier  Macruronus novaezelandiae  Tasmania 1994-95
Fox et al., 2000 cod Gadus morhua Irish Sea 1995  Comparison to VVPA
plaice Pleuronectes platessa Irish Sea 1995  Clomparison to VPA
sole Solea solea Irish Sea 1995  Comparison to VPA
Armstrong et al., 2001 cod Gadus morhua Irish Sea 1995 Comparison to VPA
plaice Pleuronectes platessa Irish Sea 1995  Comparison to VPA
sole Solea solea Irish Sea 1995  Comparison to VPA

NOLLONAOYINI 'T H41LdVHD

"Every three years
"Considered relative from 1998
“Normal distribution for AEPM curve assumed



Table 1.1: Continued

Reference Species Spawning mode Days® Stations Sampler CV (SSB) Z Stages®
Sundby & Solemdal, 1984 cod determinate 15/82 415 Bongo (7) -Vl
Lockwood, 1988 mackerel determinate (?) 89/182 1440 Bongo/CalvNet 0.4 |
Alheit, 1988 sprat
Eaton, 1989 horse mackerel indeterminate (7)7 89/182 1440 Bongo/CalvNet 0.33 I
Kim & Gunderson, 1989 walleye pollock  determinate (?) 28/90 281  Bongo 0.09-0.43 I-11
Picquelle & Megrey, 1993  walleye pollock
Grégoire et al., 1997 mackerel determinate (7) 12/170 65 Bongo 0.25 " LV
Bulman et al., 1999 blue grenadier  determinate 34/93 238  CalvNet 014 o5 I-VIII
Fox et al., 2000 cod determinate (?) 83 1013 Bongo 15-21  0.25 -V
plaice determinate 83 1013 Bongo 17-36  0.19 I-v
sole determinate (7) 83 1013 Bongo 14 0.39 I-v
Armstrong et al., 2001 cod determinate (?) 83 1013 Bongo 15-21  0.25 -V
plaice determinate 83 1013 Bongo 17-36  0.19 -V
sole determinate (7) 83 1013 Bongo 14 0.39 -V

"Days of sampling/length of the spawning season
“Egg development stages incorporated in the AEP estimate

fFor the 1998 survey

“Unpublished report. HOMSIR EU project

"For the egg production estimate

"Value assumed, actual estimate was zero

NOLLONAOYINI T Y4IdVHD
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1.4.1 Bayesian methods in fisheries assessment

The first suggestion on the suitability of Bayesian analysis for comparing alternative fish-
eries policies can probably be found in the work of Walters & Hilborn (1976). although the
first comprehensive application might be that in Bergh & Butterworth (1937). Bavesian
methods have rapidly become more common in the fisheries literature, and this tendency
is still on the increase.

Applications range from wide studies of various parameters accros stocks and species.
be those biological (Myers & Mertz. 1998: \Michielsens & McAllister, 2004) or fleet-related
(Harley & Myers, 2001). to complete assessment models, either simple (Hoenig ¢t al.,
1994; Meyer & Millar, 1999; Millar & Meyer. 2000; McAllister et al.. 2004) OT very com-
plex (Breen et al., 2003; Bull et al., 2005). In all these uses, the Bayesian paradigm has
provided a coherent, integrated, flexible way of using previous information in ata analysis
and fully considering the amount of uncertainty present in data and model. An indication
of the growing acceptance of Bayesian methods in fisheries assessment can be obtained
by considering the increasing space devoted to them by a range of textbooks and gen-
eral treatises on the subject Hilborn & Walters (1992): Quinn & Deriso (1999): Hart &
Reynolds (2002); Walters & Martell (2004).

1.5 Geostatistical methods

Geostatistics refers to the study of phenomena that vary in space and /or time (Deutsch &
Journel, 1998). The tools provided by geostatistics aim at explaining and modelling spatial
and temporal variability by use of a basic paradigm: unsampled values of a random vari-
able are characterised by a probability distributions than models uncertainty around those
values. Other applications include prediction and experimental design (Cressie, 1991).
Most of the information used for modelling this probability distribution comes from val-
ues obtained at nearby locations. A basic tenet of all spatial statistics is that data that
are close together in space (and time) are often more similar. The objective of spatial
models is to incorporate this dependence into the generating mechanism (Cressie, 1991).
From this point of view, spatial models depart considerably from many other modelling
approaches that assume observation error to be the only random mechanism at work.

Geostatistics is largely based on the concept of a random function (RF). wherebyv
the set of unknown values is regarded as a set of spatially dependent random variables
(Goovaerts, 1997). The possible realizations of the random variable at a given location
represent the local uncertainty about its value. The set of realizations of the random
function models the uncertainty about the spatial distribution of the attribute over the
study area. A random function is thus defined as a set of usually dependent random
variables defined over some field of interest that can take a variety of outcome values
according to some probability distribution function.

An important concept to consider when dealing with random functions is that of

stationarity. As repeated samples are not commonly available at the same location. an
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assumption is introduced that the phenomenon under study is spatially “homogeneous™
within the study area. This means that the RF model is also assumed to be stationary
within the area considered. This assumption allows the use of a number of measurements
separated by the same distance, although in different locations, for inference of the re-
lationship between the random variables separated by such distance. Stationaritv is a
property of the RF model needed for inference. and it is not a hypothesis that can be
tested (Goovaerts, 1997). However, this strong assumption can be relaxed, for example
if estimating through Ordinary Kriging, to apply only within the search neighbourhood
defined for prediction.

Geostatistics has evolved from this set of basic concepts into a wide range of methods
and procedures for the study of spatial phenomena. Although originally developed for the
study and estimation of ore deposits (Journel & Huijbregts, 1978), it is now in use across a
number of disciplines, such as meteorology (Berke, 1998), hydrogeology (Kitanidis, 1997),
environmental chemistry (Kitanidis & Shen, 1996), pollution (Qian, 1997). and of course

fisheries (Petitgas, 1993).

1.5.1 Use of geostatistics in fisheries assessment

Spatial processes in fisheries were studied from an early stage in the discipline (Beverton
& Holt, 1957), but detailed consideration has always been hampered by the difficulty of
collecting spatial information for fish distribution. The classical ecological consideration
of fish populations as homogeneous, closed units, might have been a significant factor
in the late development of the field of spatial fisheries analysis. Geostatistics has played
an important role since fisheries biologists began looking carefully at spatial questions in
abundance estimation (Booth, 2000). Fishery-independent surveys of fish abundance saw
the first uses of geostatistical estimators for the analysis of trawl (Petitgas & Poulard,
1989), longline (Pelletier & Parma, 1994) and egg surveys (Petitgas, 1997) of fish or crus-
taceans (Freire et al., 1991; Maynou & Sardd, 1998), and most notably acoustic surveys
for a variety of species (Guillard et al., 1992; Petitgas. 1993).

Early interest in geostatistics in fisheries research concentrated in its use for stock
assessment (Conan, 1985), and survey design (Gohin, 1985). This second field has seen
intense use of geostatistics in recent years, as the use of spatial covariance enables the
use of a variety of non-random survey designs (Petitgas, 2001). Fisheries data, including
scientific surveys, often departs heavily from assumption of random sampling, as samples
are not completely independent from one another in space or time, and the sampled
population is often spatially structured.

A particular field where geostatistical methods have been applied intensively is in the
analysis and estimation of acoustic surveys (Petitgas, 1993). Sonar has a wide use as a
‘tool for observing the behaviour and estimating the extension of concentrations of marine

fish (Gunderson, 1993). In contrast to other methods, it is almost non-intrusive and offers
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the potential for almost continuous sampling along a series of transect lines. But this de-
ployment strategy makes it depart significantly from the limitations of random sampling
theory. First, samples taken along the same transect are serially correlated and. second.
transects are rarely random and tend to cover instead most of the area of Interest. Geo-
statistics provides a modelling approach for properly analysing such data. For example.
Maravelias et al. (1996) used robust and classical variograms, simple and nested models.
and point kriging in their analysis of herring acoustic surveys off the eastern Scottish
coast. They applied a robust variogram estimator of Cressie & Hawkins (1980) due to the
presence of a number of extremely high values that could not be regarded as outliers. and
which tend to distort the real variogram patterns (Goovaerts. 1997).

Following on the initial work of Conan (1985), a number of authors have applied
geostatistical methods to shellfish stocks. The comparatively limited mobility of most
crustaceans render then amenable to simple geostatistical methods. Abundance data for
populations of a range of taxa have been analysed with a variety of kriging techniques. The
spatial structure of the populations of different decapods Freire et al. (1991), epibenthic
galatheids (Freire et al., 1992), brachyurans (Gurriaran, 1993), and Norway lobster (Farina
et al., 1994) surveyed along the coast of Galiza (NW Spain). were all analysed using
semivariograms and point kriging. Stocks of Nephrops norvegicus in the northwestern
Mediterranean were also analysed through point kriging (Maynou & Sard4, 1998). What
all these studies have in common is that the main interest was not in estimating the total
biomass of the resource over the sampled area, but in investigating the spatial pattern of
relative abundance, and how they related to the survey design in place.

Geostatistics ave been applied to ichthyoplankton surveys, including the North East
Atlantic (NEA) mackerel dataset. Fletcher & Sumner (1999) present an application to
eggs and larvae of sardine (Sardinops sagaz) off western Australia. Again a dual objective
directed this study: estimation of abundance and analysis or survey design. Correlograms
and variograms are estimated from a limited number (50) of plankton tows, collected at
varying intervening distances. Hauls were replicated to collect information on small scale
and sample variability. The small sample size prevented kriging being carried out based on
the directional variograms, that appeared to fit better to the observed abundances. Patch
size was then estimated, providing an useful indication of the preferred distance between
sampling stations. This was shown to vary with egg age, as patches get larger and less
dense as eggs disperse. Unfortunately, the increase in precision achieved by simply adapt-
ing sampling intensity to patch size was found to be uneconomical. Alternatively, theyv
proposed an adaptive sampling protocol that could then be analysed using geostatistics.

A series of studies have applied geostatistical methods to the NEA mackerel egg sur-
veys dataset (Bez et al., 1997; Bez & Rivoirard, 2000, 2001: Bez, 2002). A review of some
of this work is included in Rivoirard et al. (2000). The authors explore a series of geo-
statistical methods for the analysis and estimation of egg abundances, with an emphasis

on the use of widely available covariates, such as Sea Surface Temperature (SST). The
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first of these studies (Bez et al., 1997) presents estimates of the centre of gravity (average
position of the abundance) and inertia (statistical dispersion of the samples) for the 1953
to 1995 surveys. Analyses are based not on the original sample locations but on a regu-
lar grid where each sample is assigned to the centre of a 0.5° longitude by 0.5° latitude
square. Changes in the centre of gravity are detected and cannot be explained by changes
in sampling intensity alone, giving an indication of the displacement of mackerel spawning
to the west, as noted more recently by other analyses (Beare & Reid, 2002).

The relationship between egg and larvae abundance and SST was then investigated
through variography (Bez & Rivoirard, 2000). The individual-based approach advocated
by these authors was based on the probabilistic modelling of the relationship between
each sample and the value of SST at the same location. To investigate whether the ap-
parent correlation between SST and ichthyoplankton abundance is the result of a causal
relationship, egg and larval abundances were relocated along the north-south and east-
west axes and new inertiograms were then estimated. If a relationship existed between a
population (mackerel ichthyoplankton) and a field with homogeneous variations (SST).
such translations would lead to an increase in inertia. No such increase was found for most
egg stages and larval ages, although doubts were cast on the assumption of homogene-
ity of the temperature field. Additionally. when estimating abundances over the whole
area, individual based statistics will count each sample proportionally to the number of
individuals. The question of the lack of independence between individuals, eggs or lar-
vae, collected in the same sample remains unanswered. The previous exercise was later
extended to four surveys, 1986 to 1995 (Bez & Rivoirard, 2001). Consideration was made
of the limitation that transitive geostatistics, as proposed in the previous publications,
depend on the availability of detailed data for the covariate chosen. SST in this case. Such
data might not always exist or might be difficult to acquire.

Covariograms were again applied to the ICES mackerel data in Bez (2002). The model
presented allowed for different anisotropy parameters, direction and anisotropy coeflicient,
to be estimated for each of the functions forming the covariogram. Values for the nugget,
ranges and sills were estimated by least squares, while the anisotropy parameters were
manually set. The estimated variance in egg abundance appeared to be quite low (CV =
8.4%), despite the fact that most of the spatial structure was concentrated at scales smaller

than the inter-sample distance.

1.5.2 Bayesian geostatistics: developments and applications

In common with other areas of statistics, the last two decades has seen growing interest
in the application of the Bayesian paradigm in geostatistical methods. Developments in
this area are however very recent. For example, a search for Bayesian and vartogram or

kriging in the Web of Science database (ISI, July 2004), finds its first reference in 1957
(Omre, 1987).
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Some of the seminal work focused on simple universal kriging where conjugate formu-
lations could be appropriate (Omre, 1987: Omre & Halvorsen, 198g). In the first of these
studies, an extension is presented to the linear-Bayesian model to a spatial setting. Sim-
ple kriging is extended to include uncertainty in the parameters of the random function.
Prior distributions, termed “qualified guesses” by the author, are limited to the normal
family, but no formal presentation is made of either priors or likelihood function. The ex-
ercise was later completed by incorporating universal kriging (Omre & Halvorsen. 198g).
Prior information is applied in both cases to the mean function only, not accounting for
uncertainty in the covariance structure.

Another initial step can be found in the work of Handcock & Stein (1993). The Matérn
function is applied to the modelling of elevation data, and a comparison is made between
Bayesian, maximum likelihood and standard variogram fitting. Use is made of uniform
and normal priors, but choices are subject to sensitivity analyses. Other studies that
investigated the application of the Bayesian approach to the estimation and prediction of
Gaussian random fields are Brown et al. (1994), Handcock & Wallis (1994). and Christakos
& Li (1998).

Emphasis is made in some studies on the usefulness of formally incorporating accu-
mulated knowledge about the modelled process into the estimation procedure. Estimation
of covariance parameters in data-poor situations can benefit from the experience gained
through analyses of similar situations (Pardo Iguzquiza, 1999). and the Bayesian approach
allows, through the use of prior probability distributions, for previous results to be incor-
porated in the analysis (Gelman et al, 1995). Bayesian methods have also been applied
to the problem of variogram model selection, either through the use of a more general for-
mulation that includes different functional models (Ribeiro & Diggle, 2000), or through
Bayesian Model Averaging (BMA) (Ming Ye et al., 2004). Only very tentative uses of
Reversible Jump MCMC (Brooks et al., 2003) have been found in geostatistics for model
selection (Chaudhuri et al., 2004).

Non-Gaussian fields can be modelled by assuming that the random field of interest is
the result of an unknown linear transformation of a Gaussian random field. A function
can then be chosen, such as the Box-Cox family of power transformations(Box & Cox.
1964), that allow for the best transformation parameters to be estimated from the data
(De Oliveira et al., 1997). The Bayesian approach applied by De Oliveira et al. (1997)
computes the uncertainty introduced by the estimation of the transformation parameter
together with the variogram and sampling error. This is shown to generally increase the
variance of the estimated values. Use of an incorrect transformation, selected due to the
effect of outliers, could significantly bias the results obtained.

Finally mention must be made of the line of work of Diggle and co-workers, who
have been applying Bayesian analysis to a wide range of spatial problems. An extensive
coverage of the ideas and their implementation can be found in Diggle et al. (1998). Geo-

statistical problems are treated here as deriving from generalized linear models (GL)\Is).
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Observations at sample locations x; form a GL)! conditional on an unobserved stochastic
spatial process S(z;).

VIS (@) ~ N{u+ S(z,). 6%) (1.1)

The ideas exposed in this paper have also had methodological development with the
release of a software library in the R language, geoR, that provides functions for 2D
kriging and MCMC algorithms for computation of variogram and kriging parameters
(Ribeiro & Diggle, 2000).

Problems of estimation of a total value over a surface or volume, like the one en-
countered in biomass estimation from egg surveys, requires the use of block kriging. In
this method, the average value of an attribute over a block of specific dimensions is esti-
mated (Goovaerts, 1997), instead of a point estimate at a number of locations as is done
in other kriging types. Bayesian applications of block kriging are not common. Todini
(2001) presents a Bayesian analysis of rainfall data, where precipitation fields estimated
from meteorological radars are conditioned on point measurements from a network of
rain-gauges. The main objective was to ensure radar-based estimates over a whole area
agreed with the data collected at ground level, but uncertainty in the later measurements
was incorporated in the analysis. The actual implementation relied on a Kalman-filter.
a common method for dealing with Bayesian linear models but that has proved both
inflexible and cumbersome (Meyer & Millar, 1999).

The number of developed applications of Bayesian geostatistics is still fairly limited. as
previously presented. Although progress is fast, many problems remain unsolved, limiting
the range of uses and applications. No example could be found of its use in fisheries or
population ecology, where uncertainties due to sampling and structural error are often

larger than in other fields.

1.6 The Northeast Atlantic mackerel fishery

Until relatively recently, mackerel has not featured among the most important European
fisheries, neither in terms of catch nor market value. It was the important changes brought
in the mid-1970s by the declaration of the 200-mile Economic Exclusive Zone (EEZ) by the
countries commonly visited by the UK distant-water cod fleets that turned the interest of
the industry towards other species, including mackerel. Only four years after the first two
British distant water trawlers started fishing for mackerel, in 1978, this species’ landings
(187,000t) exceeded those of cod for the first time. Growth continued when the herring
(Clupea arengus) fishery closed in the mid-1970s and the herring fleet moved to mackerel
as its target species.

In the years since 1969, the fishery for Northeast Atlantic mackerel has oscillated
around an annual catch of 700,000t (Figure 1.2). Catch in recent vears has exceeded the
recommended Total Allowable Catch (TAC). While the total quota was set at 683.365t

for 2002, catches reached 717,882t. More than 10 countries have reported catches in 2002.
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The main mackerel catching countries in recent years have been Norway. Scotland. Ire-
land, Russia, Netherlands and Spain. Significant catches are taken in the North Sea (over
360,000t in 2002), although they are considered to be part of the Western stock. and only
10,000t of those are consigned as North Sea stock catch. |
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Figure 1.2: Catches (landings + discards) of Northeast Atlantic mackerel between 196g
and 2002 (ICES, 2004b).

Fishing mortality is distributed among a range of ages 1.3). Relative importance for the
fishery of different age groups is affected by strong year classes, a not unusual occurrence
in mackerel, in common with other small pelagics. The lower fishing pressure exerted on
the younger ages appears to be related to the higher prices the market places on larger
fish (Lockwood, 1988).

For further general information, a comprehensive coverage of the Atlantic mackerel
fisheries, biology and research, can be found in Lockwood (1988). An account of the

earliest studies and descriptions of the pre-industrial fisheries can be found in Cornish
(1883).

1.6.1 Stock structure

The exact stock structure of the Northeast Atlantic mackerel is still an issue under debate,
but it is presently assumed as a single unit with three components (ICES. 2004b). The
western component is the largest, considered rather arbitrarily to extend from the French-
Spanish border to the northern Scottish islands (Figure 1.5). Mackerel found in the waters
around the Iberian Peninsula form the southern component. The division between these
two sub-stocks appears to have no biological basis (Uriarte & Lucio. 2001). and remains
in place probably only due to management reasons. Finally. the North Sea component.

still assessed and managed slightly independently from the other two. used to be of major
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Figure 1.3: Catch-at-age of Northeast Atlantic mackerel in 2002 (ICES. 2004b).

importance, but supports a limited fishery and a much reduced biomass. Stock size was
estimated at 3.5 million tons in the 1960s, while is considered to be now just over 200,000t.

The work developed in this study concentrates on the western. and to a minor part the
southern, components. The western section has been assessed through egg surveys since
1977, while the southern section has been fully assessed using egg surveys only since 1995.
Egg surveys are also carried out for the North Sea stock, albeit with lower frequency and

intensity.

1.6.2 The European mackerel eqgg surveys

Since 1977 scientists from a number of countries, and under the auspices of ICES (Inter-
national Council for the Exploration of the Sea), have been conducting triannual ichthy-
oplankton surveys directed at mackerel (Trachurus trachurus), and to a minor extent at
horse mackerel (Scomber scombrus). These surveys have become an integral part of the
assessment process for these stocks, and provide estimates of Spawning Stock Biomass
for tuning of the abundance indices derived from catch and effort data. Estimates of SSB
are obtained according to the Annual Egg Production Method (AEPM) (Alheit, 1988).
Estimates of stock size from egg surveys in this area have historically been considered to
be absolute, although uncertainties in some of the estimated parameters forced the rele-
vant ICES Working Group in 1999 to incorporate them into the ICA-based assessment as
relative abundance indices only (ICES, 199gb).

The initial surveys covered most but not all of the spawning area and season, in what
was then considered the Western mackerel stock (Lockwood et al.. 1981). Three stock
units formed at that time the basis for management: the Western stock. extending during
the spawning season from the south of France to the north of Scotland: a Southern stock.

spawning in Iberian waters; and the North Sea stock. The first two are now treated as a
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single stock, although both components are assessed somehow separatelv. The North Sea
stock is still treated as a separate entity in assessment terms. Fish from all three units can
be found wintering off the Norwegian coast, where they form dense feeding aggregations
apparently linked to water temperature (Reid et al.. 2001).

Surveys for North east Atlantic mackerel started in 1977 in the Western waters of the
European continental shelf, from the Spanish-French border to the Northwest of Ireland
(Figure 1.4). From the initial survey coverage of 438 samples and 133 days at sea. achieved
with 2 boats, surveys have improved in both coverage and intensity (Table 1.6.2). In 1993
sampling of significant intensity took place for the first time in the waters around the
Iberian Peninsula, and from that point these surveys have covered the whole of the known

spawning area and season of Atlantic mackerel.

year samples positive samples days No. boats No. countries

1977 438 287 133 2 2
1980 600 343 143 3 3
1983 860 681 120 6 5
1986 834 666 108 5 D
1989 930 766 109 7 6
1992 1173 725 89 8 7
1995 1041 684 149 9 T
1998 1080 257 186 8 7
2001 1409 789 124 8 T

Table 1.2: Summary information of surveys undertaken in the NE Atlantic for mackerel
eggs between 1977 and 2001.

A detailed description of the procedure involved in the north east Atlantic mackerel
egg surveys forms part of Chapter 2, but a simplified account is presented here. Eggs
are first collected by means of Gulf III (in the western area) or vertical Bongo (in the
southern area) plankton samplers. After species identification and separation according
to developmental stages (Lockwood et al., 1977), egg abundances are estimated from
the number of eggs found in the sample, volume of water filtered, and length of the
development stage at the water temperature encountered. The procedure is repeated at
as many locations as possible during a number of sampling periods (usually six) along the
spawning season. Egg production estimates are finally combined with estimates of adult
female effective fecundity to arrive at an estimate of SSB for Atlantic mackerel.

The method presently in use for the spatial and temporal integration of individual egg
abundance estimates works by assigning all sampling carried out within one of the set
periods to the central day of that period. Spatial and temporal interpolation are separate
procedures, the first by simple averaging on unsampled rectangles that are surrounded

by sampled ones (ICES, 1996), the second by constructing an annual egg production
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Figure 1.4: Locations sampled during the triannual ICES egg surveys.
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curve based on each period estimates together with the assumed start and end dates (see
Chapter 2 for a detailed description).

The survey design in place is strongly influenced by the usual constraints in ship time.
but also by the estimation procedure outlined above. Much emphasis is placed on covering
as much of the spawning area as possible during each period. and in sampling early and late
enough in the season to detect the onset and close of the spawning period (ICES. 2000).
Spatial resolution employed has been of half an “ICES statistical rectangle”. meaning
30" latitude by 30" longitude. Although a standard survey area exists, sampling has been
extended to the west over the years, and an adaptive sampling rule, where sampling stops

only after a zero value is encountered, is now in place (Figure 1.5).
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Figure 1.5: Standard survey areas considered in ICES mackerel egg surveys. W denotes
the western component and S the southern one.

1.6.3 Ezploratory analysis of the dataset

Before ambarking on an estimate of annual egg production and spawning stock biomass.
much can be learned from an exploratory analysis of the ICES mackerel dataset. A graph-

ical representation of the 3-dimensional distribution of samples allows us to see the survey
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spatio-temporal design (Figure 1.6). Clearly observable in the first vears. when sampling
effort was a fraction of that deployed in recent surveys, is the intense spatial coverage
achieved during relatively short time periods. The temporal distribution of sampling.
concentrated around a number of short periods, can be clearly seen in 1980, where the
increase in sampling was achieved by increasing the number of sampling periods. Also.

the extension of sampling to the southern component can be observed in 1993 as the tail
over the lower latitudes and dates.

1977 1980 1983

Figure 1.6: Three-dimensional representation of the spatio-temporal distribution of sam-
ples by year. Origin is set at at 40° N - 0° W.

Changes in the timing of spawning might be observed from plots of egg abundances
by month (Figure 1.7, ICES NEA mackerel egg survey dataset). especially if shown. as is
the case here, in comparison with the time distribution of sampling effort. Disparities in
relative sampling effort and egg production indicate that the survey design, or its actual
implementation, have failed to match each other as desired. For example, in 1992 the
usual peak in sampling in June and July could only certify an early decline in spawning

compared to previous years. Early spawning appears to be difficult to forecast. and as
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extra sampling effort cannot be rapidly deployed even if significant spawning is detected
at the onset of the surveys, the risk is always present of large numbers of eggs being
sparsely sampled. That was the case in both 1992 and 1998, where the relatively low
intensity sampling during the month of march encountered very high number of eggs.
Looking in more detail at spawning, patterns. are remarkably similar among vears
(Figure 1.8). Differences in scale and intensity appear more noticeable than differences in
their start and end dates. There are often two peaks in spawning intensity and activity
through the year. Spawning levels off 20 to 30 days before the final survey date in almost
all years. The distribution of sampled egg abundance (as simple egg counts) at different
dates, latitudes and longitudes, and for each year, can be observed in Figure 1.9. Again
the temporal structure of sampling can be observed in the top panel, and how the increase
in sampling effort, both in days at sea and boats, have made the limits between sampling
periods less clear. The same can be said in the spatial scale (middle and bottom panels).

Both the extension in coverage and intensity can be ascertained from these plots.

1.6.4 Assessment and management needs

The NEA mackerel fishery has been relatively stable over the last 20 vears, both in terms
of effort and catch, partly due to the sensitivity of the market to increase in landings.
The largest fleet in the fishery, the Scottish fleet of pelagic trawlers, lands most of its
catch in Norwegian ports, where better prices and higher demand are guaranteed. This
market appears to drop in price as soon as supply surpasses demand. The fleet has thus
generally restrained itself from landing large catches for purels meconomic reasons, and
in consequence the annual Total Allowable Catch is usually not reached.

Despite this relatively comfortable situation, management of small pelagics tends to
be complicated by the inherent variability of their populations (Spencer & Collie, 1997).
Mackerel recruitment has also been found to vary with environmental factors such as
turbulence and the North Atlantic Oscillation (NAO) (Borja et al., 2002). This could
increase the normal variability in stock size and recruitment found in this species, if
environmental conditions where to become more extreme.

Under these circumstances, and considering the growing economic importance of mack-
erel to the European fleets, there is an increasing need to develop more precise and flexible
assessment methods which could improve stock management by allowing much earlier de-
tection of negative trends in population size and recruitment. Links might also be inferred
between predictable environmental factors, such as NAQO. and population size, distribution
and catchability. Finally, a range of management options could be explored that proved
resilient to the expected variability in population dynamics and environmental conditions.

A number of deficiencies in the present assessment procedure have been highlighted
by the relevant ICES working group (ICES, 2004b). Regarding the egg surveys. the major
concern expressed is that the assessment is over sensitive to the most recent survevs.

Mackerel egg surveys in ICES have generally been considered as absolute estimates of
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Figure 1.8: Time cumulative egg abundance by year. Abundances expressed as a percent-
age of the highest historical egg count.

SSB, although doubts have been expressed in some years about this assumption (ICES,
1999a). The assessment model currently applied to this stock, ICA (Patterson & Melvin,
1996), places considerable weight on the SSB estimates provided by the egg surveys, and
so results are extremely dependent on the reliability of those estimates. Uncertainty in
model parameters is presently not incorporated in the stock assessment. Comprehensive
estimates of uncertainty in the SSB estimates derived from egg surveys should be a first

step in addressing this issue.

1.7 Thesis outline

The present study attempts to quantitatively review the uncertainties present in the
AEPM (Chapter 2). Then, and building on that knowledge, it explores the use of Bayesian
geostatistical methods for the estimation of annual egg production. First. Bayesian spatio-
temporal variograms are constructed that model the covariance structure of ICES mack-
erel egg survey dataset in the three dimensions (Chapter 3). These variogram models are
then used in a Monte Carlo block kriging framework for the estimation of Total Annual
Egg Production and its associated uncertainty (Chapter 4). Finally, both analyses are
combined to assess the uncertainty present in the estimates of mackerel SSB from egg

production surveys (Chapter 5). A comparison is also made in this last section with other
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methods, and a range of conclusions is presented on the usefulness and capabilities of

these estimators.



Chapter 2

Review of the Annual Egg
Production Method

Forty years after its invention (Saville, 1964, after Hunter & Lo, 1993). and with nearly
15 years of ICES mackerel egg surveys, the annual egg production method has provided a
rigorous basis for fishery-independent stock assessment, albeit in a fairly limited number
of situations (See Chapter 1). However, many of its implicit assumptions remain untested,
and the possible sources of error and bias in its calculation are poorly understood.
Ichthyoplankton surveys for different egg production assessment methods follow a
common sampling protocol. The ICES survey for mackerel and horse mackerel provides a
representative example of the procedure. This survey, as it is carried out every three years
in the waters of the Western Atlantic European facade, will be reviewed and analysed.
Results and observations could be considered applicable to other assessments carried under

the same framework.

2.1 Data collection

Ichthyoplankton samples are collected using some modification of the sampling nets used
for other plankton work. High speed samplers consist of a solid frame to which a fine
mesh net (between 250 and 500 um aperture) is attached. A nose cone covers the mouth
of the net. Two flowmeters are also attached to the frame, one of the inside and one on
the outside of the net mouth. A metal weight keeps the sampler in the right angle. This
must be almost horizontal for samplers towed in a near vertical V-shaped trajectory, such
as the Gulf III sampler, or upright in the case of the CalvNet and other vertical bongo
samplers. The sampler is either towed or lowered at a constant speed. either to the bottom
or to a previously set maximum depth. The depth reached by the sampler is monitored by
a sensor attached to it. When recovered, the net is washed and the sample is extracted.
Flowmeters are read to estimate the volume of water filtered.

Samples consist usually of a mixture of plankton taxa, fish eggs from various species.

algae, jellyfish and other marine fauna and flora. Eggs of the species under scrutiny must

38
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be selected from this mixture. During the ICES mackerel surveys. this might be done
either on board or back at the laboratory. If carried out on board. fish eggs are separated
visually immediately after the sample is brought on board. The sample is then stored
in 4% formaldehyde solution and a second pick takes place 12 hours after the first one.
Eggs, or any other material mistaken for them, are also kept in formaldehyde. These are
later inspected under a binocular microscope. Eggs from different species are separated
according to their morphology, and those belonging to the species being assessed are then
staged following standardised descriptions. When egg identification is to be carried out
in the lab, the whole sample is stored in formaldehyde after extracting from the net for
later analysis.

Egg development in the sea, from spawning to hatching, can be categorised in a series of
predictable stages, morphologically recognisable (Gunderson, 1993). although ultimately
arbitrary. A variable number of stages are defined for each species, from five in the case
of the Atlantic mackerel to ten for South African anchovy (Shelton et al.. 1993). The
duration of each egg stage is dependent on sea water temperature. and this relationship
needs to be established for egg production estimation. For example, eggs of Atlantic
mackerel remain in stage I for 57 hours when water temperature is 10°C. and for 22 hours
at 18°C. Atlantic mackerel egg production is estimated from counts of stage I eggs only.
This stage is divided in two substages, Ia and Ib, and numbers counted separately are
later added. Eggs are considered to be in stage I from spawning until the formation of
the blastodisc?, visible as a “signet ring”. together with the start of thickening of the egg
bundle at one pole (ICES, 2001).

The effectiveness of planktonic surveys at assessing spawning abundance depends in
great measure on survey design. Surveys should match the extent. both temporal and
spatial, of the spawning event. The grid size applied should reflect the scale at which pat-
terns of abundance in spawning change (Gunderson. 1993). Finally, some level of spatio-
temporal replication is required if variance is to be estimated. This is because the current
variance estimator (ICES, 1999a) is based on the variability present in samples taken
during the same period at the same sampling square.

The usual constraints found on any sampling exercise apply to egg surveys. Lim-
itations in shipping time are usually the most acute of all. Sampling can be severely
hampered by bad weather, or interrupted by problems with the equipment. All of these
circumstances can severely affect the precision and bias of the final estimate. Bayvesian
approaches have been applied to the problem of quantifying the bias and precision in the
resulting estimate in other studies of fisheries research survey estimates of abundance.
The Bayesian approach allows biological, technological and statistical parameters to be
treated as random variables. Expert judgement, empirical data analysis and Monte Carlo

simulation have been combined under this approach to quantify bias and precision in

*Embryo-forming area of egg prior to cleavage
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survey biomass estimates. A common procedure involves the estimation of a prior prob-
ability distribution for ¢, the constant of proportionality or scaling parameter. ¢ relates
fish or egg abundance, as directly estimated from survey data. to the real abundance once
corrected for bias. In an assessment of New Zealand's western stock of hoki M acruronus
novaezelandiae, McAllister et al. (1994) constructed a prior distribution of g. the constant
of proportionality for acoustic survey estimates of abundance. from Monte Carlo simula-
tions of the uncertainty in the parameters, such as target strength. A stock assessment
of yellowfin sole (Limanda aspera) in the Bering Sea applied a similar method to trawl
survey estimates of abundance (McAllister & Ianelli, 1997). Prior distributions for g were
also constructed by Monte Carlo simulation of uncertainties in surveyv parameters that
affected the effectiveness of the survey in that area. This approach has not been applied
previously to abundance estimates from ichthyoplankton surveys.

In this chapter, the possible sources of uncertainty and bias in pelagic eggs survevs
are investigated and quantified. A Bayesian approach is then developed to account for
the deficiencies in pelagic egg survey design and provide a measure of the reliability and

quality of the estimate.

2.2 Data management

Data made available to this project come from the two official repositories established
by the International Council for the Exploration of the Sea (ICES) Working Group on
Mackerel and Horse Mackerel Egg Surveys (WGMHES). The longest time series comprises
the results of triannual surveys carried out since 1977 on the western stock, nowadays
considered as the western component of a single western European stock. Its present
maintainer is Dr. Dave Reid from the Marine Laboratory Aberdeen (MLA). A second
dataset, stored at the Instituto Espatiol de Oceanografia in Madrid, covers the southern
component (Spanish and Portuguese coasts). Surveys in this latter area started in 1992,
and good coverage was only achieved in 1998. Other data related to the surveys are kept
separately, and some are only available through the working group reports.

Data quality is quite variable, having improved notably over the years. Despite this.
erroneous entries were found in the dataset, and inconsistencies remain in the storage
procedure and database structure. A number of simple measures, following the general
guidelines in FAO (1999). could be implemented to improve the management of data from
the ICES mackerel surveys, and facilitate their use in research studies, such as:

e Data should be unified into one single dataset, or both datasets should share a

common structure and agreed standards.

e Data from all egg surveys should be combined into a single table, with a documented

structure.

e Original raw data and calculated data should be distinguished (for example. volume

when calculated from flowmeter revolutions and net aperture).

e Data from different vears and stock elements are to be stored in the same units.
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* A complete database system could be developed incorporating egg survev. fecundity
and other survey data and information.

o Agreed procedures could be established for data quality and integrity to be validated.
This would include checking for errors in data input.

2.3 The AEP model

In brief, the AEP model quantifies spawning stock biomass from the number of eggs
produced by the females in the stock, their average fecundity and the sex ratio of the
population. The annual estimate is based on a series of daily egg production estimates for
a number of periods over the spawning season. and the annual egg production curve is
calculated from those period estimates. The area under the curve is the total annual egg
production for the stock.

The first step in the calculation is to estimate daily egg production per unit of surface
area for each sampling square from the number of sampled eggs. Daily egg production.

Dysh, for haul h, in sampling square s, during period p, when based on stage I eggs only.

is estimated as
Npsh 24

%sh Hpsh

Dpsh = 'dpsh (2.1)

where Npgp, is the number of stage I eggs found in haul h of period p in square s. dpsp
is the sampling depth (m) reached in this haul, Vg, is the volume (I) of water filtered
during this haul, and Hpps is the length in hours of stage I of egg development at the
water temperature encountered in this haul. This is in turn calculated according to the

equations developed by Lockwood et al. (1977) for Mackerel,
H = exp(—1.611og(tep) + 7.76) (2.2)
and by Pipe & Walker (1987) for Horse mackerel,
H = exp(—1.6081og(t20) + 7.713) (2.3)

where #9g is the sea water temperature at 2om depth. An estimate of daily egg production

in rectangle s in period p, Dps, is calculated as the mean of all H,, hauls in the rectangle,

multiplied by its area, A (m?)

1 Hps

H hlepsh'As (2-4)
ps

Dy, =

If eggs can be assigned to different development stages with sufficient reliability. egg mor-

tality rates can be estimated, and all egg data can then enter the production estimate. If
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constant mortality and spawning rates can be assumed during the length of the incuba-
tion period. the catch curve method might be applied (Gunderson. 1993). An exponential

mortality model of the form

Nhi/api = Nype™ Zrion (2.5)

is fitted to the abundance at age (Np;/a;;) and age (ap;. time elapsed from fertilisation to
midpoint of stage ) data from haul h and stage 7. The intercept. \,. is the estimated total
number of eggs at that location (See Figure 2.1). A constant mortality rate is assumed
for all stages. In contrast, the cohort method allows for Z to varv with egg age. Samples
need to be taken at the same place during egg development, allowing a single cohort to
be followed in time. This method is better suited for boreal species. where egg hatching
might occur up to 15 days after spawning. If egg development rates are high. as it 1s
the case for species in warmer waters, the cohort method requires almost continuous

sampling over the development period. Extrapolation based on arithmetic means is used

o)
V)
]

O

Egg abundance,
= o

N

o

i 2 3 4 5

Egg age (stage)
Figure 2.1: Example of catch curve method for estimation of egg mortality (Z) and egg
abundance (N) from counts of eggs at various stages. See equation 2.5

in unsampled rectangles immediately adjacent to at least two sampled rectangles. Let u
index unsampled rectangles, and let dpsy = 1 if sampled rectangle s in period p is adjacent
(either immediately or diagonally) to rectangle u, and be 0 otherwise. Daily egg density

in rectangle u is then estimated by

[N}
D
~—

-1
S S
Dpu = Au (Zsilépsu> Zsildpsqus (

where S, is the number of rectangles sampled in period p.

Daily egg production in each period is then estimated as a sum of the sampled and

interpolated rectangles

S U o
Dp = silAstS + ZuilAquu (_- l)
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where U, is the number of unsampled rectangles adjacent to at least two sampled ones.
Finally, annual egg production, E is estimated by integration of the dailv egg produc-

tion histogram, from sum of the daily egg production estimates in each period p. multiplied

by its length in days, A, and the sum of the DEP estimates in each interpolated period i.

_D P D,+D
- T(dl’l —do) + szl {Dp(dpﬂ —dp1) + ‘%(dpﬂ.l —dy2) (2.3)

where d, 1 and d,» are the start and end dates (in Julian days) of period p. and dg is the
start date of the spawning season. For the last sampling period. when p = P. D,.; will
equal zero, and d, 1171 = dp, the end date of the spawning season. The variance of the

annual egg production estimate is the sum of all period variances.

P .
Var(E) = :pzlAp% ar(D,) (2.9)
which are in turn estimated as,
5 Sus 2 D2
Var(Dy) = CV, E . (As + E vy Au> —7\,5 (2.10)
U ivg

where CV,, is an estimate of the global coefficient of variation for each period. It is

calculated as

P S 1p s w i
CV; = (Z > Hg, - H) Y3 (n(Dsp) — In(Dy))? (2.12)
p=1s=1h=1

p=1ls=1

This is based on an estimate of the variance in egg densities for each sampling square (s)
with two or more hauls (k) of non-zero values. In most periods the number of squares for
which variance can be estimated is very low, so the estimates for all periods are pooled

into a single C'V.

2.4 Model parameters

A number of parameters are required for the estimation of annual egg production under the
AEPM (Table 2.1). An initial exploration was carried out to identify those parameters
that are most likely to introduce error or bias in the estimate. and those that can be
considered precise and unbiased. Parameters were considered biased if the mean bias was

equal or larger than 4%, and as introducing error if the estimate had a C'1" of more than

5%.

2.4.1 Depth

The maximum depth reached by the net allows the calculation of egg production per

surface area of sea from an estimate of production per volume sampled. Depth is recorded
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Table 2.1: Parameters present in the AEP)M model

Parameter units
Egg counts N eggs
Volume of water filtered |4 m3
Maximum depth of sample d m
Duration ff Stage I G Hours
Water temperature t C

Area of sampling square A m>
Daily egg production D eggs/m?/day

by a probe attached to the body of the net case. Information on depth is transmitted to the
boat for monitoring and to decide when the sampler should be raised, and is later stored.
One of the most commonly used models, the Scanmar depth sensor, whose precision is

reported by the manufacturers to be better than 0.5%.

2.4.2 Stage I length

Development rates of Atlantic mackerel eggs at different temperatures have been deter-
mined through a series of tank experiments (Lockwood et al., 1977). where eggs were kept
at a range of temperatures, and the time spent at each of the five development stages mea-
sured. Results are summarised by equation 2.2. The original data from this‘experiment
were not available, but correlation coefficients (0.993 for stage I) indicate very good agree-
ment with the exponential model in use. Although error was undoubtedly present in the

experiment, no data are available for it to be quantified.

2.4.83 Water temperature

As the net is lowered, water temperature is measured at different depths. Temperature
sensors are attached to the sampler case. As in the case of the depth sensors, temperature
is estimated with high precision, and no significant error seems to be introduced. Bias

related to the use of temperature at 2om in the development equation is explored in

section 2.5.3 (Page 56).

2.4.4 Area
The area of a sampling square, defined on a 1/z degree by 1/> degree grid, varies with
latitude. Given the latitude (¢5) of the centre point of square s, area (in m?) can easily

be calculated as 5
Ag = cos <ﬁ7r) .322.1853.2° (2.12)

2.4.5 Volume
The volume sampled during each net haul is measured by two flowmeters inside and
outside of the net mouth. The inner flowmeter measures the volume of water flowing

through the net, while the outside one is used to provide an indication of net clogging or
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flowmeter malfunction. To convert the number of revolutions recorded by the flowmeter
into a volume measurement, net and flowmeters must be calibr ated. This is achieved by

recording the revolutions counted when towed over a known distance. Volume. 1. in haul

h can then be calculated as

rhWw
Vh = TG (\2.13)

where 74, is the number of revolutions recorded by the flowmeter, . is the aperture of the
net (m?), c is the calibration value of the sampler (revs/m). and e is the efficiency factor.
This is a measure of the per centage of the water flow directed to the net mouth that is
actually engulfed by it. The efficiency is regarded as 100% when the measured volume is
equal to the theoretical volume, calculated as the product of the distance towed. and a.
e values range from 0.8 to 1.3 for very efficient samplers, although is commonly found to
be around 1.

In recent years, some countries have started using computerised systems that provide
a single measurement of volume filtered. This trend. likely to spread (D.Reid. pers. com.)
and the fact that some of the older datasets include only the final volume estimate. forced
volume to be investigated and treated as a single variable.

Problems have been identified with the samplers used in the ICES mackerel survey
(Brander et al.. 1993; Anon., 1999), especially on the efficiency values assumed, and the
incorrect calibration of the net-flowmeter-boat system. An European funded project has
analysed in detail errors in the calibration and efficiency values of the Gulf III samplers
used by most countries in the ICES mackerel surveys. By comparing measurements of flow
by the sampler flowmeters with those by an external Laser-Doppler profiler, bias on each
of the samplers was quantified. The bias factors uncovered should be applied to previous
surveys up to 1998 (Anon., 1999), and it is expected that the new efficiency and calibration
factors in use from that year are unbiased. The study recommended that bias corrections
should be applied to three of the samplers. Underestimation of the volume filtered by the
nets results in overestimation of the egg production, and vice-versa (See equation 2.1).
According to the study results, English data up until 1998 should be corrected by —10%.
as that is the uncovered overestimation in the volume of water filtered. Data from the
Dutch samplers should be corrected by +16%, and the German data should subjected to a
—8% correction. Tests were carried out on the effect the introduction of these corrections
in the bias model would have on the final estimates. But given the reservations contained
in the previous study on the applicability of tank-based measurements to real sampling
situations, bias corrections were not included in the final model.

The calibration process must be ideally repeated at the start of a survey. so it reflects
the performance of the sampler-boat system. Measurement of the distance travelled and
the speed of the boat during calibration tests can be difficult to achieve to a high precision

(Anon., 1999), so calibration parameters, might be quite uncertain. No data are available
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for quantifying this factor, so an attempt has been made at using expert knowledge to

describe the possible error as a probability distribution.
2.4.6 Fecundity

Egg production estimates are by themselves of little use for management purposes. where
the quantity of interest is the spawning stock biomass (SSB). Estimation of SSB from egg
surveys requires an estimate of female fecundity in the stock. Realised fecundity. in terms
of eggs spawned per gram of female body weight, can be divided in two components. First
one is potential fecundity, the number of oocytes ready to be spawned present in the ovary
at the start of the season. This is assessed by sampling of females prior to the start of the
spawning period, and subsequent microscopical counts of the number of hydrated oocytes
above a certain size. Due to limitations in food availability and energy needs. a number of

oocytes are never spawned, and instead are re-absorbed. This is termed atresia. Realised

fecundity, F, is then estimated as
_ &
F; :Fp_ <—ls> (2'1—1)

where F_'p is the mean potential fecundity, & is the mean relative atresia, «" is the prevalence
of atresia (the percentage of females sampled with atretic eggs), I, is the length in days
of the atresia stage, and [ is the duration in days of a spawning event.

Estimating fish fecundity is a complex process. First. a sufficient number of mature
females must be caught shortly before spawning starts. Ovaries and fish are weighed
and measured. These samples must then be stored for a period of 3 months in Gilson's
fluid, for oocytes to be released from the ovary tissue. Maturity stage is assessed, and
sections are prepared for microscopic examination. If any sign is found that any batch
of eggs has already been spawned, the sample must be discarded. Potential fecundity is
then estimated by counting the number of oocytes above a certain diameter threshold,
previously estimated from histological studies (Emerson et al.. 1990). A full review of the
methodology presently applied to the ICES mackerel stock can be found in Witthames
(2000).

Fecundity estimates can suffer from bias and error arising from different sources. Error
is introduced when fecundity slides are analysed. and this can vary greatly depending on
the experience of the observer (ICES. 2001). By measuring potential fecundity in terms
of number of eggs per unit of body weight, the assumption is made that the relationship
between fecundity and body size is a linear one. This might not be the case (P. Witthames.
pers. com.). Larger fish appear to produce disproportionately larger numbers of eggs. and
this is not captured by the mean fecundity estimated from all ages combined. Spatial
trends in fecundity and atresia, and temporal trends in atresia are also ignored. Lack of

data precludes further examination of these problems.
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Uncertainty around fecundity and atresia estimates can be observed from a plot of the

distribution of values around the means (Figure 2.2). Variance on the error distribution

has decreased over time, from 0.04 in 1992 t0 0.02 in 1998. The variation observed mizht be
related to age, size, food availability, energy consumption in the pre-spawning and winter
periods, and genetic variability. Some of these factors are likely to change significantly for

any season. Consequently. the value should be updated when new information from each
survey is available.

Figure 2.2: Distribution of normalised residuals around mean fecundity estimates for At-
lantic mackerel. Data from (a) 1992. n=80. (b) 1995. n=119 and (c) 1998, n=93. Overall
distribution is of the form e~N(0,0.17"

2.4.7 Egg counts

Together with the error present on any counting procedure, assigning eggs to a develop-
ment stage poses extra difficulties. The division of the egg development continuum in a
finite number of stages is a necessary simplification. Each described stage can be thought
of as an average situation that best summarises a range of positions along the develop-
ment axis. The distributions around each stage mean do overlap. that is, the development
stage to which an egg should be assigned is not always clear. This difficulty appears to

be greater for older eggs. For example, the ICES mackerel assessment is based on stage
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I eggs only, as the divergences between observers and laboratories on the status of older
eggs are considered to be too large (ICES. 1ggga. 2001).

Workshops have been carried out for a number of vears to unify criteria and minimise
divergences and errors in egg staging. Results from these cross-validation exercises provide
a measure of the error introduced at this stage in the process. The same sample of mackerel
eggs, initially consisting of 100 of them, is sent around all laboratories involved. and their
results compared. The results of the last exchange exercise (ICES. 1999a) are summarised
in Figure 2.3. Some disagreement was found between laboratories and observers on the
number of eggs to be assigned to stage I in the same sample. sometimes up to a 4%
difference. These were even larger at later stages, and also increased for horse mackerel.
The most recent workshop conducted (ICES, 2001) found a -2.5% average bias in counts
of stage I eggs, with a range from -16% to +15%.

Although the experiment accounted only for error in egg staging. some disagreement
was also encountered on the identification of the eggs. In this case. 11 eggs were not iden-
tified as mackerel eggs by one of the laboratories (ICES. 1999a, Table 2.1.1). However. egg
identification seems to be less problematic than staging and error appears low. as samples
are usually processed two or even three times (I. Mosqueira, pers. obvs.). Nevetherless, this
could be of greater importance for samples with large number of eggs. The distribution of
values shown in Figure 2.3 could become wider, although it will still remain a relatively

modest source of uncertainty. Bias does not appear to be of great concern. Uncertainty in

-0.1 -0.05 0 0.05 0.1 -0.4 -0.2 0 0.2 0.4

Figure 2.3: Results of the 1998 (a) mackerel and (b) horse mackerel egg exchange exercise.
Distribution of the deviations from the mean proportion of stage I eggs in sample (n = 10).

the egg staging process, represented by €,. can then be summarised by normal distribu-
tions es~N(0.0.03%) for mackerel, and e;~N(0,0.08) for horse mackerel. Although given
the limited sample size the normal distribution might appear not to be the best choice for
the egg identification error, the process generating these values is undoubtedly accurately

expressed by a normal deviation from the real number of eggs in a sample. estimated by

the mean value obtained.
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Methods are being developed that attempt to provide more precise identification and
staging of mackerel eggs and other ichthyoplankton. The use of sample colour. in an
informal scale, to assess total egg density has been investigated (Findlay & Lansley. 1gg3).
A method based on the presence and concentration of certain proteins in the eggs is also
being tested (P. Morén, pers. com.). These methods could provide not only more precise

estimates of egg abundance, but also allow the use of all egg stages for egg production

and egg mortality estimation.

2.5 Model assumptions and procedures

A number of assumptions, mostly untested, lie embedded in the AEP model. and some
of the methods for estimating certain parameters could introduce bias and error in the
final estimate (See, for example Hunter & Lo, 1993, for a review of some of the expected
limitations of the method). Assumptions were identified and those with potential for
significantly deviating the egg production or stock biomass estimates were analysed in

detail. These analyses were limited in some cases by the availability of data.

2.5.1 Instantaneous sampling

Egg abundance, as estimated from counts of eggs in the sampling net, are assumed to
be an estimate of the number of eggs, of a certain age, at the moment of sampling.
Ichthyoplankton nets employ a substantial length of time in sampling the whole depth of
the water column, depending on the maximum depth reached. Eggs sampled by the net
continue their development during the length of the haul. Consequently, counts of eggs
extracted from the net reflect the age of eggs at the moment of fixation. slightly older
than when sampled from the sea. A number of eggs might be thus categorised in a later
stage than would be appropriate. The significance of this delay is dependent on the ratio
between the time needed to complete a haul (Gy) and the length of the development stage
(G), which varies with sea temperature.

For Atlantic mackerel in 1998, G ranged from 23 to 73 hours (G = 37.80). while hauls
lasted between o0.25 and 1.4 hours (G, = 0.56). The length of the haul represents the
maximum time that an egg could spend inside the net, so a mean estimate is given by
G, = Gp/2. A Monte Carlo procedure was carried out combining randomly chosen values
of G and G}, to construct a distribution of possible values of the G, /G ratio. Assuming
a constant spawning rate for the length of the haul, the ratio indicates the proportion of
sampled stage I eggs in the sample that would have reached stage II by the end of the

haul. As Figure 2.4 shows, the bias introduced appears to be very small (€; = 0.8%).

2.5.2 Net speed and depth coverage

When sampling for planktonic fish eggs like those of Mackerel and Horse mackerel an
attempt is made to cover the whole water column. thus correctly estimating egg abun-
dances per unit surface. But limitations in time and resources. together with knowledge of

the most likely distribution of eggs with depth, means, in the case of the ICES mackerel
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Figure 2.4: Probability distribution of the ratio between length of a sampling haul and
length of stage I, t,,/t, for Atlantic mackerel in 19g8.

survey, that sampling is limited to the first 200m in deeper waters. At the same time.
the deployment process of planktonic nets would ideally be carried out at a constant
speed, sampling homogeneously and as close as possible to a 1-shaped trajectory. at each
depth. Departures from this ideal are to be expected, due to the non-static behaviour of
the system: boat, net and sea. As Mackerel eggs are not evenly distributed within the
water column (Coombs et al., 2001), the combination of both circumstances could lead
to significant error and bias in the estimation of egg densities.

The standard procedure for ICES Mackerel surveys is to survey to a close distance
from the sea bottom, but limited to 200m meters in waters deeper than that. Effectively.
the survey is estimating Mackerel and Horse mackerel egg abundances in a section of the
spawning volume (in contrast to spawning area) limited by the latitudinal and longitudinal
limits, and a depth limit of 200m. Although most eggs appear to be concentrated above
that limit, they are also present in deeper waters in significant numbers, especially at the
start of the spawning season (Coombs et al., 2001). Egg abundance estimates might then
be underestimating the real value, and this bias could prove more significant if. as the last
few surveys have been showing, spawning is moving further west and into deeper waters
(Beare & Reid, 2002).

The present analysis attempts to quantify the bias and error introduced in the egg

production estimate by the previous questions, and how they correlate with spatial and

temporal factors.

Methods

Logs of net deployment were obtained from MLA and CEFAS. in both cases from the 2001
survey. They provided information on the time spent by the net at different depth sections.
in the following format: CEFAS, time spent by the net at every ten-meter interval: MLA.

depth of the net at every 3s scan. Times from the downwards and upwards sections were
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added. and a total of 440 net logs were available. The MLA dataset was transformed to
the CEFAS format, and for later comparison with Mackerel egg profiles.

A total of 84 profiles, with egg densities every 3m. and sampled between 1974 and
1991, were obtained from Dr. S. Coombs (Plymouth \arine Laboratory)(Coombs et al..
2001). Taken mostly along the 200m isobath. they stretch from the southern limit of the
western component (off the Spanish-French border) to the west of Scotland (off the Isle
of Lewis), although they are mostly concentrated between 49 and 31 degrees North. on
the shelf of the Celtic Plateau and Bay of Biscay (see Figure 2.5).
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Figure 2.5: Spatial location of egg profiles for the three central months of the survey

The available dataset of Mackerel egg profiles in the survey area shows wide variation
in maximum depth of eggs and the pattern of distribution in the water column. Two
parameters were used to provide a description of each profile, investigate their variation,
and model their relationship with bottom depth (B), latitude (¢), Julian date (*) and
egg numbers (N). The expected egg depth (d) is defined as the depth where egg den-
sity is highest, that is the mode of the egg distribution with depth. The second is the
percentage of eggs found below 250m (N250) in those profiles that reached deeper than
that threshold. A higher value than the agreed limit (200m) was used to allow for a more
conservative estimate, and because samples taken in waters between 200 and 230m are
usually extended to the bottom, 250m appeared to be a more realistic, and conservative.
limit. The relationships between those variables was analysed by means of linear models

(McCullagh & Nelder, 1989). with a normal distribution assumed for all response variates.
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To estimate the error and bias introduced by the behaviour of the net. egg densities
calculated following two different methods were compared. First. egg densities at each
depth section, Ny, were multiplied by the time the net could be expected to stayv at each
depth section if sampling was perfectly equal, Ty. where T}, = % T}, is the total sampling

time in haul A, and K the number of sections in that haul. The expected. or real. total

egg densities were thus estimated as

K N;;Tk
Ny, = Zk:l T, (2.15)

This was compared with an estimate where the actual times spent by the net at each
section were used instead. The actual total egg densities. N, were similarly obtained as a

mean of the section egg densities, weighted by the time spent by the net on each section.
T

g K Nka
Nh = Zk:l Th (2.16)

The error between N and N was then calculated as

N—-N
e= 0 (

N

)

-
~1
~—

whose mean or expected value , , is the bias factor. The root mean squared relative error.
RMSRE, was calculated as

A 2
K (Ng — Ni)

1
RMSRE = ~> =~ v

n

(2.18)

where n is the number of Monte Carlo replicates. Finally, the coefficient of variation, C'1".

was computed as

CV = /RMSRE - & (2.19)

Two different sources of bias were identified, and two similar analyses were conducted
to investigate them. First, error arising due to the non-perfect behaviour of the net (e,)
and second, error arising because of the non-sampling of eggs present at depths greater
than 200m (e4). To estimate the first one, egg profiles were matched with time profiles of
similar depth according to the following procedure: first, profiles were divided according
to their depth, from 10 to 1000 meters, in 50 meters steps, with all egg profiles over 250m
deep falling into the same group. Second, a time profile was randomly chosen for each egg
profile from the equivalent depth section. As the intention of this analysis was to quantify
the error introduced by the imperfect behaviour of the sampling net. only the first 200m

meters were used in all deeper egg profiles. Equation 2.17 was then applied.
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To estimate the second source of error. €4, the percentage of eggs below 200m in those

samples taken in waters deeper than 200m, was computed.

€g = ——— (2.20)

where N and N are the total number of eggs in the water column and the number in
the sampled 200m upper layer, respectively. This, together with the number of samples
on both areas ("deep’, <200m, and ’shallow. > 200m). the surface of both areas. and the
contribution of each of them to the total egg production, allow for an assessment of the
error introduced in the final AEP estimate. The relationship of both errors, €, and €g4.
with latitude, depth, Julian date and number of eggs in the sample was investigated by

multiple regression and analysis of variance.

Results

The data in the egg profile dataset, although not totally representative of all possible
situations in the survey area, captures a wide range of them and allows an estimate to be
made of the bias introduced in the AEPM procedure. Geographical range is fairly wide,
covering from 45° N to 55° N, most of the spawning area of the Western component of
the stock. The range of depths covered goes from 33 to 1000m deep. Samples were taken
over a number of years (from 1974 to 1987). ensuring greater variability in weather and
environmental conditions.

The available dataset of Mackerel egg profiles in the ICES Northeast Atlantic area is
fairly limited in number of samples and spatial distribution (See Figure 2.5).0f a total
of 84 egg profiles used in the analysis, 41% of them were located in waters deeper than
250m, and 21% contain eggs in layers deeper than 20om. That is. 53% of deep water egg
profiles found eggs at depths usually left unsampled when surveying for AEP)! estimation.
The percentage of eggs in those profiles present below 250m varies greatly (Nogg = 27.6,
SD =259, n = 18).

Plots of all variable combinations in Figure 2.6 show some interesting patterns. First,
a relationship between d and the three sample variables appears to be present, positive
in the case of d and ¢, and negative for J and N. In contrast, eggs appear to be found in
deeper waters at the start of the season only (Figure 2.6f), at high latitudes (2.6d). and
in an area around joom bottom depth (2.6b). There is a significant linear relationship
between d and both bottom depth and date (correlation coefficients of 0.78 and 0.82
respectively). The centre of gravity of the egg distribution tends to move towards deeper
waters as the water column expands. albeit at a slower pace. In contrast. eggs appear to
be more abundant at shallow depths as the season advances. Surprisingly. the proportion
of eggs below 250m does not increase with bottom depth, which in these profiles is equal
to the sampling depth. Bottom depth of profiles with highest percentages of eggs below

the 250m threshold is mostly concentrated around the 250 to 500m range.
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Figure 2.6: Plots of the relationship between depth in meters where most eggs are concen-
trated, (d), and the percentange of eggs found below 200m (.N200), against latitude (0).
bottom depth (B), Julian date (J). and egg numbers in the sample V. in log scale.
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Q0

The possible bias introduced by the variations in vertical speed of the net (e,) does
not appear to be of great significance (RMSRE = 0.01). The time spent by the samplers
at different depths does not seem to follow any regular pattern. with the exception of a
small tendency to undersample close to the surface. The error generated by variations in
the speed of the net is introduced in the estimate of egg abundance, in common with any
other sampling procedure.

In contrast, egg abundances estimates appear to be significantly biased by limiting
sampling to the upper 200m section of the water column (RMSRE = 38.3%). In a small
number of profiles, up to 80% of the eggs were concentrated below 200m (Figure 2.7).
The relationship between e; and the four independent variables (J. o. B. and \) was
investigated by multiple linear regression. The full model showed no significant correlation
between the dependent and the independent variables, but some of the individual variables
did, as expected after an inspection of Figure 2.6. Both date and latitude provided very
good fits to the data when analysed separately (J: 3 = —0.048. t = —3.904, p < 0.001;
¢: B = 0.264, t = 4.404, p < 0.001), but not when inserted in the model together. The
correlation between both variables is nearly significant, and appears to be strong enough
to influence the model. Changes in the proportion of eggs below 200m with date are
expected, due to changes in oceanographic conditions, wind mixing and stratification.
Although a linear model provides a significant fit, a look at a plot of date versus €4 shows
how profiles with large errors concentrate at the start of the season. and how variance
in €4 decreases with date. Error values before and after the 1st of may (J = 120), were
significantly different (ANOVA, F} 29 = 13.21, p = 0.001). Error in those samples taken
before the 120th Julian day conformed to a quite singular probability distribution (Figure
2.7). An uniform distribution between the maximum and minimum values ignoring zer
ignoring zero was chosen to represent the variability in €4 for samples with J < 120. Error

was considered negligible for samples after that date.

-1 08 -06 -04 -02 O
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Figure 2.7: Distribution of vaues for the error due to the 200m sampling limit. €4. for
samples taken before the 1st of May (n=31).
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2.5.8 Use of tog as egg development temperature

Estimates of daily egg production in the ICES mackerel AEPAI are based on counts of
the numbers of mackerel eggs in the first stage of its development. or stage I eggs (Lock-
wood, 1988). The length of stage I allows for the conversion of egg counts into daily egg
production, and is dependent on the temperature the eggs experience in the sea. The
relationship between water temperature and stage length was established by Lockwood
et al. (1977) by observation of eggs incubated in an aquarium tank. Similar work was
conducted for Horse mackerel (Pipe & Walker, 1987). When these equations are applied
to egg counts from the AEPM, the temperature at 2o0m depth (tg0). as recorded by the
sampling net, is used as the best representation of the conditions in the water column.
The assumption is that ¢5g is an unbiased representation of the conditions encountered by
the eggs anywhere in the water column. Mackerel eggs are almost completely neutrally
buoyant (Coombs et al., 2001), so their development, at least during stage I, is likely to
take place at spawning depth. If a significant number of eggs were to develop at temper-
atures sufficiently different from ¢50, bias could be introduced in the daily egg production
estimate.

In order to quantify the possible bias involved, an analysis was carried out by using full
temperature and egg profiles, whose daily egg production results were then compared with
those achieved following the traditional method. The correlation between error introduced
by the use of t39 and depth, latitude, date, and number of eggs was investigated through

linear modelling.

Methods

Data were compiled on mackerel egg distribution with depth and temperature profiles
from the same area. The latter were extracted from the Global Ocean Database?, using
the Ocean Data View (ODV 4.1) software. Data were chosen from the survey area only
(between 40° and 60° N, and 1° and 15° W), and precise location, date and bottom depth
were recorded. A total of 2043 temperature profiles were available, covering depths from
5om to over 2000m. They were recorded over a number of years (1960-1998) and should,
therefore, include a wide range of oceanographic and meteorological conditions. Mackerel
egg data were again obtained from Dr. Steve Coombs (Coombs et al., 2001). Description
of the dataset can be found in page jo0.

The analysis matched egg numbers and water temperatures at 1om strata and then
computed the total egg production. At the same time, a traditional estimate was carried
out by using the temperature at 2om from the same temperature profile. Only temperature
profiles on areas at depths smaller than 5oom were used. This is the maximum depth
reached by the egg profiles. The temperature profiles are structured in sections of unequal
sizes, so the egg data had to be transformed from their original zm-deep strata. The

resultant structure is sumimarised in Table 2.2.

http://www.nodc.noaa.gov/
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Table 2.2: Depths covered on each section of the egg and temperature profiles. Upper
limits on the egg profiles were part of the lower section.

Temperature FEgg abundance

0 0-5
10 2-15
20 15-25
30 25-35
50 35-60
75 60-85
100 85-110
125 110-135
150 135-160
200 160-225
250 225-275
300 275-350
400 350-450
500 450-500

Egg profiles were matched with randomly selected temperature profiles from the same
depth range and month. The difference in egg production as calculated with both methods,

using top (Dy,,) and the whole profile (D), was computed as

— Dt2o _ DP
Dp

€ (2.21)
from which RMSRE and mean bias was computed. Error ¢; is calculated by randomly
sampling from the temperature dataéet, so different runs would yield slightly different
results. The procedure was therefore repeated for 1000 times, to generate a long-run
distribution of error values. Linear models were fitted to analyse the variation of €; with
depth, latitude, date and number of eggs. Error values, €;, were transformed to log(e; + 1)
to comply with normality and homoscedasticity assumptions. Models were fitted to the
values of log(e; + 1) from 500 iterations of the error calculation. and the significance of
the regression coefficients was estimated as the proportion of model runs on which the

variable was found to be significant.

Results

Bias introduced by the use of the temperature at 20m, to9, as representative of the whole
water column for egg production estimation, appears to be important (RMSRE = 14.85%,
CI = 13.22 — 22.87). A model of the form log(e; + 1)~J + ¢ + B + N was fitted to
the data. After transformation, log(e; + 1) was normally distributed, and no significant
autocorrelation was found, as indicated by a Durbin-Watson test. None of the cross-

correlation coefficients among the independent variables were significant (Figure 2.8).
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Figure 2.8: Correlation plots between the explanatory variables in the toq and depth
coverage analyses: latitude (¢), bottom depth (B), number of eggs (N), and Julian date
(J). Pearson correlation cofficients were all non-significant.

A full model, with the four independent variables included, showed date to be the
only variable consistently significant (p = 0.023). A simplified model was therefore tested
(log(es + 1)~J + ¢). Date appears again to be the only variable linearly related to #o0
error. A simple linear regression modelled the relationship between error and date as
log(e; + 1) = —0.091 — 0.0018J. Both coefficients were highly significant (p < 0.0001).
ANOVA results also indicated a good fit to the data (F} go = 30.15, p < 0.0001), consistent
in all 500 replicates. Results were then stratified according to depth, in two strata defined
around the 2o0om isobath. This is the depth at which sampling usually stops, so samples
taken in waters shallower than 200m should not show this error, as sampling continues to
the bottom. Linear models of the form log(e; + 1)~J were fitted to both subsets. Error
in samples with depths down to the 200m isobath were modelled as log(e; + 1)~0.291 —
0.0017J 4+ N(0,0.068%), while error in those in waters deeper than 200om followed the
model log(e; + 1)~0.417 — 0.0023J + N(0.0.122), where the normal distributions model

the regression residuals.

2.6 Bias model

Bias has been identified in two of the AEPM procedures: the use of temperature at 2o0m as
egg development temperature (e;). and the limit of sampling to the upper 200m layer (e4).
A bias model was created incorporating both sources, and their dependency on Julian date
and bottom depth. Samples on deep waters (over 200m bottom depth) and taken in the

first half of the spawning season. were corrected for error due to the use of t99 and for the
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Figure 2.9: Model of change in bias due to the use of toq with time, and estimated errors
from 500 Monte Carlo iterations, for samples in waters shallower (a) and deeper (b) than

200m. Fitted lines are log(e; + 1) = 0.291 — 0.0017J and log(e; + 1) = 0.417 — 0.0023.J.
respectively.

proportion of eggs left unsampled below the 200m layer. The first source of bias, 9. was
estimated for each sample from a two-step linear model on Julian date and depth, with
associated lognormal error. The second one was estimated from an uniform distribution
between o and -0.8. Only the typ-related correction applied for all other samples not
included in this group. The complete procedure, as summarised in Figure 2.10, consisted

of the following steps

1. The traditional DEP estimate (D) is produced from survey data for each sample.

2. Samples are selected depending on bottom depth, and error due to toq is calculated.
Different models are applied to samples on either side of the 20om isobath. Both
models are of the general form e;~ exp(8y + B1J + N(0,02)) — 1.

3. DEP estimates, corrected for to0 bias, are calculated as D, = D/(e; + 1).

4. Samples in waters deeper than 200m and before the 120th Julian day are selected
for correction due to 200m sampling limit.

5. Bias values are randomly sampled from an uniform distribution, e4~U(—0.8.0).

6. Samples affected are corrected again, using the tog-corrected DEP estimates, D, =
D! /(eq+ 1). For all other samples, €4 equals o.

7. The ratio between D, and D for each individual DEP estimate is calculated.

8. The process is repeated 500 times to generate a distribution of values for D..

The bias model was applied to the 1998 ICES survey data, including data from both the
western and southern components of the stock. Bias on previous surveys will be analysed

in Chapter 3, together with the estimates of the influence of the bias model on the final

AEP estimates.

Results
The ICES mackerel AEPM appears to overestimate daily egg production in 1998 by an
average of 3% (i.e. D./D = 0.97), although the distribution of values shows that bias of
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Survey dataset

B < 200m? er1 ~ f1(J) + N(0.03)

a1 ~ U(=0.8,0)

€g2 =10

Y

Figure 2.10: Procedure for the application of the bias model and estimation of g. the
constant of proportionality. €, the bias due to the use of 79g. is a function of Julian date.
of the form f(t) = exp(Bp + G1t) — 1, with different parameter values for samples on
waters deeper or shallower than 20om. All other variables are defined in the text. except
D!, the DEP corrected for the first source of bias. D,. the bias-corrected DEP. and A,.

the bias-corrected AEP.
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individual DEP estimates could range from -25% up to +450% (Figure 2.11). Extremely
high values of the D./D ratio are caused by the small percentage of samples with large
proportions of eggs below the 200m sampling limit. The jagged shape of the central part
of the distribution is caused by the temporal irregularity of the samples, concentrated
on certain sampling periods, thus covering a limited range of date values. Despite the
relatively low average value, bias in annual egg production could be more important if
samples with a large number of eggs were to fall on the extremes of the distribution. For
example, in 1998, the 2% of samples with higher egg production amounted to over 50%
of the sum of daily egg production. Large bias in a reduced number of samples would

therefore greatly influence the final SSB estimate, and increase the uncertainty in its

precision.

3
D./D

Figure 2.11: Distribution of the ratio of bias corrected (D.) to traditional DEP (D) es-
timates, for the 1998 ICES mackerel survey data and on each individual DEP estimate.
Result of 500 Monte Carlo simulations. Probability is non-zero for ratio values up to 4.87.

Each of the two sources of bias contribute differently to the final bias ratio. On aver-
age, DEP estimates incur a -4.6% bias because of the 200m sampling limit. Despite the
potentially large values of €4, only a small number of samples are affected, 13% of them
in 1998, so its overall impact on the sum of daily egg productions is much reduced. But
higher percentages of egg production were found in deep waters in previous years (Table
2.3), so larger biases might have been introduced in the AEP estimates. After the cor-
rection for tyg error is applied, DEP estimates are, on average, +3% biased. This second
source of bias originates as eggs are assumed to develop at higher temperatures than is
actually the case. Although the range of values of €; is narrower than for the previous
factor, it applies to all samples, and subsequently influences more significantly the final
DEP estimates.

The four strata, defined as before and after 120th Julian day. and on both sides of the

200m isobath, show moderately different results (Figure 2.12). Larger biases are present
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Table 2.3: Percentages of the daily egg production and sampling sites found on both sides
of the 200m isobath.

1986 1989 1992 1995 1998

% Egg production < 200m 11.0 279 36.8 26.0 18.5
>200m 91.7 699 61.2 728 49.2

% Samples <200m 586 53.2 56.0 1439 43.7
> 200m 40.0 451 43.0 549 33.5

in those samples taken in the first half of the spawning season (top row). Egg productions
in either depth stratum are significantly different (Fi g6 = 379.5. p < 0.0001). but not
between both parts of the spawning season. The pattern in the distribution of values in
Figure 2.12a shows the effect of the existence of gaps in coverage between periods. Also.
a small number of samples taken at the very start of the season in the Southern area are
assigned very large error values by the ¢y model (E./E < 0.8). The bias model might be
overestimating for those samples, as they fall substantially outside of the range of dates
used to generate the model fit. But only eleven samples are affected by this problem, all of
them with low egg production values, so their overall influence should be minimal. Error
arising because of the 200m sampling limit only affects samples taken on the first half
of the season and in depths greater than 200m (Figure 2.12b). The combined influence
of both sources of bias causes these values to have significant bias (mean E./E = 1.68),
although their overall influence in the 1998 estimate of AEP is small. In 1998, that category
accounted for 3.5% of the total daily egg production and 5.4% of all samples. If higher
percentages of the spawning were to take place in deep waters and on the first half of the
season, AEP estimates could be very significantly biased. For example. the AEP curve
for the ICES mackerel survey in 1992 appears to be bimodal, with large numbers of eggs
sampled during the first half of the season, and 37% of the egg production occurring in
deep waters. This combination of factors could lead to a large bias in the AEP and stock
biomass estimate.

The distribution of values of the corrected DEP for samples in deep waters and for the
first half of the season, mimics that of the sampling limit corrected values only (Figure
2.13a), as €g clearly outweighs error from t99. Values corrected for the €; only, follow the
pattern found in the other three strata, the two modes due to the two periods of sampling
before the 120th Julian day.

Similar differences can be found among the distributions of €; for the four strata (Figure
2.14). Again, the jagged distributions due to the patchy temporal distribution of values in
the survey are present. The distribution for the stratum with a higher number of samples.
which includes samples taken early in the season and in shallow waters (Figure 2.14c),
shows clearly how as sample size increases, results tend to follow more closely a normal

distribution. As expected, the values of €5 drawn from the U (—0.8.0) distribution mirror
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Figure 2.12: Distribution of the ratio between bias corrected, D.. and traditional, D, daily
egg production estimates, for the four time and depth strata. Result of 500 Monte Carlo
simulations on the 1998 survey data. Note differences in axis limits.

the pattern found in the experimental data (Figure 2.7), as no environmental variable has
any influence on it.

The test results shown above indicate the importance of two basic assumptions present
in the ICES mackerel AEP estimation procedure. Bias in the 1998 survey appears to be
significant (Figure 2.15) for a number of samples, although the overall effect in the final
biomass estimate should not be large. Similar tests should be made on the datasets from
previous years, as changes in the spatial and temporal patterns of spawning could change
substantially how these sources of bias affect the AEP estimate.

The bias model will also allow the estimation of a constant of proportionality or scale
parameter, g, for all ICES mackerel surveys. This will be carried out by comparing a
traditional AEP estimate (P) with a bias-corrected distribution of estimates (P.). The
latter estimates are constructed by applying any of the AEPM estimators (traditional.
GAM or geostatistics) to the 500 replicates of the survey data, corrected by applyving the

bias model.

2.7 Conclusions

The analyses presented have investigated and quantified the possible sources of error and
bias in standard implementations of the annual egg production method. The bias model
constructed shows how the influence of model assumptions can be quantified and applied

to ichthyoplankton survey data. This study has been based on one of the earliest examples
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D"/D

Figure 2.13: Distributions of the ratios between depth bias-corrected. D’, and toq bias-
corrected, D/, against the traditional, D, daily egg production estimates. for samples
before the 120th Julian day and in waters deeper than 200m. Combination of both correc-
tions yields D., the final corrected DEP estimates. Result of 500 Monte Carlo simulations
on the 1998 survey data.

of the use of the AEPM, the egg surveys carried out by ICES. for estimation of mackerel
and horse mackerel biomass on the European Atlantic coast, from 1977.

Two of the sampling procedures introduce bias in the estimate. First, by limiting sam-
pling to the range of depths assumed to contain most of the spawn, significant numbers
might be left unsampled, if and when oceanographic conditions and adult behaviour mean
than waters below the sampling limit contain non-negligible concentrations of eggs. For
northeast Atlantic mackerel, egg producfion is being underestimated as potentially large
numbers of eggs are left unsampled in the early part of the season. Bias is introduced in
daily egg production estimates in the first half of the season, when, due to the prevalent
oceanographic conditions, eggs can be found in depths down to 500m. The same problem
has been encountered in other applications of the AEP method. Surveys of walleye pollock
off the Alaskan coast are carried out down to 200m deep only, but eggs are negatively
buoyant and known to occur in deeper layers (Kim & Gunderson, 1989). Final egg pro-
duction estimates were thus corrected for the proportion left unsampled, estimated from
sequential sampling of the water column. In areas of modest maximum depth the whole
water column is sampled (Bulman et al., 1999; Armstrong et al., 2001). but this might
not be a viable option in all situations.

Second, the use of sea water temperature at 2om depth in the estimation of daily egg
production (Equation 2.2), biases the egg production estimate as eggs are assumed to
develop at higher rates than it is actually true. Egg production per time unit is estimated
according to egg development equations that typify how the time it takes to move to
the next stage and finally hatch is related to water temperature. Th convention in ICES
mackerel surveys is to use the temperature at 2om, ¢, as representative of the conditions
encountered by all eggs present in the water column. The present analysis suggests this

might not be a reasonable assumption. Conditions along the section of the water column
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Figure 2.14: Distribution of bias arising from the toq procedure, ¢;, from 500 iterations on
the 1998 ICES survey data, and on the four depth and time strata.
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Figure 2.15: Distribution of bias from the 200m sampling limit from 500 iterations on the
1998 ICES survey data. Values of ¢; were drawn from a U(—0.8,0) distribution.

occupied by eggs do vary significantly from those at 2om depth. Temperatures towards
the bottom are substantially lower, and egg numbers at those depths are large enough for
a significant bias to be present. Bias is lower towards the end of the spawning season. as
the oceanographic conditions, lack of oxygen below the thermocline. force adult mackerel
to spawn in the shallower layers. When stratification appears, eggs are concentrated in
a narrow band of about 10om from the surface. although cases have been observed of
extreme restriction of eggs to the 10 or 20m upper layer (Coombs et al., 2001). Limited

information is available on the distribution of mackerel eggs in the absence of stratification.
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but the indications are that they are present in significant numbers at depths down to
50011.

The problem of precise egg development temperature has also being identified in other
studies. Bulman et al. (1999) used two different temperature scenarios when assessing
AEP of blue grenadier off western Tasmania. Although blue grenadier eggs are positively
buoyant, no reasonable assumption could be made on their depth distribution. so the
extreme values of the range of temperatures encountered were used. and both estimates
compared. Walleye pollock egg surveys in Shelikof Strait, Alsaka, used temperature at
200m, the maximum depth sampled, in stage length calculations (Kim & Gunderson.
1989), despite variability in egg buoyancy with age. Sundby & Solemdal (1984) used
temperature in the homogeneous o-5om range, where most cod eggs were concentrated.

Sampling variability in ichthyoplankton surveys, due to the non-homogeneous dis-
tribution of eggs within a single sampling square and the inevitable randomness of the
sampling procedure, has seldomly been directly quantified. A preliminary indication might
be provided by an exercise in repeated sampling of a single sampling square carried out
during ICES mackerel survey in 1998 (C.Hammer, pers. com.) As observed in Table 2.4 the

variability observed is in the same magnitude as that uncovered by the present analysis.

Table 2.4: Egg counts obtained during a number of repeated samples undertaken inside
the same sampling square (ICES 29Dg) in a period of 22 hours (14-15/April/2001).

haul no.  eggs
207.00  318.00
208.00 605.00
209.00  632.00
210.00 566.00
211.00  322.00
212.00 182.00
213.00 230.00
214.00 526.00

mean  422.63
sd 179.05
cv 42%

Finally, uncertainty is also introduced in the estimate by a number of parameters,
assumed to be estimated perfectly, but whose point estimates do not reflect the variability
present in their estimation. The Bayesian AEPM estimator developed incorporates both
error and bias into a coherent framework, providing a measure of confidence around the
estimate. It also allows for investigation of the influence in both precision and accuracy

of AEP estimates of different survey designs.



CHAPTER 2. REVIEW OF THE ANNUAL EGG PRODUCTION METHOD G-

The precise bias results shown, based on the 1998 ICES mackerel survey. depend heav-
ily on the temporal patterns of sampling and egg production in that vear. The proportion
of eggs spawned on both sides of the 200m isobath, for example. has changed over the
years (Table 2.3), as has the temporal pattern of spawning. A combination of large spawn-
ing in deep waters and early peak in spawning activity, could mean significantly biased
DEP estimates being preponderant in the final AEP estimate. Both relevant sources of
bias have been quantified by using the only available dataset of mackerel egg distribution
with depth from the Northeast Atlantic (Coombs et al., 2001). The question of how rep-
resentative the data are cannot be easily answered, as no similar sampling of S. scombrus
egg distribution has taken place elsewhere. Despite the possible limitation imposed by the
possible shortages of the egg depth distribution dataset, and its limited coverage, espe-
cially in time, the analyses presented provide a reasonable and coherent measure of the
bias introduced by two key assumptions in the AEP model, and the variability in results
they introduce.

The two sources of bias identified in the ICES mackerel AEP estimate are not lim-
ited to this survey. The same assumptions are being made in other implementations of
the method, and they will need to be investigated in each individual case before SSB
estimates from ichthyoplankton surveys can be used in management decisions with confi-
dence. The distribution of eggs with depth, changes in vertical position with time or age,
and differences in temperature along the water column, all need to be considered before
decisions on survey design and egg development assumptions are made.

After reviewing each of the variables and processes that conform the AEP method,
attention is now turned to the question of spatial and temporal interpolation. Samples
taken and processed as explained in this chapter cover a necessarily limited section of the
spawning area and season. Interpolation and extrapolation are carried out in both the
time and space dimensions to generate a complete estimate of egg production. Geostatis-
tical methods allow detailed modelling of the space and time covariance structure of egg
abundance data, and this will be the subject of the next chapter. Variogram models will

then be applied to the task of estimating total egg abundance through kriging.



Chapter 3

Bayesian variogram modelling

An important characteristic of ichthyoplankton surveys is their spatio-temporal coverage.
In comparison with most stock assessment methods based on catch and effort data from an
aggregated unit, egg surveys need to incorporate efficiently both the spatial and temporal
dimensions. As explained in Section 2.3, the final result of each individual tow is an
estimate of egg density, later to be extrapolated to a certain area of sea surface (in itself a
simplification of sea water volume). In the spatial dimension, densities are interpolated at
unsampled rectangles. In the temporal one, data first aggregated into points denoting the
central day of each of the sampling periods, are then interpolated in time to form a curve
of annual egg production. Interpolation and extrapolation in time and space, specially
in the context of imperfect sampling, is thus a central characteristic of egg production
methods, and could be markedly improved by the use of spatio-temporal statistics. These
would allow for explicit modelling of the relationships between samples in time and space.
and the use of this information for more precise interpolation in unsampled areas and
dates. Furthermore, they provide robust methods for the estimation of the uncertainty in
the final egg production estimates.

A Bayesian approach to variogram modelling is presented in this chapter, which allows
for untangling of the spatio-temporal covariance structure in the data, its use for point
and global estimation through kriging (Chapter 4), and for further investigation of the
differences and common trends among subsequent triannual surveys through the use of
hierarchical models.

Stock assessment methods based on independent surveys, including the traditional
implementation of the Annual Egg Production Method, attempt to estimate stock biomass
with each new set of data, as if previous vears information was simply superseded. Despite
environmental or human-driven variations, fish spawning and reproduction is a process
linked to a repeating series of factors, and knowledge about its extent and dynamic is
cumulative, albeit in many opportunities not formally so. The Bayesian paradigm provides
for an elegant and coherent approach for situations where data from repeated instances of

the same process, in space or time, is present. Bayesian hierarchical analysis attempts to

68
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estimate the probability distributions describing the possible underlying commonalities
among those instances (Gelman et al., 1995). Estimates based on scarce or problematic
data can, for example, be improved by what has been learned from previous vears. A
measure of variability in the parameter estimates describing the process also provides an
indication of how variable or similar those processes are across vears.

The procedure presented here starts with the estimation of combined experimental
variograms in space and time. Data are first transformed to better approximate a Gaussian
distribution. A range of variograms models are then fitted in a Bayesian hierarchical
context Gelman et al. (1995), and a number of convergence and fitting diagnostics are
presented. Model selection is then carried out based on the marginal posterior probabilities

computed for each alternative model. The benefits and problems of the whole approach

are then briefly discussed.

3.1 Estimation of experimental variograms

The variogram, in any of its multiple incarnations, is in essence a function that summarises
the degree of similarity or otherwise of data points separated by a certain distance. The
basis for its estimation is the calculation of the covariance among all possible combi-
nations of two points in the dataset. Estimation of the experimental variogram and its
subsequent modelling is a crucial step in geostatistics (Cressie, 1991). Experimental vari-
ograms for mackerel egg abundances were estimated after transforming the data to better

approximate the Gaussanity requirements of most geostatistical methods.

3.1.1 Data manipulation

Most geostatistical methods assume the error distribution of the data to be Gaussian,
and this is also the case for the variogram modelling and kriging techniques applied in
this study. Ichthyoplankton data do not commonly follow a normal distribution, and
could be quite often better described as negative binomial. Transformation of data is
commonly used in geostatistical analysis, and other fields, to comply with, or to less
severely violate, Gaussianity assumptions (Kitanidis & Shen, 1996). More than reflecting
on whether the sampled process is in fact multi-Gaussian, the approach applied here
is based on the assumption that low-order statistics of Gaussian processes are usually
insensitive to moderate deviations from the multi-Gaussian assumption (Cressie. 1991).
Like other variance-type statistics, the values of the semivariogram are sensitive to extreme
data values (Goovaerts, 1997), but their undue influence can be easily eliminated by a log
or power transformation.

Two possible transformations of egg abundance data were considered: logarithmic and
Box-Cox transformations (Box & Tiao, 1973: Kitanidis & Shen. 1996). The first one is

widely used and is generally well suited to situations with skewed distributions. In this
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Instance egg densities (m) were transformed as m* = In(m + 1). The Box-Cox transform

is a power transformation, defined only for positive values,

@2=1) A#0
* — A ) :
m* () { n(z). A=o0 (3.1)

where A, the power factor, is estimated as the value that maximises the logarithm of the
likelihood function

n - ZT; - 2
f(x,)\):-iln {Z( (/\)n )

1=1

+(A=1) Z In z; (3.2)

and Z()) is the arithmetic mean of the transformed data. This transformation has been
suggested and applied by some authors for geostatistical data (Ribeiro & Diggle, 2000).

A comparison between both methods, showed in most cases no significant differences in
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Figure 3.1: Results of the data transformation for the 1998 mackerel egg density (in
egg/m?) using the natural logarithm and the Box-Cox transformation (A = —0.469).
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the transformed data probability distributions. Differences between the two methods were
tested through a chi-square test of goodness of fit (Zar. 1996). An example of both trans-
formations is shown in Figure 3.1 for 1998. Transformed data appears to approximate more
closely the desired normal distribution. However, the large numbers of zero values makes
perfect transformation impossible, but the transform does help to satisfv the requirements
of kriging. Due to its simplicity, both in its application and in the back-transformation of
the estimates obtained, the log transform was thus chosen.

The location of each sample in the original datasets is recorded in terms of latitude
and longitude. Geostatistical methods depend on Euclidean distances, so positions were
transformed into distances in nautical miles from a (0,0) origin set at 60° N - 20° W This
was chosen to lie beyond the most Northwesterly sampled point, recorded at 59° N and

17° W. Calculations used the great-circle distance method (Steinhaus, 1999).

3.1.2 Sample semi-variogram estimation

Of the various measures of spatial continuity and variability used in the geostatistics
literature, the semi-variogram is one of the most commonly applied. In contrast with
the covariance and correlation functions, the experimental semi-variogram measures the
average dissimilarity between data separated by a distance h (Goovaerts. 1997). It is

defined as (Matheron, 1965, in Cressie, 1991)

3B = SE{ (2 + b - 2()) (33)

where Z(z) is the value of the random function Z at point . It is computed by the method
of moments as half the average squared difference between the components of each data

pair whose distance equals h,

1 N(R)
3(h) = gy 2 2@+ h) = Z@) (3.4
a=1

where N (h) is the number of data pairs separated by distance h.
where N (h) is the number of pairs separated by distance h. When data are not regu-
larly spaced, the semivariogram estimator is smoothed by defining some tolerance values

¢ around each distance h (Cressie, 1991).

L N .
$0) = sy 3 2o +hED) ~ 2@ (35)

Spatial phenomena can be anisotropic or isotropic, depending on whether the pattern
of spatial variability changes with direction or not (Goovaerts, 1997). Anisotropy is mod-
elled by using directional variograms, in which the value of ~ (h) depends on the vector h

rather than on the distance h = [h| only.



CHAPTER 3. BAYESIAN VARIOGRAM MODELLING

=1
N

8.1.8  Three-dimensional space-time variograms

Interest in this study lies on the estimation and modelling of the complete spatio-temporal
structure of egg production. A relatively simple way of applying variography to model
spatio-temporal processes is by means of a space-time separable model (although not
strictly according to the classification of Kyriakidis & Journel (1999)). The spatial and
temporal dimensions of the process under scrutiny are considered to differ in the scale of
intensity at which they operate over various distances (thesill), and the maximum distance
at which they exert an effect (range). Time is then modelled as a third spatial dimension.
such as depth or height would be. Separate spatial and temporal sample variograms are
estimated, 2-d and 1-d respectively. Although a number of possible shortcomings with
this approach have been identified (Kyriakidis & Journel, 1999), they do not appear to
completely invalidate the procedure. Alternatives are being developed (Christakos. 2000),
but they still have not being widely applied and are significantly more complex.

The case of the distribution of eggs of a migratory species. such as Atlantic mackerel.
is especially amenable to this treatment. The underlying process for the observed spatial
and temporal distribution of mackerel eggs is a single one: the northerly migration of
the adult stock. What would then be modelled differently is the distinct expression of
the same process in time and space. The space-time separable variogram applied in this
case includes a omni-directional spatial variogram plus a temporal variogram estimated

as corresponding to the vertical dimension of the space-time cube.

3.2 Variogram models

Estimation based on geostatistical methods needs to generate a value for the variable
of interest at unsampled points, based on the spatial covariance structure revealed by
the variogram. Sample variogram estimators are also not necessarily positive definite
(Cressie, 1991), as required by kriging. A valid model (see below) must thus be fitted to
the sample variogram. Although a potentially large number of possible variogram models
are available, the search was reduced to a reduced number of commonly used and well
known models, and to linear combinations of those.

Variogram models can be classified according to their behaviour at the origin and
at infinity. All models presented here are bounded, that is, they reach the sill (¢) at a

distance a (range). Behaviour at the origin can be linear, discontinuous or parabolic.

3.2.1 Valid models

Semivariogram and covariance models must satisfy some conditions if they are to be used
in spatial prediction. These conditions help to ensure that no negative variances are pro-
duced. The basic requirement is that permissible models must be positive definite (Cressie.
1991). A number of methods exist for testing model validity, but a common approach to

avoid such calculations is to use known permissible models and linear combinations of

them (Goovaerts, 1997)-
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Figure 3.2: Variogram models applied in this study: exponential, spherical and nested
combination of both (a), and Matérn (b). The Matérn model in panel b is shown for a
number of values of the x shape parameter and for the same combination of range and

sill.

3.2.2 Nugget model

The nugget effect model is expressed as

y(h) = { 0 ith=0 (3.6)

C otherwise

The sill is reached here as soon as A > 0. The nugget is commonly used to model the
very short distance variability, due for example to sampling error. This model is clearly
discontinuous at the origin.

3.2.3 Ezxponential model

The exponential model is defined as

v(h) =1—exp (‘_jé) (3-7)

and reaches its sill asymptotically. A practical range is then defined as the distance at
which the model value is at 95% of the sill, C' (Goovaerts, 1997). The exponential model

is linear at the origin, and increases in value faster than the spherical.

3.2.4 Spherical model
The spherical model is defined as

3
1.5E — 0.5 <E) if h <o 5
¢ o)

1 otherwise

v(R) =
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and reaches its sill at the actual range o. This model is also linear at the origin.

3.2.5 The Matérn model

The Matérn model (Métern, 1986) as presented by Ribeiro & Diggle (2000), is of the form

1) = g (2) 7 () (39

where K (h) is the modified Bessel function of the third kind of order k., and I is the
gamma function. The model presents an extra parameter, x, which controls the smooth-
ness of the random field. The theoretical reasons for its desirability are well covered in
Stein (1999), including a critique of functions which do not allow for its smoothness to be
estimated (such as the two previously presented), but that lies beyond the scope of the
present study. For the purposes of model fitting to sample variograms of egg abundance.
its main advantage lies in its flexibility to accommodate large variations in short and
medium-range shape. This could prove specially advantageous when all years of data are
fitted to a hierarchical model.

At very short distances the Matérn function is parabolic in shape. Thus it should
ideally be applied to continuous phenomena. This characteristic is also likely to increase
the importance of the screen effect, where samples lie between other samples and the
point being estimated, often resulting in negative kriging weights (Isaaks & Srivastiva,
1989). Although kriging decreases the weight assigned to screened points, variograms
with parabolic behaviour near the origin can lead to negative kriging estimates, often
an undesirable outcome. Block kriging, where numerous points at close distances are

estimated, is likely to be affected more significantly.

3.2.6 Nested models

Single functions cannot always accommodate the range of variograms encountered. Linear
combinations of two or more variogram models can then be applied. These could be of
the same functional form, with different parameter values, or a combination of different
models. Nested models provide greater flexibility when modelling processes with different
behaviours at short, medium or long ranges. All models presented in this study are in fact

nested, as they consist of a linear combination of a nugget effect model with any of the

others.

3.3 DBayesian hierarchical modelling for spatio-temporal variograms

Estimation of the variogram is usually regarded as the most critical step in the geosta-
tistical procedure (Cressie, 1991), and thus deserves the necessary attention. More so in
situations where data are skewed, might not completely conform with the initial model
assumptions, or sampling was not designed specifically with geostatistical methods in
mind. Variogram fitting has traditionally been a matter of expertise. Models are fitted

interactively to the sample variogram by the analyst, mavbe using some measurement of
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goodness-of-fit, but mostly guided by his/her own perception. Previous experience and
knowledge of the process that generated the data is thus informallv introduced in the
fitting procedure.

Models for a certain process in separate populations of the same species. or any other
situation where separate estimates should be considered to be related to each other. can be
elegantly accommodated in a Bayesian hierarchical model (Gelman et al., 1995). Parame-
ter values for each single realisation of the process, in our case spatio-temporal variograms
of egg abundance in different seasons (j) of mackerel spawning. §;. are viewed as a sam-
ple from a common population distribution. This is achieved by setting prior probability
distributions for the mean and variance of . The use of hyperparameters can improve
the estimation of individual §; when data are scarce or relatively uninformative. Informa-
tion obtained on the hyperparameter probability distributions guides the estimation of
individual parameter values for each realisation. In addition, inspection of the posterior
probability distributions of the hyperparameters provides useful information on the vari-
ability of the parameter values among the different populations. Non hierarchical models
might also overfit the present data, limiting the usefulness of the model outputs when
applied to subsequent years or new experiments (Gelman et al.. 1993)

A hierarchical model for the egg survey variograms consists of two levels: a first one
that includes the semivariogram values (y(h)) at increasing distances (h) in time and
space, and a second one that covers the various years of data. considered in this manner
as realisations of a single process. The existence of more than one level gives rise to the
use of hyperparameters, which in this case consist of the mean and variance of each of
the model parameters across different years. The joint posterior density function of the

hierarchical model parameters, range (¢), sill (C) and nugget (Cp). in given by

p(C. Co, dv(R)) = plpc)ploc)p(icy )p(ocy)plg)p(os)p(Cluc. oc)p(Colucy: oc,)

xp(dlue-os) || [p(Cz' |\ucis 0ci)P(Coil ey » Tco: )P(@il Hai- Tai) ]
i=1

m

X H p(ﬁ/ (h)lj |Ci7 COi: @z T) (3'10)
j=1

where ~y(h) represents the modelled data, the semivariogram values at distances h, and 17
and j are the number of years and the number of datapoints per year, respectively. 7 is

the variance in the semivariogram values.

3.9.1 Selection of prior probability distributions

A delicate issue in Bayesian analysis is the question of prior selection (Gelman et al..
1995). As no previous information that could help in constructing informative priors
for the variogram parameters in these analyses existed, relatively non-informative priors

were chosen. However, completely flat priors were avoided. The range of possible values
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for the four variogram parameters under study — sill, nugget. range and, in the case of
the Matérn function, « — had to be strictly positive. A maximum value could also be
imposed without reasonably affecting the final result. Relatively flat truncated normal
and log-normal probability distributions were then chosen, (See Table 3.1). The possible

impact of prior choice was then investigated by repeated runs of the same analvses with

different prior distributions specified.

Table 3.1: Prior probability distributions for the variogram parameters. Normal probabil-
ity distributions are expressed in terms of x and o2.

Parameter Distribution Lower limit Upper limit
sill (c) Normal(4, 3002) 1-107% 1-10°
nugget (¢p) Lognormal(0.5,50) 1-1078 1-10°
range (a) Normal(100, 500?) 1-1078 1-10°
kappa (k) Normal(1, 300?) 1-1078 1-10°

3.8.2 Likelihood function

Given the experimental variogram values, X, and some parametric approximation to

them, f(0), for N data points, the standard normal likelihood function is given by

_ 2
exp (_(Xn 5(9)) ) (3.11)

20’X

N
L(X|6)
| l;[ ,/27ra¥

and its associated log-likelihood is given by the following:
N 1 &
InL(X|0) = 5 In(2m0%) — T Z(X” — £(6))* (3.12)

3.8.3 MCMC integration

Bayesian analysis of complex models usually entails integrating over all possible parameter
values. The integral on the denominator of Bayes’ theorem has commonly no closed form
solution and needs to be solved numerically. To achieve this a Markov Chain Monte
Carlo (MCMC) (Gamerman, 1997; Brooks, 1998) procedure was applied. A standard
Metropolis-Hastings algorithm (Metropolis et al., 1953: Hastings, 1970) was used in this
case.

Significantly more efficient MCMC samplers can be achieved by carefully adjusting the
algorithm to the problem at hand. For example, convergence can be improved and speeded
up by combining a Metropolis-Hastings with a Gibbs sampler (Brooks, 1998). Also. use
can be made of conjugates when selecting the functional forms of some priors. Parameters
would then be updated conditionally on values for other parameters previously accepted

by the sampler, thus both simplifying and speeding up the sampler.
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Although tailor-made samplers are in general desirable. they lack in generality. and
require additional effort if a range of models are to be explored. As the intention of the
present analysis was to explore various functional forms for the variograms. a decision
was made to apply a more general MCMC sampler that did not need to be adjusted for
each model. This lead to a decrease in efficiency and slower mixing of the chains, but
resulted in more flexibility and adaptability to multiple models and parameterisations.

The MCsim package provided a simple way for implementing the \letropolis-Hastings
MCMC samplers both flexibly and efficiently.

3.3.4 Convergence diagnostics

Convergence of Markov chains needs to be carefully assessed. For this a series of diag-
nostics were applied. First, the chain or chains must proceed long enough. otherwise they
could be grossly unrepresentative of the target distribution (Gelman et al.. 1995). In the
present analyses, as discussed in the presentation of methods, simulations consisted of
a minimum of 100,000 iterations. Even when the chains have run for a long period, the
early iterations reflect the prior distributions more than the target ones. so thev need
to be discarded when making inferences. In this case a burn in period of 25.000 itera-
tions was implemented, and only the remaining values were used. The most obvious test
of chain convergence is to compare the values obtained at its start and end for each of
the estimated parameters. If the chain has reached stability, the values should not differ
significantly:.

Within-sequence correlation can also be problematic, as the assumption of indepen-
dence of each random draw is violated by the dependency introduced by the Markov
chain. This can be assessed and, if present, solved, by thinning of the chain at regular
intervals. A comparison of the posterior probability distributions obtained from chains
thinned at various intervals should again show no significant difference.

Finally, a number of parallel chains with different starting points can be compared.
And again they should show no significant differences. The first two tests were applied to
all simulations, which were then run for another 100,000 iterations if any of the estimated
parameters failed those tests. Simulations with parallel chains were conducted in a limited
number of cases, as they imply a significant increase in computing time.

The CODA software (Best et al., 1996) comprises a suite of tools for the assessment of
convergence of MCMC chains, programmed in the R statistical language (R Development
Core Team, 2004). Although initially devised for use with chains output by Gibbs sam-
pling, most methods included are general enough to be applied on results of Metropolis-
Hastings MCMC runs. The convergence diagnostics implemented include a number of
visual procedures, plus formal tests such as those proposed by Gelman & Rubin (1992),
Raftery & Lewis (1992), Heidelberger & Welch (1983), and Geweke (1992). Chains were

assessed using these tests, and rerun for an extra 100,000 iterations and re-tested whenever

they showed lack of convergence.
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3.3.5  Bayesian model checking and sensitivity analysis

Model fitting was assessed by estimating Bayesian, or posterior predictive. p-values (Gel-
man et al., 1995). Simulations were carried out using 1000 draws extracted from the last
5000 at the tail of the MCMC chain. Datapoints were re-estimated using those parameter

values. The p-value is defined as the probability of the replicated data being more extreme
than the observed data,

p—value =P (|T(/".0)| > | T(1.6)ly|) (313)

3.3.6  Use of Bayes' posteriors for model choice

Each of the analyses presented here have as a starting point a single functional model.
But choice of functional form for the model variogram is far from clear. and significantly
different results could arise if an alternative model was applied. The posterior probability

of model 7 can be approximately estimated as

P(d|M)P(M;) _ P(d|M;)P(M;) (3-14)
P(d) 5, P(d|M;)P(M) g

P(M;|d) =

where d represents the data, in this case semivariogram values (v) at different distances.

By ignoring the normalisation constant, equation 3.14 can be rewritten as
POMId) o | P(6s, A)P(6DE)AOP(AL) (315)

Integrals of this form can be evaluated through the Monte Carlo method by generating a
sample from the density P*(0).

A commonly applied model selection procedure is the Bayesian Information Criterion
(Schwarz, 1978), developed as an approximation of the integrated likelihood, and defined

for model m as
BIC,, = —2 % L, + vy, log(n) (3.16)

where L,, = log f (xlm,é) is the maximum log-likelihood for model m. and v,, is the
number of estimated parameters in the model.

Estimating the number of free parameters in a hierarchical model is not without
difficulty, due to the presence of hyper-parameters (Spiegelhalter et al., 2002). These
authors proposed an alternative metric, called Deviance information criterion (DIC). as
a combination of an effective measure of the number of parameters (pp) and the posterior

mean deviance, defined for the exponential family as

D(0) = —2log{p(y|d)} + 21log f(y) (3.17)

where f(y) = p{yln(8) = y}.
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3.3.7 Implementation of the Bayesian and geostatistical methods applied

The analyses presented in this chapter have been implemented using a mixture of software
platiorms. Experimental variograms were estimated using gstat (Pebesma & Wesseling.
1998). Bayesian models were implemented in M Csim, a free-software library that generates
C code for a Metropolis-Hastings MCMC sampler from a model specification in an R-like
language. The Matérn function was then manually incorporated into the resulting C code
before compilation. The need for this last step prevented the use of a common choice, the
WinBUGS modelling software (version 1.3). as its closed-source nature and the lack of an

extension mechanism did not allow the Matérn function to be implemented within it.

3.4 Results

3.4.1 Sample variograms

The experimental variograms estimated on the log-transformed egg production data are
presented in Figure 3.3. The omni-directional spatial variogram, estimated on the Ty
plane, and the temporal one, on the z plane, are shown together, although with different
units on the x-axis (nautical miles and days).

Variograms appear to differ markedly among vears. Semivariograms in the spatial
plane have small nugget values for most years, that appear noticeably larger for the
last three. A local scale of around 60 nm can be distinguished, while behaviour at longer
distances is more erratic. Variograms for 1983 to 1989 appear to be dominated by the long-
range structure. Unexpected apparent increases in covariance with distance are present
in some of them.

In the temporal plane. variogram shapes might be considered less variable, but are
still far from consistent. The large nugget value previously observed for 1995 is replicated
in this dimension, and is perhaps indication of higher sampling uncertainty. Nugget values
are generally lower in the temporal plane. This could be interpreted as arising from the
concentration in time of sampling effort. The transition between short and long-range

structures is found at between 20 and 40 days.

342 Assessing the exchangeability assumption

Hierarchical models assume probability distributions of the parameters for each exper-
iment, survey years in this case, to be exchangeable (Gelman et al, 1995). The joint
probability distribution of parameter values for each year y, p(6;.---,60,) must be invari-
ant to permutations of the indexes (1,---,y). This assumption is often a reasonable one
even if we know processes to vary across years.

A visual inspection of the sample variograms presented in Figure 3.3 shows the exis-
tence of two distinct variogram shapes. Some years show a relatively flat or asymptotic
variogram while others show sharper linear shapes. It might thus seem that attempting

to model the two contrasting variogram shapes within a single model structure might
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Figure 3.3: Sample semivariograms, y(h), in space (x,y) and time (z) for mackerel egg
abundances. h equals the distance, in nautical miles in the space variogram, in dayvs in
the temporal one. Plots marked (*) refer to years modelled in a separate group.
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lead to unreasonably large uncertainties in the final probability distributions. If the ex-
changeability assumption does not hold. two procedures are available. Ideally. one should
have available information on covariates that explain the difference observed. The proba-
bilities would then become exchangeable conditioned on the covariate. When no physical
explanation for the differences exist. as is the case here, the model needs to be split in
two groups so that exchangeability can be assumed within each of them. In this wayv the
model gains in predictive power for individual vears at the expense of generality.

No clear explanation could be found to account for the two variogram behaviours
observed. A decision was taken to separate the survey years in two groups. so called
asymptotic and linear. The first group included 1977. 1980, 1992. 19935. 1998 and 2001,
while the second contained 1983, 1986 and 1989. Hierarchical analyses were conducted
using all years or separate for both variogram shapes. Results were significantly different.
in terms of model residuals, convergence and posterior variance. A decision was taken to
continue with the two-model construct for kriging. Those models form the body of results
shown in this chapter. Comparisons were later carried out on the differences in kriging

results between the one and two-model analyses.

3.4.8 MCMC Convergence

Convergence of most of the MCMC chains was relatively slow, as expected for models with
more than a few parameters, and given the known problems of correlation among some
of them. Chains had to be run for lengths of between 250,000 and 2,000,000 iterations
before convergence could be achieved. Parameter values for one year and in two models
still showed poor mixing or significant autocorrelation at quite distant lags. This was
never the case with the hyperparameters. Chains showed autocorrelation larger than o.1
at lags of between 3 and 12, and in each case a thinning interval was applied to ensure

autocorrelation to be below that value.

3.4.4 Prior sensitiity analysis

Vague prior probability distributions were applied in the present analysis, only limiting in
practical terms the range of possible values (see Table 3.1). Basic checks on the influence
of those priors were nevertheless carried out. Informative priors for all mean hyperpa-
rameters were defined, with probability densities skewed towards either extreme of the
original distributions. Analyses were then repeated. An example of the differences in the
obtained posterior probability distributions are presented in Figure 3.5. Results did not
vary significantly across the two prior sets, as tested through a x? test (Zar. 1996). This

was due to the highly informative data.

8.4.5 Model fits
All models provided reasonable fits to the sample variograms (Figures 3.6-3.9). Some of
the model variograms might nevertheless provide very little information when kriging is

applied. For example, fits to the temporal variogram by the Matérn model and for 1993
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Figure 3.4: Example MCMC chain traces of the nested model hyperparameters for the
nested model.

and 2001 appeared to be surprisingly steep and with very short ranges (Figure 3.6), in

clear contrast to the other models.

3.4.6 Parameter estimation and uncertainty

The posterior distributions of the various hyperparameters show the range of variation
in variogram shapes among years (Table 3.2). The largest variance can be found in the
estimates of Cyp, with CVs well above those found in the other parameters. A comparison
between models should not be carried out directly, specially for both ranges (¢, for the
spatial and ¢, for the time plane), as they are related to each model’s structure. It is worth
noting how relatively low the variation in ranges across years appears to be, specially when

compared with the variation observed among models.

Table 3.2: Mean and CVs for the different hyperparameters under the four models tested
(Matérn, exponential, spherical and exponential + spherical). Simbols as in Appendix A.

' Mat Exp Sph Nes
Spatial tange (0z) 128.68 (19.4) 901.66 (10.3) 227.79 (11.1) 4091.73 (31.4)
Temporal range (¢.) 1.82 (53.5) 147.33 (14.9) 94.08 (15.3)  237.73 (26.8)
Nugget (Co) 4.12e—04 (148.9) 0475 (31)  0.715 (105.3) 0.158 (47.8)
Sill (s)  2.12 (15.9) 2.93 (13) 2.4 (13.1) 2.89 (13.3)
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Figure 3.5: Posterior probability distributions (thin line) for 0, and C obtained with
divergent prior probability distributions (dotted line).

For some years, the posterior probability of Cy for the Matérn model was extremely
narrow and close to zero (Figure 3.12). The real shape of the pdf for those vears where a
single line is present can be summarised by the one obtained for 2001 (Figure 3.13). This
appears to be related to the flexibility of the Matérn function, that allows it to change in
shape and vary in range and sill, while at the same time remain around a limited range
of values for the nugget.

The most important parameters influencing the kriging estimates are the (highly cor-
related) sill and range (Isaaks & Srivastiva, 1989). Plots showing the joint distributions
obtained for the combinations of both ¢, and ¢. against sill are presented in figures 3.14
and 3.15. These plots provide further indication for the separation of the analysed years
in two groups. Again the years from 1983 to 1989 show distinct patterns, in this case
of higher correlation among range and sill. 1992 highlights the difficulty of separating
variograms in this case. Slight correlation can also be observed for the 1995 spatial and

temporal parameters (Figures 3.14 and 3.15, bottom left panel).

3.4.7 Relative nugget

The relative nugget is defined as the ratio of the nugget discontinuity to the sill value
(Goovaerts, 1997). It allows comparison among years and models of the estimates of
sampling error and short distance variation. Mean values for this parameter range between
> and 10% of the sill value, although in some years the posterior distributions reflect a

wide uncertainty (Figure 3.16)
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Figure 3.6: Variograms obtained with the Matérn model. Plots show the maximum like-
lihood model.

3.4.8 Model choice

Estimates of the different model complexity and fit metrics can be found in table 3.3.
The simpler models appear to fare significantly better. Neither the nested or the Matérn
model improve the fit to the sample variograms to such as degree as to compensate for the
extra number of parameters to estimate. Calculation of most of the model choice metrics
in hierarchical models faces the difficulty of delimiting the actual number of parameters
being estimated (Spiegelhalter et al., 2002). No clear solution appears to be available.
As the hierarchical structure proposed here is equivalent across all models, the number

used in the calculation of both DIC and BIC was simply the number of parameters (5

or 7 depending on the models) plus the number of hyperparamaters (3). without any

correction.
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Figure 3.7: Variograms obtained with the exponential model. Plots show the maximum
likelihood model and the 95% credibility interval.

Table 3.3: Values obtained for the various model fit metrics and for each model.

model Harmonic mean BIC DIC parameters
Matern 9886.3 27.87 29.21 18
Exponential 10910.1 46.42 36.01 12
Spherical 10210.7 45.73 34.22 12

Nested 8928.0 13.06 30.12 21
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Figure 3.8: Variograms obtained with the spherical model. Plots show the maximum
likelihood model and the 95% credibility interval.
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Figure 3.12: Posterior distributions of the nugget, Co, for all years and the three

nested models.
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Figure 3.13: Posterior probability for the nugget Cp of the Matérn model in 1977
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3.5 Discussion

The covariance structure of pelagic egg abundance across time and space has been mod-
elled by means of Bayesian semivariogram models. A number of model structures have
been fitted to experimental variograms within a Bayesian framework through MC\IC
methods. The results have been shown to be independent of the choice of prior distribu-
tions, and the samplers appear to have arrived at stationary posterior distributions. The
hierarchical formulation presented here has emphasised the value of combining different
realisations of the same process under a unifying analytic framework.

Although variograms might be considered as merely a necessary step in the use of
‘kriging methods for point or global estimation, they provide by themselves useful in-
formation about the spatio-temporal structure of data and about the dynamics of the
process responsible for the observed values. In this case, egg abundances are the result
of the spawning pattern of a pelagic fish species. This process is influenced by numerous
factors, both biotic and abiotic (Freon & Misund, 1999). Schooling or shoaling behaviour.
migration routes, and environmental preferences greatly determine spatial distribution.
This is subsequently affected by currents, salinity levels and wind patterns. Abundance
depends on fecundity and population size, which are in turn affected by environmental
conditions prior and during spawning, and natural and fishing mortality. Examination of
a variography analysis of multiple surveys, as the one presented here, might present a
good opportunity for examining spatio-temporal patterns in spawning under a range of
environmental scenarios, and provide significant information on the relative importance
of the influencing factors presented above.

Variograms of egg abundance over space and time mostly represent the result of the
migratory movement of adult fish during the spawning season. The pattern and dynamics
of migratory and schooling behaviours should, for example, have a direct influence in the
shape and range of the variograms. In a comparison between anchovy and sardine eggs
sampled along the Californian coast, Curtis (2004) noted the apparent relationship be-
tween the superior swimming ability of sardine, which tends for form denser aggregations,
and the observed variograms with large spatial autocorrelation and small nuggets. In con-
trast, anchovy egg variograms showed larger nugget values and autocorrelation levelling
off at shorter distances. Another important factor that can also influence variogram shape
is population abundance and its density-dependent effect on fecundity (Barange et al..
1999). More fecund species can be expected to expand their range as population size in-
creases, instead of simply increasing their density as tends to be the case if individual
fecundity is lower.

Atlantic mackerel is a highly fecund and extremely mobile species: a 275 g female can
produce approximately between 375.000 and 500,000 eggs per season (ICES. 2004b). and
NEA mackerel are known to migrate between the Basque Country and Norway during a
single spawning season (Uriarte & Lucio, 2001). Changes in population size may therefore

be expected to affect its spawning area more significantly than its density.
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Female condition before spawning has been found to vary significantly among vears
(Slotte, 2004), and this might have a direct effect on potential fecundity in the following
spawning season. Condition seems to be dependent on Calanus abundance. probably
driven by environmental and oceanographic factors. But population size could also be an
important factor here, as wintering in dense aggregations could make NEA mackerel more
susceptible to density-dependence effects on fecundity. Although a direct link between
winter condition and potential fecundity has not been established (ICES. 2004b), the
complexity of the matter appears to void simple interpretations of the observed changes
in variogram shapes. Furthermore, possible adaptations of life history to environmental
changes have been proposed for other small pelagics (MacCall, 2001). If proved. theyv
would complicate even further the interpretation and prediction of changes in spawning.

One of the results obtained that can be directly interpreted is the relative nugget.
Sampling variance and small-scale variability both contribute to increase the variogram
nugget. Relative nugget values across all years, as inferred from the mean nugget hy-
perparameter, represents between 2 and 10% of the variance. This low value might be
considered as a sign of reasonable accuracy in the present sampling protocol. But the
estimation of actual sampling error is hampered by the lack of replicates samples taken
over a short time around the same area. An attempt to invetigate this was carried out.
albeit in a very tentative manner, during the 1998 survey (C. Hammer. pers. com.). A
total of 10 samples were taken within the same sampling square in a period of 20 hours.
The coefficient of variation reached 42%, a value significantly higher than the one inferred
here from the variograms. Consequently, the relative nugget in this case might be taken
as a very conservative estimate, probably unrepresentative of the real degree of variation
present in the sampling procedure. A possible interpretation for this result is that with the
sampling design that generated these data, the estimated nugget might be better taken
as an estimate of the variation likely to be observed between neighbouring grid squares.

In contrast with other published studies, this analysis covers a relatively long series of
surveys, separated by nearly 15 years. Many uses of geostatistics in fisheries concentrate
on the analysis of a single survey (Fletcher & Sumner, 1999, for example). Changes in
sampling methods, intensity and coverage are likely to have an important part in the
observed variation in variogram shapes and parameter values among years. These are
larger than those found by some authors for different species with divergent spawning
ecology (Curtis, 2004). Correlations between variogram parameter values and a number
of oceanographic processes that could be responsible for the observed variation has not
proved conclusive (C. Imrie, pers. com.). We might then have to conclude that we are
observing here the result of a process, mackerel spawning. subjected to multiple influences
in its exact development. The combination of environmental, biological and human factors
could all be influencing the precise dynamics of spawning in very complex ways. But
despite the manifest differences in which mackerel spawning occurs every vear, the general

patterns are still consistent from a biological perspective.
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A number of model selection criteria have been tested on the four proposed variogram
models. More parsimonious models, those with fewer parameters. appear to fare better.
The Matérn model, with all its potential in a hierarchical setting, gives rise to surprising
variogram models for some years. Model selection based on a single, or a limited number
of performance mesaures is not always possible or advisable. In the case of hierarchical
models that do not form a nested family, this comparison is further hampered by the diffi-
culty in estimating the effective number of parameters, as discussed before. Nevertheless.
the results presented above appear to allow selecting, from a practical point of view. one of
the four models tested. The nested exponential and spherical model provides good fits for
the whole range of variogram shapes encountered, in both the time and space dimension.
Despite the increased number of parameters, its model fit metrics are some of the best
(Table 3.3). Behaviour at the origin is also an important factor given the fine grid that
will be used for kriging, as presented in Chapter 4. The nested model does not suffer of
the problems encountered with the Matérn model. User of the later at short distances,
with its flat shape, would greatly increase the screen effect and difficult kriging estima-
tion. The nested model was thus choosen as the best representation of the experimental
variograms obtained and the most promising for kriging estimation of egg production.
Kriging was nevertheless carried out for all models, in order to uncover the relationship
between variogram model characteristics and kriging estimates for this dataset.

Variograms, in common with other models, might be constructed with two different
objectives: explanation or prediction. In the first case the intention is to provide a coherent
explanation of reality. We have attempted in this chapter to show how variograms can be
used to help us develop and test various explanations of natural phenomena. Hypotheses
on the likely patterns of pelagic fish migration and spawning can be explored through
variogram modelling. For the second objective, prediction, the approach is to select the
best possible model to direct our prediction procedure, kriging in this case. But variogram
model selection based on the fit to the sample variogram only does not consider its ultimate
purpose. The question that needs answering is whether the deficiencies in the model have
any effect on its substantive inferences (Gelman et al., 1995). In this case, the apparent
advantages of certain variogram models presented before cannot be completely clarified

until tested for spatio-temporal estimation through kriging.



Chapter 4

Monte Carlo block kriging of egg

abundance

Estimation of variable values at unsampled locations is accomplished in geostatistics with
the help of a model for spatial, and sometimes temporal, dependence. A variety of such
models were developed in the previous chapter. and will be applied here to the problem
of estimating the value of our variable of interest, egg production, over the whole space-
time volume. Egg production is estimated at all points within a regular grid based on
the aforementioned model. Estimates for restricted sections of the space-time volume are
then combined to arrive at a final estimate of Annual Egg Production. The procedure of
block kriging (Cressie, 1991) will be applied here to this task.

The spatio-temporal covariance models developed in this study incorporate the un-
certainty in the estimation of their parameter values, and this will be carried on to the
next step in the estimation process, the kriging procedure. Kriging will be carried out in
a Monte Carlo simulation setting, in which parameter values will be drawn from the joint
posterior distribution of the variogram parameter set, and kriging carried out for each of
those sets of parameter values.

The results of this exercise will be presented first in terms of the variability in AEP
estimates for NEA mackerel. A comparison between the results obtained under each alter-
native model will also be set forth. Further comparisons will be made by use of simulated
datasets. Finally, results of the Monte Carlo block kriging procedure will be used to further

analyse and understand spatio-temporal patterns of egg spawning in NEA mackerel.

1.1 Three-dimensional block kriging

Kriging is the name adopted by geostatisticians for a family of generalised regression
algorithms originally developed for solving problems of ore reserve estimation (Goovaerts.
1997). The term was coined by one of the initial developers of the field, G. Matheron. in
recognition of the pioneering work of a South African mining engineer. Danie Krige. The

problem of estimating the value of an attribute = at any unsampled location u by using
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the available data on = over the study area, is approached here by the use of a linear

regression estimator Z*(u), defined as

n(u)
Z*(u) = Z Aa(u)Z (ug) (4.1)
a=1

where A;(u) is the variogram-determined weight assigned to datum z(ug). interpreted
in this case as a realisation of the random variable Z at location u,. These weights are
obtained by applying the previously fitted variogram model (Chapter 3) to the distances
between the gridded points and the available datapoints. The number of points involved
in the estimation is represented by n(u), and is commonly limited to those found within

a given neighbourhood or window, W (u).

4.1.1 Block kriging

When interest lies in the estimation of the value of a certain variable over an area or
volume, a variation on ordinary kriging, called block kriging, is commonly applied. Block
kriging is a generic denomination for the estimation of average values over a segment,
surface or volume, V', in contrast with point kriging, which refers to estimation of point
support (Goovaerts, 1997). The average value of a variable z in block V centred at location

u, can be estimated as

N
) = [ [l S0 (42)
where the second section of the equation shows an approximation to the integral, as a
discrete sum of values defined at a number of points u; within block V. The block in
Figure 4.1.1 is, for example, discretised by four points, u} to u}. The value of z at block
V, z1/(u), can then be estimated as the linear average of the kriging estimates at the
discretising locations (Carr & Palmer, 1993). Values at each of the four points in this
block are in turn estimated following equation 4.1 from the combination of a variogram
model and available datapoints.

Applying block kriging to the problem of global estimation is carried out in two steps.
First, an average value is estimated for each defined block, following the method out-
lined above. Second, the global estimate is calculated as a linear combination of those
block estimates, each weighted proportionally to the area or volume of the block (Isaaks
& Srivastiva, 1989: Cressie, 1991). Back-transformation is then carried out on the log-

transformed results to obtain an estimate of annual egg production.

4.1.2  Spatio-temporal kriging
Kriging has been often applied to the estimation and analysis of static phenomena. such as

ore deposits. Spatial interpolation in two or three dimensions was thus sufficient in those
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Figure 4.1: Discretisation procedure in block kriging. A two dimensional block 1~ centred
on location u, and four discretisation points, u] to .

situations. Other fields are concerned with the analysis of a dynamic process, requiring
the temporal dimension to be explicitly considered. Such is the case in most fisheries
applications, including egg surveys. In the “traditional” AEP estimator as applied for
ICES mackerel surveys (ICES, 1999a), temporal interpolation is achieved by considering a
number of point estimates of instantaneous egg production along the year and integrating
below the curve generated. But in order to arrive at those point estimates, egg abundances
collected along a single sampling period, sometimes covering a period as long as four or
five weeks, must lose its temporal character and be considered to provide a snapshot
of egg production in the middle day of the period (See Chapter 2 for a more complete
explanation).

In contrast, modelling techniques that explicitly consider the actual time component
of each datapoint should have the ability to provide more accurate estimates of egg pro-
duction, allow detailed investigation of temporal dynamics in spawning, and separate the
confounding effects of space and time on egg abundance (Augustin et al., 1998). Geosta-
tistical methods can be applied to the problem of modelling spatio-temporal phenomena,
although this is at present an area of continuous development (Todini, 2001). Two main
approaches have been identified for developing geostatistical space-time models. the first
by considering a single spatio-temporal random function, and the second involving vectors
of spatial random functions or of time series. An introductory review of available models
for either approach can be found in Kiridiakis & Journel (1999).

Some authors have applied state-space formulations of the linear kriging estimator to
incorporate the temporal component to problems of spatial interpolation (Stroud et al.,
2001; Huerta et al., 2004). This approach appears to be best suited to problems such
as those encountered in meteorology, where sampling takes place almost continuously in
a number of fixed stations. Temporal variation in each cell can be modelled by means
of time series methods. Spatial interpolation is in turn concerned with changes in the

temporal dynamics observed at different locations. These methods also require data on
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the value of a related variable at all locations, commonly one that is easily recorded such
as temperature. The model is thus dependent on the availability and the strength of the
relationship between the variable of interest and the chosen covariate.

Following the space-time separable approach applied in the present study to the prob-
lem of variogram estimation, kriging of pelagic egg abundance has been considered here
equivalent to a three-dimensional spatial situation, where time takes the place of depth
or height. It is important to note here that the procedure presented does not consider
the space-time covariance structure as providing a complete explanation of the spatial
and temporal dynamics of fish spawning, but that merely allows determination of the
relationship between egg abundances at various points in space and time. In addition,
although spawning might appear differently when observed from the temporal or spatial
perspectives, the patterns observed are in fact the result of a single process, namely fish

migration during the spawning season.

4.1.8  Implementation of the kriging procedure

A spatial grid extending beyond the limits of the known distribution of mackerel spawning
was set up. Block or cell dimensions were set to 15 x 15 nautical miles and 7 days. Figure
4.2 shows the spatial grid, the centre points of each block, on a location map. The block
kriging procedure estimated egg abundance values at 6 points on each dimension. making
a total of 216 points per block.

Kriging was carried out using the gstat software (Pebesma & Wesseling, 1998). Code
was written to sequentially generate kriging and cross-validation input files from the
MCMC output files, run gstat on them, and process the output, for each simulation, year

and model.

4.1.4 Search neighbourhood

Common practice in kriging is that the search for data points to use when estimating
the variable value at an unsampled point is limited to those closest to the location being
estimated. The search neighbourhood. W (u), can be selected both in terms of area, or
volume, around the point, or as a maximum of data values to use, starting with those
in closer proximity (Cressie, 1991). In addition, the minimum and maximum number of
data values to include in the estimation at each point must be specified. The reasons
for this restriction include considerations of computational efficiency (Goovaerts, 1997).
For example, the size of the kriging system increases following approximately a cubic
relationship with the number of points to estimate (Pebesma & Wesseling, 1998).

The search neighbourhood, defined either as search distance or as number of points,
was not incorporated in the present model as an estimable parameter. not was the uncer-
tainty possibly introduced by its choice formally quantified. Tests to evaluate the impact
of the values chosen were carried out on a single dataset using different search radii and/or
minimum and maximum number of points. The kriging procedure appeared from those

tests to be more sensitive to the choice of search radius in the temporal dimension. High
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Figure 4.2: Center points of the 15x15 nautical mile blocks defined for kriging.

values, if found in areas that were not sampled again in previous or subsequent weeks, ap-
parently exerted their influence for a longer time period than could be reasonably expected
from the spawning biology of mackerel. For example, Figure 4.3 shows the difference in
weekly abundances estimated for the same variogram model with two values of search
radius in the temporal dimension (100 days and 50 days). Estimates of AEP for those two
values for the search radius were almost identical (1.2356 - 101 vs. 1.2355 - 10'%), as the
variograms already give data points found beyond 40 or 50 days a very small weight (See
the variogram models in Figures 3.6-3.9). However. the search radius in the temporal di-
mension was nevertheless reduced from an initial value of 100 days to 60 days. considered
to be more in accordance with development stages of mackerel eggs and the migratory
behaviour of Atlantic mackerel (Coombs et al., 2001: Uriarte & Lucio. 2001). The values
finally used are summarised in Table 4.1.

The search algorithm implemented in the gstat software package does not allow the
specification of separate values of the search neighbourhood parameters in each direction.

Values along the z axis were thus re-scaled from days. d, to an arbitrary unit of time

+ — 1.6d. Results were then scaled back to days and weeks for presentation.
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Table 4.1: Parameter values used for the searching procedure in both dimensions.

Plane Minimum number Maximum number Search radius
of values of values
Spatial (x,y) 3 20 100 nm
Temporal (z) 3 20 60 days
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Figure 4.3: Maps of weekly egg production estimated by block kriging using different
temporal search radii: 60 days (a), and 100 days (b).

4.2 Monte Carlo kriging estimation

Considering the whole kriging system in a Bayesian setting is not without merit, and var-
ious studies (Omre, 1987: Handcock & Stein, 1993) have presented Bayesian formulations
of the kriging estimators that include the variability at both steps: variogram modelling
and kriging. But given the characteristics of the kriging procedure necessary for the es-
timation of pelagic egg production, a simplified approach was developed here. A Monte
Carlo procedure was implemented that drew on the Markov chains obtained from the

Bayesian hierarchical variogram models. For each model and vear. ;00 iterations of the
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final section of the Markov Chains were selected at distances of 100 iterations. This value
was chosen after inspection of the autocorrelation plots for each chain, and is larger than
the longest lag with autocorrelation greater than o.3 in the worst-mixing chain. Block
kriging was then conducted using the variogram model parameter values from each of
those draws and a distribution of egg production values. both at each grid location and
for the whole area-time volume, was obtained. Draws for the MCMIC output were car-
ried out without consideration of the individual posterior probability obtained by each of
those parameter sets. The assumption here is that the end section of the NCMIC chain
is perfectly mixed, so drawing from it yields values whose probabilities are in accordance

with those observed in the variogram models.

4.2.1 Implementation details

The Monte Carlo procedure outlined above consisted of a total of 500(MC iterations) x
9(years) x 4(models) = 18,000 iterations. Each run required between 2 and 5 minutes of
computing time on a fast personal computer. A decision was taken to implement the pro-
cedure to run in a cluster platform consisting of 50 interconnected processors, belonging to
the Centro de Supercomputacién de Galicia (CESGA), based in Santiago de Compostela.
Code was written specifically to run on this platform, that automatically distributed the
simulations among the available processors and stored the results from each run.

The complete output generated by the Monte Carlo kriging exercise quickly grew to
a size that complicated its analysis. An array able to hold the full set of results would
consist of six dimensions (longitude, latitude, week, iteration, year, model), and would
need to have a total size of 72 x 40 x 28 x 500 x 9 x 4 = 1,451.520.000 or nearly a billion
and a half cells. Such an structure quickly exhausts the memory and processing capacity
of most personal computers. Analyses were thus restricted to sizeable sections of the array,
a fact that sometimes limited what results and summaries could be presented. A more
efficient storage mechanism could possibly have been achieved by the use of an external
database server to which queries could be directed by the analysis procedures. The relative
complexity of designing such a database, and the limited number of statistical operations
that most relational database servers offer, precluded the use of this mechanism during
this study. Future studies along similar lines to this one should carefully consider efficient
storage and access of simulation results.

Cross-validation was carried out to obtain a correction factor for the log-transformed
egg abundances. Kriging of log-transformed values is known to bias the final results, due to
the lack of robustness of the logarithm with regard to the multivariate normal hypothesis
inherent in Gaussian kriging (Journel & Huijbregts, 1978). A corrective factor. Kg, can
be obtained by equating the mean estimated values at those locations where data are
available to their known values through cross-validation kriging (Goovaerts. 1997). Each
datapoint is temporarily removed and its value estimated by kriging using the remaining

data. The same procedure is then carried out for all datapoints. The corrective factor, K,
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is estimated as the mean ratio between sampled and estimated value. In this case the full
distribution of deviations were also stored for subsequent investigation of the uncertainty .
introduced by this step in the estimation procedure.

Results from the gstat software, consisting of egg abundances and kriging variances
at all grid locations, were then rescaled back to days and weeks. Log-abundances were
back-transformed and the abundance estimate for each point in the spatial grid was then
multiplied by the area of the grid square. The final values were obtained by multiplying

the back-transformed egg abundances by the mean correction factor.

4.3 Kriging estimates of North East Atlantic mackerel Annual Egg Production

The estimates of AEP obtained for every year and variogram model are summarised in Ta-
ble 4.2. The figures shown are the median of the 500 kriging estimates, together with their
corresponding coefficients of variation, estimated as cv = Verr — 1. Variability appears
to be higher for the Matern and spherical models, with average cv of 42% for Matern,
38% for spherical, 32% for nested and 31% for exponential. The differences, however, are

in concordance with the variability observed in the variogram models themselves.

Table 4.2: Estimates of NEA Atlantic mackerel annual egg production by year, in terms
of median AEP x10'® and CV, for all models in this study. Models are Matern (Mat),
exponential (Exp), spherical (Sph) and nested (Nes). Nested refers to the Exponential +
Spherical model.

Mat Exp Sph Nes

median c¢v  median c¢v  median c¢v  median cv
1977 1.82 0.39 1.89 0.3 1.67 0.44 1.48 0.45
1980 1.93 0.43 1.88 0.47 1.83 0.33 1.76 0.39
1983 1.79 0.52 1.56 0.49 1.51 0.35 1.61 0.41
1986 2.04 0.68 1.64 0.29 1.68 0.44 1.45 0.25
1989 2.23 0.33 1.66 0.27 1.65 0.46 1.63 0.37
1992 1.89 0.41 2.01 0.32 1.88 0.41 1.99 0.27
1995 1.65 0.36 1.57 0.23 1.54 0.38 1.68 0.32
1998 1.4 0.32 1.47 0.25 1.36 0.35 1.48 0.22
2001 1.23 0.28 1.25 0.19 1.09 0.25 1.36 0.23

Comparison of the results obtained in the present study and those generated by ICES
Working Group on Mackerel and Horse Mackerel Egg Surveys are presented in Table
4.3. Discrepancies are notable for some years, for example 1986 and 1989. They appear
to be higher at the start of the survey series where coverage could be considered to be
relatively sparse, as sampling attempted to cover larger areas without an apparent increase
in resources. In those situations, a geostatistical estimator is likely to interpolate over a
larger number of spatio-temporal cells, thus giving a higher estimate of egg abundance,

as higher values influence kriging over larger areas.
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Table 4.3: Comparison of kriging estimates of annual egg production by year with those
obtained using the traditional estimator. Results show the median estimates from kriging
for each variogram model in eggsx101® | and the percentage difference from the Working
Group estimate, as presented in ICES (2004b). The last line presents the mean absolute
deviation for each model. Years marked with * were modelled in a separate variogram
model.

Mat Exp Sph Nes Trad
median  diff median diff median dif median diff
1977 1.82 -8.1 1.89 -4.5 1.67 -15.7 1.48 -25.3  1.98
1980 1.93 4.9 1.88 2.2 1.83 -0.5 1.76 -1.3 1.84
1983* 1.79 17.0 1.56 2.0 1.51 -1.3 1.61 5.2 1.53
1986* 2.04 64.5 1.64 32.3 1.68 35.5 1.45 16.9 1.24
1989* 2.23 46.7 1.66 9.2 1.65 8.6 1.63 7.2 1.52
1992 1.89 -2.6 2.01 3.6 1.88 -3.1 1.99 2.6 1.94
1995 1.65 10.7 1.57 5.4 1.54 3.4 1.68 12.8 1.49
1998 1.4 2.0 1.47 7.3 1.36 -0.7 1.48 8.0 1.37
2001 1.23 1.7 1.25 3.3 1.09 -9.9 1.36 12.4 1.21
mean 17.58 7.75 8.74 10.53

The four variogram models tested provide different estimates of the uncertainty around
AEP. Figure 4.4 presents the median and 95% credibility intervals obtained for the four
variogram models. At this scale median estimates do not differ greatly, when compared
with the differences observed among the estimates of variability. The upper quantile for
the Matern model reflects the greater uncertainty already observed in comparisons of the
four variogram models (Table 3.2).

The full probability distributions of the kriging estimates of AEP obtained for each
year and model are presented in Figure 4.5. The differences among models are remarkably
small, with the possible exception of 1986 and 1989. On the first one of those, the Matern
model appears to be estimating lower egg production, albeit producing at the same time
wider confidence intervals. This same model deviates from the other three in the estimate
of the 1989 AEP, although in the opposite direction. The variograms obtained for these
two years were considerably linear, and even more so near the origin. Fit to the temporal
variogram for 1986 was especially poor. This appears to be having an impact in the
kriging estimates for the Matern model, more susceptible to the screen effect, which in
turn could become more pronounced in years where a few large egg production values

exert an important influence in the final AEP estimate.

4.4 Impact of model choice

The differences among the four variogram models observed in the previous chapter are
likely to affect the kriging estimates of egg production that can be obtained from each
from them. Annual egg production for each of the four models show remarkable differences

for some years (Table 4.2). To further investigate those differences. estimates can be
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Figure 4.4: Estimates of median annual egg production (AEP). black dots, with their cor-
responding 95% credibility intervals, open circles, for each variogram model: exponential,
spherical, Matern and nested (exponential + spherical).

obtained at a finer temporal level, weekly in this case, and again for all models. Figures
4.6 and 4.7 show the weekly estimated egg production, together with the g5% credibility
intervals, for two years with different variogram shapes. 1986 and 1998 respectively.

These results further corroborate the model preference outlined in the discussion of the
variogram modelling. The patterns in weekly production obtained from the Matérn model
are not in agreement with the observed temporal evolution of raw egg abudance, and the
uncertainty uncovered appears to be overestimated for certain periods. Most likely this
is the effect of the parabolic shape of the model at short ranges. Again the nested model
appears to better capture the known temporal dynamics of spawning: sharp increase of

activity at the start of the season, peak at or before mid-season, and slow decline of

production.

4.4.1 Generation of simulated datasets

The use of simulated datasets is a common procedure for testing statistical estimators of
random variables in a variety of contexts (Restrepo, 1995; Bogaert, 1996; Cooke. 1999).
Knowing the true values that generated the datasets is a major advantage when attempt-
ing to ascertain the bias, precision, and other characteristics of an estimator. The main

burden this methods imposes is the generation of values that contain all the important
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Figure 4.5: Probability distributions of the kriging estimates of annual egg production
(x10'%) for every year and model. Plots show parametric smoothed curves of the his-

tograms obtained from 500 iterations.
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Figure 4.6: Weekly egg production (WEP) estimates for all models and for 1986, shown
as median (closed circle) and 95% credibility intervals (open circles).

characteristics of the original data. This can become extremely complex and, depending
on the generating mechanism, could unduly influence the results of the whole exercise.

Two simulated datasets were used in this study. The first was generated by Dr D.
Beare, at the Marine Laboratory Aberdeen, based on a Generalized Additive Model
(GAM) of mackerel egg abundance (Augustin et al., 1998). Weekly surfaces of egg abun-
dance were generated based on the 1998 dataset, with the addition of a negative-binomial
random error. The actual 1998 sampling pattern was then applied to the data to gener-
ate a possible realisation of that year’s mackerel egg survey. The procedure was repeated
with subsequent values from the error probability distribution and 1,000 datasets were
generated.

A second dataset was generated also based on the 1998 survey. The output of a Gaus-
sian Sequential Simulation (SGS) estimator (Goovaerts, 1997), developed by Dr C. Imrie
at Imperial College (Imrie et al., 2003), was used here. The SGS paradigm is based on the
generation of several joint realisations of a number, N, of random variables at locations
in the study area. These realisations are conditional on the data set under scrutiny. Sim-
ulated values at data locations are drawn from a Gaussian probability density function
centred on the datum value and with variance equal to the sampling variance (Goovaerts,

1997: Deutsch & Journel, 1998). The algorithm proceeds sequentially by drawing a first
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Figure 4.7: Weekly egg production (WEP) estimates for all models and for 1998, shown
as median (closed circle) and 95% credibility intervals (open circles).

simulated value conditioned on the N data points, which then becomes a conditioning
value for subsequent draws. All nodes in the grid are visited until a complete realisation
of the random function is generated. Any number of realisations can then be obtained
by repeating the sequential process, usually following different paths to visit the nodes.
When using SGS to generate datasets, the variance of the error pdf is increased so as to
introduce extra noise in the simulated dataset.

Both datasets were then sampled according to the 1998 survey. No attempt was made
at mimicking the expected behaviour of the survey vessels when confronted with the sim-
ulated egg abundances. In this behaviour sampling is expected to continue in the western
limit of spawning until a sample of zero eggs has occurred. The extension of sampling in
this way usually has an impact on what and how many stations are sampled further down
the trip, as days at sea are always limited. Replicating this adaptive mechanism in the
sampling design when applied to the simulated datasets would have been an extremely
complex exercise.

The Bayesian geostatistical estimators were applied to 250 realisations of both sim-
ulated datasets. Estimates of total AEP and associated coeflicient of variation where

compared with those obtained from the traditional (ICES, 1999a) and GAM (Augustin
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et al.. 1998) estimators, and with the true values used to generate the datasets. No at-
tempt was made to analyse in greater detail the reasons for the differences found among
estimators on these datasets, due to constraints in time and availability of the GAM code.

The obvious limitation to the application of simulated datasets is how well the data
patterns encountered in nature can be replicated. The models used would always introduce
a number of simplifications and assumptions which might make the dataset unacceptably
different from reality. Inferences thus made would then have limited applicability in assess-
ing the real behaviour of an estimator. Further problems arise when one of the estimators
under scrutiny is itself used to generate the data. This is the case with the GAM model

and, to a lesser extent, with SGS.

4.4.2 Model comparison using simulated datasets

Variogram modelling for the two simulated datasets was carried out using the same
methods presented in Chapter 3 for the ICES survey data. Models in this case were
non-hierarchical, as only one survey was being modelled in each case. Prior probability
distributions were defined based on the posterior pdf of the mean hyperparameters from
the analysis of ICES survey data. The variograms obtained for both simulated datasets
clearly reflect their different originating models (Figure 4.8). Sample variograms for the
GAM-generated survey are poorly defined, and consequently the models are highly uncer-
tain. This could be due to the effect the smoothing splines are having on the covariance
structure of the data. Better results were obtained when using the SGS datasets, although
in contrast with the real 1998 variogram (Figure 3.3), uncertainty appears to be higher,

probably due to the lack of a hierarchical setting. Bias in the AEP estimates for the four
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Figure 4.8: Sample variograms (mean of 250 simulations) obtained from the simulated
datasets generated from a Generalized Additive Model (GAM) and Sequential Gaussian

Simulation (SGS) for 1998.

models, in terms of differences against the “true” simulated values, range from less than



CHAPTER 4. MONTE CARLO BLOCK KRIGING OF EGG ABUNDANCE 114

_ -
i i N
| I — — T T T
20 25 30 35 00 02 04 06 0.8
| — ] T T 15 T T 11
100 200 300 400 50 150 250 350

Figure 4.9: Posterior probability distributions of the exponential variogram parameters
(sill, nugget and spatial and temporal ranges) obtained using the SGS-generated dataset.

1% up to 8% (Table 4.4) when using the SGS dataset. In contrast, the geostatistical mod-
els fare poorly when applied to the GAM generated datasets. Egg production is greatly
overestimated by the four models. These results must be considered with caution. as the
GAM dataset appears to have lost most of the spatio-temporal structure that is essential
for kriging to operate, as can be seen by comparing the sample variogram obtained (Fig-

ure 4.8) with those for the original 1998 dataset (Figure 3.3).  Despite the limitations

Table 4.4: Median AEP estimates from kriging with the four variogram models using the
SGS and GAM-generated simulated datasets

Model mat exp sph nes real

SGS median 1.35 1.28 1.36 1.43 1.42
difference  -5% -9.8% 4% +1%

GAM median 2.12 1.94 2.21 1.87 148
difference +43% +31% +49% +26%

of the simulated data outlined above, again the nested (exp+sph) model appears to fare

better and provide less biased estimates than the other three.
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4.5 Inferences on spawning dynamics from kriging

In addition to its use for estimation of egg production, fine scale spatio-temporal models
such as the ones presented here provide interesting opportunities for visualisation and
understanding of patterns in spawning at finer scales than those obtained from inspection
of the survey data alone (Beare & Reid, 2002). Two possible analyses are presented here.
One attempts to reveal the change in location of the centre of activity of spawning along
the season. This could be of use during the design phase of future ichthyoplankton surveys.
The second relates to the precise timing of spawning, as inferred from detailed maps of

weekly egg abundance.

4.6.1 Centre of gravity of spawning

A simple index of changes in the temporal distribution of spawning along the season can be
obtained by estimating the centroid, or centre of gravity, of the egg abundance matrices.

The centroid of a discrete N-by-M two-dimensional matrix, A = (a;;). is calculated as

N A
T = Z Z mija@-j (4-3)
1=1j=1

where m;; are the normalised matrix values m;; = a;; /N, with N equal to

N M
N=3> a; (4-4)
i=1j=1
z;; is the location vector of each matrix cell (for example z12 = [1,2]), and a;; are the

matrix values at each location. This calculation can be easily extended to a third dimension
to estimate the centroid of the whole spatio-temporal array. This metric averages over
the whole area or volume, and does not fully reflect changes in spawning distribution.
It would, for example, not detect a change such as that created by a situation where
spawning activity is split from a central area to two equally distant locations.

An example of changes in the spatial intensity of spawning can be observed in Figure
4.10, which shows the position in latitude and longitude of the spawning centroid by week
for 1998. The values were estimated by block kriging based on the nested model and for
100 randomly selected simulations. The different colours show replicates for each week,
with the black-closed circles marking the mean value for the x and y position of the

centroid by week.
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Figure 4.10: Position by week of the centroid of the egg abundance matrix, for 1998 and
using the nested model, along the North-South and East-West dimensions and in distances
from the assumed (0,0) point at 60° N - 20° W. The black dot indicates week 7, the start
of the spawning season. Replicates for each week are denoted by different colours.
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4.5.2  Timing of spawning

Kriging over fine temporal scales provides a valuable tool for analysis of changes in the
time pattern of spawning. Detailed investigation of environmental effects on spawning
dynamics, for example, can greatly benefit from the weekly estimates of egg abundance
provided by the kriging estimator. Detailed maps of mackerel egg spawning by week can
also be generated from the kriging results. These also help in visually assessing the results
obtained from the kriging estimator.

The maps of estimated weekly egg production for 1998 (Figure 4.11) show a general
pattern of spawning distribution by week that is in accordance with previous studies. but
also reveal new features that might need further explanation. Egg production in the north
of the spawning area appears much earlier than expected (Weeks 7 to 14). This could be
due to an excessive generosity of the kriging procedure when estimating across time. It
is also interesting to note the separation of spawning in two centres after week 19, one
in the Bay of Biscay and one in the west and north of Ireland. This might indicate that
spawning activity in the Bay of Biscay remains relatively high even late in the season, when
it was assumed to have been displaced further north. The increase in the mean summer
sea surface temperature in this area detected over the last few years (I. Sancristobal,
AZTI Fundazioa, pers. com.) could have an important impact in the temporal and spatial
distribution, and even on the total spawn for NEA mackerel, as spawning could potentially

extend over longer periods and areas.

4.6 Discussion

Estimates of annual egg production have been produced based on block kriging over hi-
erarchical Bayesian variogram models. Kriging has been carried out in a Monte Carlo
procedure in order to introduce the uncertainty in spatio-temporal covariance modelling
into the final estimate. The procedure has been applied to ICES datasets of NEA mackerel
egg surveys, and the results from this estimator have been compared with those obtained
by other methods. The multiple uses of a geostatistical estimator of this kind have been
presented, including total egg production estimation and analysis of spatio-temporal dy-
namics in spawning.

The combination of Bayesian variography and Monte Carlo kriging ensure that all
identified sources of uncertainty in the spatio-temporal modelling of pelagic egg produc-
tion are incorporated in the final variance estimate. In contrast with other geostatistical
methods previously used on fisheries data (Sullivan, 1991: Bez & Rivoirard, 2001), esti-
mates presented here do not seem to suffer from over estimation of precision, as models
are more parsimonious. Underestimating the variance of an SSB estimate can lead to
over-confident risk assessments and over-optimistic management.

In general the results obtained for NEA mackerel mean AEP are not in contradiction
with those published elsewhere (Augustin et al., 1998; Imrie et al., 2003: ICES. 2004b). al-

though substantial differences are present. The variability in the estimates appears also to
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be within the assumptions or estimates found in those studies. Variability was surprisingly
low at the beginning of the series, probably due to the reduced area and time covered.
Sampling was confined to a more homogeneous section of the spawning space-time vol-
ume, centred around peak spawning areas and periods. Variability increases dramatically
in the 1980s, when sampling covers a larger percentage of the spawning volume. Sampling
effort increases too, but not as much as coverage does, and data become more sparse in
time and space. With the increase in ship time observed in the 19gos, variability appears
to decrease, and the last three years of egg surveys analysed (1995, 1998 and 2001) show
marked improvements in the precision of the final AEP estimate.

The variance estimates presented in Table 4.2 represent the variability in the mean
estimates of egg production, obtained through the Monte Carlo block kriging procedure.
Kriging variance is not considered to be accurately estimated when lognormal kriging is
applied to transformed data (Goovaerts, 1997). Furthermore, problems were found in the
calculation of the kriging variance for some models and in a number of years. The kriging
procedure was sometimes unable to provide an estimate of variance probably due to the
sparseness of the data. Nevertheless, the key sources of variability can be considered to be
incorporated in the analysis. Sampling variability has been introduced in the calculation
of the constant of proportionality, ¢, while estimation variability is accounted for by the
combined Bayesian variograms and Monte Carlo kriging procedure.

As explained in previous sections, a number of parameters were not estimated nor
was their uncertainty incorporated in the MC procedure. The impact on the obtained
estimates of the chosen values for the parameters controlling the kriging algorithm in
particular, could have been incorporated explicitly. The associated cost in computing time,
however, precluded its proper inclusion. The development of a complete likelihood function
for three-dimensional block kriging, encompassing both variogram modelling and kriging
estimation, could maybe provide an opportunity for a fuller evaluation of the uncertainty
and bias generated by various steps of the kriging procedure. No implementation of such
approach has been developed so far, although the directions of some recent developments
in spatial statistics (for example Diggle et al., 1998), make the prospect of a coherent
Bayesian geostatistical framework appear closer.

An assessment of estimator quality has been limited by the inability of various meth-
ods to generate accurate replicates of the original NEA mackerel datasets. On the one
hand, the GAM-generated simulated data did not compare in covariance structure to the
original, as shown by the sample variograms obtained. This is likely due to the effect
of the smoothing splines, controlled in great part by the chosen degrees of freedom al-
lowed to them. It might be the case that increasing the degrees of freedom of the GAM
splines, although having a negative effect on the fitting procedure and on its use for AEP
estimation, could be beneficial when the GAM is used to generate simulated data. The
SGS-generated data were again a by-product of an estimation procedure, and were not

designed with data simulation in mind. The similarity of the procedures used to generate
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and later analyse the data, both based on variogram modelling, also limit the usefulness
of the results obtained. It is expected that a geostatistical procedure should be able to es-
timate reasonably well the spatio-temporal structure generated based on similar premises.
Testing a statistical estimator on simulated datasets has sometimes limited value in terms
of assessing its static quality (Restrepo et al., 1990). More useful results could be obtained
about the changing behaviour of the estimator under changing conditions in the structure,
quality or quantity of the data. The focus would be then shifted from assessing whether
the estimator performs well in a supposedly accurate representation of reality, to under-
standing how well the estimator would perform if conditions were to change in certain
directions. In the case of fisheries assessment, an important issue to consider is how well
would the estimator detect decreases in spawning stock biomass beyond safe limits or
quantify the risks of collapse or damage to the stock.

It is nevertheless possible to assert that, of the four variogram models tested on the
NEA mackerel egg surveys dataset, the nested model, combining an exponential and a
spherical component, did show the best performance and flexibility. The range of vari-
ograms observed, among years and for both dimensions, could be well accomodated with
this model. The increased number of parameters did not have a negative impact in the
McMC procedure. Measures of model quality presented in the previous chapter also ap-
peared to select this model over the other three. The results presented in this chapter,
especially when analysed at a fine temporal level, further corroborated this finding. Al-
though this is obviously of importance for the NEA mackerel dataset only, it also shows
how difficult the balance between model complexity, fit to data, and usability for predic-
tion can be in many cases. Furthermore when applying hierarchical models that attempt
to uncover the common patterns over a number of surveys.

The estimates of annual egg production now obtained from Bayesian hierarchical var-
iogram models and Monte Carlo three-dimensional block kriging, will generate, when
combined with estimates of fecundity, final estimates of spawning stock biomass. Prior to
that, the AEP estimates will be corrected by the application of the bias and error model
presented in Chapter 2. Combining in this way all identified sources of variability will
allow the exploration of a range of scenarios on the present state of the stock. This will

be presented over the next chapter based on the estimates obtained from the best model.



Chapter 5

Comparison of estimators and
implications for assessment and

management

The previous chapters have first presented a detailed analyses of the procedure carried
out for the estimation of Annual Egg Production. A quantitative estimate of bias and
error, in the form of a probabilistic constant of proportionality (¢). was then developed
based on the knowledge gathered. Then, alternative estimators of egg production based
on kriging over Bayesian hierarchical models of spatio-temporal covariance were built,
tested and compared to previous estimates of AEP from the NEA mackerel egg survey
data. |

Estimates of annual egg production do not provide per se with sufficient information
for assessment and management purposes. They need to be coupled with estimates of
realised fecundity, linking in this way egg production to the spawning stock biomass that
generated them. The uncertainty and possible bias in the procedure used to estimate
fecundity in determinate spawners such as mackerel, was reviewed in Chapter 2, and the
results incorporated to the estimated constant g.

Kriging around the estimated variogram models was carried out for the four variogram
hierarchical models. The most flexible model, combining a short-range exponential and
a long-range spherical model, appeared to outperform the other two and has been thus
chosen for the analyses presented in this last chapter.

Both sections of this work will now be brought together, in order to generate proba-
bilistic estimates of SSB. These will then be fed to the assessment procedure presently in
use for NEA mackerel to provide an indication of how uncertain the estimates of SSB and
the management reference points might be when considering all the error and bias present
in the AEP estimate, and how changes in the methodology for estimating AEP affect our
perception of the status of the stock. The implications for management of the NEA mack-

erel stock of the findings of this study will be further elaborated. The newly generated
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estimates of SSB will be introduced into the currently applied assessment method in or-
der to highlight the different outlook and status of the stock obtained with them. The
question of whether SSB estimates obtained from egg surveys should be considered as
relative or absolute indices of stock size is discussed with reference to the impact of that
choice on NEA mackerel assessment.

Finally, a discussion of the results and conclusions that can be extracted from the
present study is undertaken. Consideration is given to the possible shortcomings of the
approach developed here, future lines of work that could correct those. and what other

areas of research might be of interest in this area.

5.1 DBias-corrected estimates of annual egg production

The constant of proportionality, ¢, generated in Chapter 2 from the application of the
bias mode] to every survey year dataset, has now to be combined with the AEP estimates
obtained through kriging in Chapter 4. We would arrive in this way at a bias-corrected

AEP estimate that also incorporates the error introduced along the sampling procedure
(Table 5.1).

Table 5.1: Median, standard deviation, coefficient of variation, and ratio over the stan-
dard estimates, of the bias-corrected estimates of annual egg production for each year of
the nested (exp+sph) model, in eggs x10'°, and mean estaimte of the Traditional AEP
estimator.

Nes Trad

median sd cv ratio mean

1977 1.53 0.74 048 164 1.98
1980 1.75 1.20 0.67 226 1.84
1983 1.53 0.72 044 1.74 1.53
1986 149 1.09 068 1.78 1.24
1989 1.63 1.27 066 1.83 1.32
1992 2.11 1.72 0.75 2.33 1.94
1995 1.57 048 0.33 1.81 1.49
1998 1.50 046 0.29 1.52 1.37
2001 1.40 0.53 036 1.41 1.21

The bias model that is now applied to the kriging estimates of AEP takes into account
the identified sources of bias and uncertainty in the egg sampling procedure. Bias is
introduced first by the decision to limit sampling to a depth of 200 m, and secondly by the
assumption that temperature at 20 m represents accurately the temperature experienced
by eggs developing along the water column. The bias model was applied to each year
of data, taking into account the number of samples taken in waters deeper than 200 m
and before or after 120 days from the 1st of January, where the effects of temperature

stratification roughly start affecting the distribution of eggs in the water column (see
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diagram in page 60). Although in absolute terms both sources of bias appear to be very
small, and tend to cancel each other, they were still introduced in the generation of vearly
values for g, the constant of proportionality. This constant also included the uncertainty
in raw egg counts introduced by errors in egg counting and staging. and in the estimation
through a flowmeter of the volume of water filtered by the egg samplers.

Once the bias-model has been applied to all years of survey data, and the quantified
sampling uncertainty incorporated, the bias-corrected estimates do not differ greatly from
those presented in the previous chapter (Table 4.2, page 107), as can be seen from Table
5.1. The main reason, as discussed when the bias model was laid out, is that samples in
the time and area window where most bias might be introduced are few and in general
show low values of egg abundance. This is even more marked the further back we go in
the survey time series. Also, the tendency of both sources of bias to cancel each other out
means bias-corrected estimates are not too different from the original ones in their central
tendencies.

A graphical representation of the AEP estimates and the corresponding 95% credi-
bility intervals shows how variable the estimation of egg production in some years are.
Two of the surveys which showed remarkably flat variograms, 1986 and 1989, present
wider credibility intervals. This probably shows the effect of a not completely appropiate
variogram model, when applied to those years. Although the median estimates are within
the values that could be expected, the final estimated variability appears to be relatively
high. The increase in sampling effort is reflected in a marked decrease of the estimate
variance for the last three years of the survey, 1995-2001. Further comparison of the final
results among the four models tested can be obtained by inspection of the bias-corrected

annual egg production probability distributions (Figure 5.2).

5.2 Estimates of spawning stock biomass from kriging-derived annual egg

production

Estimates of SSB are presented here for all years. Fecundity estimates from 1977 to 1989
were not available in the same detailed form (tables of potential fecundity, atresia and
weight per female sampled) as for the 1992-2001 period. Mean realised fecundity for those
years was reconstructed from ICES Working Group reports (ICES, 1979, 1981, 1984, 1987,
1990). Estimates provided as a non-linear relationship between length and fecundity were
transformed to weight-fecundity by using available growth curves (ICES, 2004b) and
estimates of mean weight in the catch. The mean-variance relationship estimated for the
1992-2001 fecundity data was also applied to the previous years. despite indications that
variance was likely to be higher at the start of the survey series. Fecundity estimation in the
earlier years of the survey did not take into account the influence of atresia (ICES, 1981).
which only started to be estimated for the 1989 survey (ICES. 1990). No information was

available that could indicate how variable fecundity estimates from 1977-198¢9 might be.
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Figure 5.1: Median estimates of bias-corrected annual egg production and g5% credibility
intervals for the nested model.

The probability distributions of spawning stock biomass for all surveys are presented
in Figure 5.3. These were obtained by combining the 500 estimates obtained by kriging
with 500 random samples from the probability distributions of realised fecundity (see
page 46). Except for 1998, results provide a fairly similar picture to that observed in the
AEP values. Variability, represented here by the 95% credibility intervals, appears to be
lower at the start of the series, increasing in the 1980s as sampling was extended, only to
decrease as sampling became more intense and spawning limits were better sampled with
the adoption of adaptive sampling (Figure 5.4).

The amount is variability uncovered in these results appears to be much larger that
the amount of variation in the median estimates of SSB along the time series. The noise
to signal ratio, therefore, could prove to be a difficulty when attempting to discern a

trend in stock biomass if the index variability were to be included in the stock assessment

procedure.

5.3 Factors not included in the analyses

Despite the apparent simplicity of most egg production methods, involving only egg pro-
duction and fecundity, arriving at an estimate of SSB from a number of egg counts is in
reality a complex procedure. As explained in Chapter 2, the many steps and procedures
involved can all have an important influence in the final estimate. Despite the detailed
analyses of the AEP methods attempted here, a number of factors could not be included,

and their relative influence in the uncertainty of the estimation procedure could not be



CHAPTER 5. COMPARISON OF ESTIMATORS AND IMPLICATIONS 127

1977 1980

O -
—_ —
[ 3]

-
e —
[
[Erp—
o —
[
Mo

1983 1986

o
— -
o~
w —
e —
o

— —
o —
w -
W

1989 1992

////j/f\\\\\ 1995 1998

2001

o -
—_ —
o —
w -
— —
o~
[Ea—
o —
w -
(N

o
—
W
w
e
o
—
w
W
rang

AEP x 109

Figure 5.2: Probability distributions of the bias-corrected annual egg production for the
nested variogram model.
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Figure 5.3: Probability distributions of spawning stock biomass obtained from the nested

model
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Figure 5.4: Median spawning stock biomass estimate and g5% credibility intervals from
kriging.

quantified. The most important factors not included in this analysis are now briefly re-

viewed, and their possible influence, in qualitative terms, is discussed.

Eqgg mortality
A number of the applications of the AEP method presented in Table 1.1, make use of the

abundance estimates obtained for eggs at all development stages. In contrast, the ICES
NEA mackerel survey considers the abundance of the younger, stage I, eggs only (ICES,
1999a). This is due to the known difficulty in correctly identifying the development stage
of older eggs of mackerel (ICES, 2001). The first obvious impact of this decision is the
loss of valuable information, as a considerable section of the population under study, that
of pelagic eggs older than stage I, is not incorporated in the analysis. Sampling occurring
in an area where an important spawning event has taken place, but with enough delay
to allow eggs to proceed to stage II or further, for example, could still be detected from
counts of older eggs.

As mentioned in the presentation of the AEP method (section 2.3, p. 41), use of data
on all egg stages depends on an estimate of egg mortality. This can be generated from
the egg abundances themselves, or be available from other studies. Ideally this should
include how mortality is likely to vary with date, area and oceanographic conditions, such
as wind dispersion, temperature and mixing. At present there are only some indications
of the probable mortality rate of NEA mackerel eggs, tentatively considered from some
research to lie at around 8% per stage (S. Coombs, pers. com). Recent experiments on
repeated sampling of a single spawning stop for the whole of the duration of stage I, has

estimated a much larger value for stage I mortality rates whih could mean egg abundance
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at stage I has been understimated by between 50 and 300% (D. Beare, pers. com). The
present difficulties in mackerel egg staging preclude the estimation of the mortality rate
directly from egg counts of all stages (as shown in equation 2.5). and its use in the AEP
estimation procedure. However, advances in egg staging by molecular and image analysis
methods could enable the use of the whole egg datasets in the near future.

Even when limiting the estimation procedure to the first stage, the question of natural
mortality remains unaccounted for. Eggs at stage I of their development are bound to be
subject to natural mortality for the duration of this stage. Pelagic eggs are in the size
range that makes them susceptible to predation by a number of marine species, including
mackerel itself (Lockwood, 1988). And mortality is likely to depend on the length of the
development process, itself related to temperature. Consequently. a rough estimate of
mortality rate per development stage does not allow for detailed analysis of the effect of
ignoring mortality on the final AEP estimate by year. Nevertheless, estimates based on
stage I abundance without incorporating natural mortality are bound to underestimate,

to a greater or lesser extent, the real egg production.

Kriging parameters

A number of parameters that control the kriging procedure were selected a priori and
fixed in the analysis. This goes clearly against the desired attributes of a Bayesian analysis,
where uncertainty at all stages should be explicitly incorporated. Realistically, estimation
of parameters like search range, maximum and minimum number of points to consider, and
blocksize, could not be incorporated in the kriging procedure applied here. An evaluation
of their influence would have had a large cost in computational terms. Their impact might
perhaps be evaluated in the future on a limited dataset, or for a single variogram model.
The question nevertheless remains on the proper procedure to apply if the parameter

values chosen in the present analyses were shown to unduly affect the final results.

5.8.1 Survey design and estimator choice

An important factor when analysing fisheries survey data is the survey design that gen-
erated it. Survey design is a well established field with important links to ecological
methodology (Krebs, 1989), and general statistical analysis. The design of trawling and
acoustic surveys has always been under intense scrutiny (Gunderson, 1993). In contrast,
ichthyoplankton surveys have generally been based on a limited set of sampling strategies,
perfectly suitable for the standard abundance estimation methods, but that might prove
limited or inadequate for AEP estimation using geostatistics, GAMs or other complex
methods.

The present study has not covered the issue of sampling design or its influence on
egg production estimation in great detail. Despite this. a number of general observations
can be made with respect to the interaction between the current sampling design in
ICES NEA mackerel egg survevs and the geostatistical methods presented here. The

present strategy attempts to cover as intensely as possible the spatial dimension during
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a number of short periods of time along the spawning season (ICES. 199gb). This is
consistent with the differential treatment of the temporal and spatial dimensions by the
traditional AEP estimator. More sophisticated methods of spatio-temporal interpolation
are not dependent on such a sampling design, and could even benefit from sampling
being distributed more evenly along the spatial and temporal dimensions. The capacity
of GAMs or geostatistics for accurate interpolation across unsampled rectangles could be
put to better use if sampling was distributed more homogeneously on the spatial and
temporal dimensions. The present intensity of sampling in space is probably excessive for

those estimators, with the temporal gaps proving difficult to model.

5.4 Effect of uncertainty on stock assessment

To further evaluate the implications of the biomass estimates obtained from the present
analysis, we will replicate the assessment procedure currently in place in ICES Work-
ing Group on the Assessment of Mackerel, Horse Mackerel, Sardine and Anchovy (ICES,
2004b). The SSB estimates obtained from egg surveys are introduced in the assessment
procedure in a similar way as other indices of abundance, commonly obtained from catch-
per-unit-effort, are. The main difference is that fishery-independent indices are often con-
sidered to provide absolute estimates of SSB, thus strongly driving the fitting proce-
dure. The method presently applied in ICES, Integrated Catch Analysis (Patterson &
Melvin, 1996), is one of a number of methods that allow an integrated analysis of fishery-
independent and catch data. Among other choices, ICA allows the user to specify whether
the abundance index from egg surveys is to be considered as an absolute or relative mea-
sure of SSB. The objective function will attempt to minimise the residuals obtained when
fitting the estimated SSB to both the catch and egg survey data.

Table 5.2: Estimates of spawning stock biomass (in ¢ x 103) for the last five years obtained
from ICA (Patterson & Melvin, 1996) using the kriging-based estimates of SSB, either as
absolute or relative indices of abundance, and considering the whole survey series (1977-
2004) or the years used by the working group (1992-2004). The egg survey-based estimate
of SSB for 2004 was set equal to 2001, as done by the ICES assessment working group
(ICES, 2004b).

Absolute Relative
1977 1992 1977 1992
1999 1975 1975 2214 2134
2000 1754 1754 2025 1933
2001 1649 1649 1992 1875
2002 1190 1190 15506 1431

2003 987 987 1448 1292
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Figure 5.5: Spawning stock biomass estimated by applying ICA (Patterson & Melvin,
1996) using the kriging-based index of abundance either as relative (rel) or absolute
(abs), and using the whole survey series (1977-2004) or only the years used by the ICES
WGMHSA (1992-2004). Lines for both year options using the index as an absolute esti-
mate show no difference.

5.4.1 Assessments conducted by ICES Working Group
The ICES working group in charge of mackerel assessment (WGMHSA) has been making

use of the information on the size of the stock generated by the egg surveys since the start
of the series (ICES, 1979). In the latest assessment (ICES, 2004b), the egg survey-based
index was considered to provide an absolute estimate of SSB, but only the surveys from
1992 onwards, the most reliable ones in the view of the group, were introduced in the
assessment procedure. The latest estimates of stock size obtained during the WGMHSA
assessment show a stock in apparent stability since the 198o0s, with small fluctuations
around a mean for the period 1980-2003 of around 2,665,000 t (Figure 5.6). The disagree-
ment between both time series (catch and surveys) is clearly apparent, especially for 19g8.
A number of reasons could explain this, the most significant being the possible existence
of underreporting and/or discarding in large quantities. Another one is, of course, that
the egg surveys are producing overestimates of SSB, at least in some years.

This assessment has been later reformulated by considering the egg survev index as
providing a relative index of abundance only (ICES, 2004a). The result of this decision has
been an important change in the estimates of SSB and especially on the present situation

of the stock relative to the established reference point, Bp, (Figure 35.7).

5.4.2 Absolute or relative indices of SSB

A common source of disagreement and uncertainty when fishery-independent surveys of

resource abundance are incorporated into the assessment procedure is whether those in-
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Figure 5.6: Estimates of SSB obtained by ICES Working Group (WGMHSA) employing
ICA (Patterson & Melvin, 1996) and considering the egg surveys from 1992 onwards as
providing absolute estimates of SSB. The white circles represent the egg survey-derived
estimates of SSB, and the line shows the ICA estimate of SSB over time.

dices should be treated as absolute estimates of SSB, or simply as relative abundances
indices, similar to those obtained from catch-per-unit-effort of the fishing fleets. The im-
pact on the outlook of the stock can be important if catch data and surveys disagree on
the level and dynamics of the stock. For example, the most recent assessment of NEA
mackerel undertaken under ICES auspices has provided with two very different impres-
sions on the status of the stock: 3,692,410 t vs. 1,854,720 t SSB for 2003 (ICES, 2004b,a).
As surveys of this stock are only carried out every three years — and no other abundance
index is available — altering the way the index is considered results in large revisions of
the stock size, F and SSB estimates for the whole time series, and consequently catch
predictions and Total Allowable Catch (TAC) advice.

The time series of estimated biomass obtained by ICES WGMHSA by considering
the AEP method to provide absolute estimates of SSB, can now be compared with that
obtained by considering them as relative indices of abundance (Figure 3.7). That was
exactly what ICES ACFM did, replicating in every other detail the working group assess-
ment run (ICES, 2004a). Both series diverge markedly from 1995 onwards, and provide
very different views on the status and recent history of the stock. The biomass level that
complies with precautionary approach has been set by ICES at 2.3 million t (dotted line
in Figure 5.7). According to the more pessimistic assessment, this limit has been reached
a few times in past, and the stock is now well below Bj,.

The way assessments are influenced by the consideration of absolute or relative of
fisheries-independent indices depends greatly on how the assessment method utilises this
information and combines it with that provided by catch and landings data. In the case

of ICA, the objective function tries to minimise the residuals from both the V'PA and the
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Figure 5.7: SSB trajectories obtained from ICA by considering the egg survev-derived
estimate of biomass as relative or absolute. From ICES (2004a).

survey estimates of SSB. The relative importance of each of them in the procedure depends
on the yearly weights, which can be assigned or estimated (Patterson & Melvin, 1996). If
the later option is chosen, those weights are estimated as the ratio of the variances of both
indices, VPA-constructed and survey. This again points to the importance of accurately

estimating the variance of the egg survey abundance index.

5.5 Final discussion

A novel procedure for analysing ichthyoplankton survey data and generating probabilis-
tic estimates of spawning stock biomass has been presented here. A review of the survey
methodology employed when assessing stocks through the Annual Egg Production Method
was carried out. This revision used the historical dataset of egg surveys carried out every
three years in NE Atlantic waters by ICES. A bias and sampling error model was con-
structed that generated a probability distribution for a constant of proportionality, linking
estimated and real egg abundance according to the sources of error and bias identified.
An improvement on the spatio-temporal interpolation procedure presently employed
in the analysis of NEA mackerel egg survey data was proposed. The method presented
is based on geostatistical modelling of the covariance structure in space and time. A
Bayesian formulation of spatio-temporal semivariogram models was developed that in-
corporated the uncertainty in parameter estimation. A number of models were tested to
compare the effect of structural uncertainty in variogram modelling. The results of this
modelling exercise were applied to the task of estimating total egg abundance from sur-
vey data. This was achieved through block kriging over the full spatio-temporal volume.
A Monte Carlo procedure was employed to incorporate into this step the uncertainty in
variogram modelling quantified before. Finally, estimates of spawning stock biomass were

generated from egg production and fecundity to generate probability distributions of SSB.
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These were then used in a complete stock assessment and results were compared to those
presently accepted for management and advice purposes.

The methodology presented here provides a consistent. if complicated. estimate of
variability in annual egg production estimates. It does show considering the variabil-
ity introduced in the estimate by sampling. through an error model and a constant of
proportionality, and by modelling, by hierarchical Bayesian modelling of the covariance
structure. The relative impact of model structure was investigated through comparisons
of the results obtained by a number of different variogram models. The level of variability
uncovered by this analysis is consistent with what can be expected of such a complex

sampling exercise, and can be compared in general terms with what other studies have

estimated (Simmonds et al., 2003).

5.5.1 Estimator performance

The Bayesian-Monte Carlo geostatistical estimator developed in the previous chapters
appears to perform reasonably well on the NEA mackerel egg surveys dataset. Estimates
of annual egg production and spawning stock biomass do not seem to be unreasonable
when compared to other estimation methods. A complete evaluation of estimator perfor-
mance has not been possible due to the difficulties in generating simulated datasets that
accurately capture the spatio-temporal structure of the original data.

A limitation of the geostatistical methods presented here is the computing power
and time necessary. As previously mentioned, the analyses included in this study had
to be deployed in a relatively powerful computer cluster and took around 2000 hours of
processing time to complete. Application of these methods to future survevs, like the one
recently finalised in 2004, will not, however, require special computing facilities. A new
run of the hierarchical variogram model can be carried out on a modest computer in less
than 10 minutes, and 500 iterations of the kriging procedure for the new data and on a
single variogram model can be completed in one hour. In contrast, bootstrapping of the
GAM estimator can take up to several days to complete (Beare & Reid, 2002).

Consideration must be taken of the influence of survey design on estimator perfor-
mance. The present sampling strategy in place for NEA mackerel, shared in general terms
with other applications of the AEPM, is based on the separate analysis of temporal and
spatial trends. Although no detailed investigation could be conducted on this, spatio-
temporal estimators of the type proposed here could be better applied to data collected
according to a different survey design, where the spatial and temporal dimensions were
sampled more homogeneously. Development of methods for generating approppiate sim-
ulated mackerel egg abundance data could open the door to a detailed analysis of alter-
native sampling design and their possible benefits when combined with spatio-temporal
estimators. Limitations in ship time need to be considered. and although a survey with
more distributed coverage could theoretically be achieved with the same overall ship time.

difficulties could arise with the practical organisation of time at sea. Research vessels can
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not be expected to be out at sea for many very short periods, possibly of only a few davs.
along the spawning season, as this could seriously limit their operational efficiency.

5.0.2  Management implications

A fundamental question when assessing fishery-independent indices of abundance is whether
they provide absolute or relative estimates of SSB. Considering survey indices in either
form generally affects greatly the result of integrated assessments, as has been shown
above. Justification for such decisions should ideally be based upon detailed considera-
tions of the statistical qualities of the index.

The results obtained with ICA using the kriging-based series of estimates of SSB differ
markedly from those reported by both the ICES WGMHSA and ACF)M. Stock biomass
might have been below the only biomass reference point available, Bpq, for much longer
than previously thought, and the spawning biomass might have fallen below the one
million tonne level. Inclusion of the egg survev index as an absolute or relative measure
of biomass does not seem to alter this conclusion (Figure 5.5). The use of all vears of egg
survey data also has a small effect on the biomass trajectory estimated by the assessment
model.

The stock outlook obtained from the kriging-based SSB index should, at this point.
be taken with caution. A number of issues on the present application of ICA to the
NEA mackerel stock remain controversial. The choices of control and fitting parameters
made by the working group (Appendix C) might not be completely adequate for the
new estimates. For example, a fixed weight is assigned to the index over the biomass
trajectory determined by VPA. A possible alternative is to weight the abundance index
by the ratio of the variances of the standardised biomass and catch indices (Patterson &
Melvin, 1996), for which the variance estimates provided here could be applied. However,
it was the intention here to replicate closely the present-day assessment of this stock, and
provide an indication of the impact of the application of the proposed estimator of egg
production. Further exploration of possible changes to the assessment procedure under
the light of the results presented here would undoubtedly be an interesting line of future
work. A complementary analysis that could also help analysing the impact of uncertainty
of stock assessment would be a Monte Carlo simulation of ICA-estimated SSB. Samples
from the posterior distribution of egg survey-derived SSBs could be used as input to
ICA to generate an approximate indication of the uncertainty around the SSB estimates

introduced by the egg surveys. This is presently not possible due to limitations in the

software implementation of ICA.

5.5.8 Future research

As fisheries management increasingly moves from the rigid establishment of control mea-
sures based on point estimates of parameter values and reference points. to a risk-based
framework (Hilborn et al.. 2001; Charles, 2002), assessment methods should incorporate

all available information on variability of the quantities of interest. Estimators of the kind
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presented here provide the basic tool for risk-based and probability-aware appraisal and
management of fisheries.

Another methodology for spatio-temporal estimation that could be of future use in
situations similar to those encountered in ichthyoplankton surveyvs within the Bavesian
paradigm is that of dynamic linear mixed models (Guo. 2003: Huerta et al.. 2004). Gen-
eralised linear mixed models (GLMMSs) have been widely applied in recent vears in a
Bayesian setting to problem involving longitudinal data, repeated measurements at a
number of spatial locations. As previously explained, the temporal component is explicitly
modelled by means of autoregressive (ARMA, ARIMA) and similar time series methods.
Although present development in this area concentrates on settings where a repeated
number of samples are taken at fixed locations, such as meteorological data from weather
stations, their use in fisheries problems should be further investigated. In particular, con-
ditioning time series on both environmental factors and on observations obtained in the
immediate vicinity, could provide dynamic methods that not onlv improve estimation,
but provide guidance on sampling design. From a Bayesian perspective. GLM\Is are well
studied, and efficient MCMC samplers could be developed that take advantage of con-
ditional probabilities and conjugate formulations to increase efficiency (Brooks, 19g8).
Real-time analysis of an ongoing egg survey could lead to adaptable and flexible survey
designs, well suited to the changing dynamics of spawning by pelagic fish.

Another approach that could be of use in this problem is that of reversible jump
MCMC (Green, 1995; Brooks et al., 2003). Model uncertainty is explicitly incorporated
with this methodology in the fitting procedure, by extending typical MCMC samplers to
situations where the parameter vectors differ not only on their values but also on their
dimensions. Variogram model selection, attempted in the present study by applving a
number of fitting statistics, would instead be carried out within the MCMC procedure.
Probabilities can then be computed for each alternative model structure given the avail-
able data. The extension of reversible-jump MCMC to variogram model selection could
be a notable contribution to the introduction of Bayesian methods in the geostatistical
field. A relatively general formulation could be probably developed covering commonly
used variogram models, in both hierarchical and non-hierarchical settings.

An important question that needs further exploration is that of survey design and its
interaction with the estimator being applied. Ideally. such an analysis should be based
upon simulated datasets, covering a range of sampling scenarios. Sampling could per-
haps be concentrated along the known area of higher abundance and rely on accumulated
experience to extrapolate in time and space. A design more suited to the GADNI and geo-
statistical estimators could also be investigated that covered more homogeneously the
space-time cube. We have seen how limited we presently are when attempting to assess
estimator performance by the problems at generating simulated datasets that incorporate

the necessary characteristics. The use of GAM models specifically tailored to the task of
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simulation could eventually provide an answer. Furthermore, present analyses incorpo-
rating data from all developmental stages (D. Beare, Marine Laboratory Aberdeen. pers.
com.) might also help modelling egg distribution in space and time.

Such an exercise should eventually incorporate the question of the cost of sampling.
and the decrease in the risks associated with managing the stock with more accurate or
updated information about its status. Ichthyoplankton egg survevs are an expensive and
complex exercise. A rough estimate for the NEA mackerel pelagic egg survey falls around
the £2 million mark (D. Reid, MLA. pers. com.). This amount needs to be put into context
of the estimated market value of the stock, which for the UK alone is estimated at around
£81 million in 2003, according to the most recent statistics (DEFRA. 2003).

Mention can be finally made of the difficulties encountered when carrving out simulation-
based studies of the kind presented here outside of a cohesive software framework. Having
to deal with a number of pieces of software and programming languages forces the re-
searcher to create multiple ad-hoc interfaces between the various parts of the analysis.
These might range from filters for import and output of results in certain formats. to the
modification of source code, if available, to generate results tailored to the needs of the
next calculation in the process. Fisheries assessment and modelling commonly involve a
range of models and procedures originating from various fields of statistics and mathemat-
ics. Accommodating these methods and software within an unifying framework would be
of great help for analyses like the ones presented here. Efforts are presently underway to
generate such a framework around the R statistical language (R Development Core Team.
2004 ). This language provides a powerful, flexible and extendable platform on which to
converge most fisheries-related models and software. Simulations for assessment and man-
agement would then be made much easier as such platform provides the researcher with

the possibility for mixing various analyses and methodologies under a single procedure.
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Notation

Parameter Definition

[0 range

by range in the spatial dimensions (x,y)
o range in the temporal dimension (z)
c sill

Co nugget

semi-variogram
distance (nm)
time (days)

shape parameter (Matérn model)
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Acronyms

Acronym

ACFM Advisory Committee on Fisheries Management
AEP Annual Egg Production

AEPM Annual Egg Production Method

BIC Bayesian Information Criterion

DEPM Daily Egg Production Method

DFRM Daily Fecundity Reduction Method

DIC Deviance Information Criterion

GAM General Additive Model

ICA Integrated Catch Anlaysis

ICES International Councial for the Exploration of the Sea
NAO North Atlantic Oscillation

NEA North East Atlantic

SST Sea Surface Temperature

VPA Virtual Population Analysis

WGMHSA Working Group on Mackerel, Horse mackerel, Sardine and Anchovy
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