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Abstract

Age and length (i.e. composition) data are, along with abundance indices, some of the
most basic yet informative data collected in fisheries science. Measurements on age
and length have been collected since the study of fish and fish stocks began in the 19th
century. Composition data are crucial for estimating growth, mortality, selectivity, and,
in some cases, recruitment in fisheries stocks. The importance of these data to many
types of fisheries models cannot be understated, and yet some of the issues associated
with composition data still continue to vex models employed in fisheries.

This thesis focuses on some of the issues associated with composition data in fisheries
models as well as the importance of including these data in integrated assessment
models. There are five chapters in this thesis; the first two focus on issues in using age
and length data to estimate growth in fisheries, the third chapter describes in a novel
manner the drivers for spatiotemporal growth for an important fish stock in Icelandic
waters, Atlantic cod (Gadus morhua L.). The last two chapters focus on the importance
of age and length data in integrated assessment models for how they impact both point
estimates as well as uncertainty estimates.

Overall, this thesis has advanced the understanding of composition data in fisheries
models by: a) revealing new aspects to selectivity bias through aspects of growth that
can enhance or increase bias, b) comparing methods to correct for selectivity bias, c)
describing in a novel manner the drivers for spatiotemporal growth for an important fish
stock in Icelandic waters, d) and systematically testing for the importance of age and
length data in both point estimates for parameters of integrated assessment models as
well as associated uncertainty estimates.






Agrip

Gogn um aldur og lengd fiska, 4samt visitolum ur stofnmelingum, eru undirstoduupplys-
ingar { fiskifredi. Melingum 4 aldri og lengd hefur verid safnad sidan rannséknir héfust
4 fiskum og fiskistofnum 4 nitjandu 6ld. Pessi gogn um aldurs- og lengdarsamsetningu
eru naudsynleg til ad meta voxt, affoll, valmynstur og nylidum fiskistofna. Pratt fyrir
mikilvegi pessara gagna fyrir 1ikon { fiskifredi eru enn til stadar ymis vandamal sem
fylgt hafa gognum um samsetningu alveg fra upphafi.

Pessi ritgerd fjallar um helstu mal sem tengjast notkun gagna um samsetningu {
fiskilikonum, auk mikilvagis peirra i sampzattum stofnlikénum. I ritgerdinni eru fimm
kaflar: Fyrstu tveir fjalla um vandamdl sem tengjast aldurs- og lengdargdgnum vid mat
a vexti, s pridji fjallar um breytileika vaxtar porsks (Gadus morhua L.) 1 tima og rdmi
umhverfis Island. Sidustu tveir kaflarnir fjalla um mikilvagi aldurs- og lengdargagna {
sampattum stofnlikonum vegna dhrifa gagnanna 4 b2di punktmat og évissumat.

A heildin 1itid hefur st vinna sem hér er lyst préad nokkud skilning 4 mikilvagi
samsetningargagna med pvi ad a) syna nyjar hlidar 4 valmynstursbjaga sem eykur
bjaga sem var p6 adur pekktur b) samanburdi adferda til ad leidrétta pennan bjaga c)
lysa 4 nyjan hatt breytileika vaxtar porsks { tima og rimi d) syna 4 kerfisbundinn hatt
mikilvaegi aldurs- og lengdargagna badi fyrir punktmat og 6vissu metla { sampattum
stofnmatslikonum.
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1. Introduction

1 Introduction

Fishing has a major economic impact at local (Béné et al., 2007), regional (Seung and
Waters, 2006), and global scales (Dyck and Sumaila, 2010). For example, in 2017 in
the United States alone commercial fish landings was valued at $5.4 billion (NMFS,
2018). In Iceland, commercial fishing has a long history (Perdikaris and McGovern,
2009), and has historically been the largest export for the country. Commercial fishing
in Iceland has been estimated at > 25% of the gross domestic product (GDP) at a value
of > 150 billion Icelandic krénur (ISK) (Sigftsson et al., 2012). These huge economic
benefits are not without cost, though, and the ecological impacts of commercial fishing
are also great (Myers and Worm, 2003; Crowder et al., 2008; Kraus and Diekmann,
2018). About a third of the world’s fisheries are still considered overfished (FAO,
2018), and increases in technology have made fishing (and overfishing) much easier
than historically possible (Finkbeiner et al., 2017). Overfishing, along with other human
impacts, also have the potential to reduce biodiversity in the world’s oceans, which
in turn can decrease vital ecosystem services (Worm et al., 2006). It goes without
saying that careful management of such economically salient and ecologically important

resources is both crucial and highly beneficial (Fulton et al., 2019).

Nonetheless, great advances have been made in the last century with respect to estimat-
ing populations of fishes, the status of stocks, and sustainable methods for maximizing
yields. Mathematical descriptions of fish populations began with the derivation of the
Baranov catch equation in 1918 (Baranov, 1918). Substantial contributions were made

by Beverton and Holt (1957) and Ricker (1954) in the mid-20th century to describe



population growth in terms of individual growth rates, fishing intensity, and reproduction
curves. The last two decades especially have seen detailed and powerful formulations
for modeling both fish populations (Fournier et al., 2012; Methot and Wetzel, 2013) as

well as entire ecosystems (Christensen and Walters, 2004; Fulton et al., 2011).

Stock assessment models have traditionally been some of the most advanced and
complex models for their time in all of ecology (Bolker et al., 2013; Maunder and Piner,
2015), and are often some of the first to utilize or develop advancements in statistics
(McAllister and Ianelli, 1997; Punt and Hilborn, 1997) or modeling software (Fournier
et al., 2012). Basic stock assessments started with virtual population analysis (VPA;
Fry, 1949) and simple models such as surplus production models (Pella and Tomlinson,
1969), which used minimal data such as catch-at-age and often inferred age outside the
model using age-length keys. In recent decades a greater push has been made to using
integrated assessment models, which incorporate the processes of growth, reproduction,
natural mortality, and both fishery and survey selectivity into the model and can include
many different data types (Maunder and Punt, 2013). These models often combine age,
length, abundance indices, and catch data (among potentially other types) and use fairly
sophisticated likelihood and often weighted likelihoods to estimate the parameters of
the various sub-components of the model. Gadget is but one example of these types
of models (see section 3.2 below, Begley, 2012). Stock Synthesis 3 (SS3) is another
example (Methot and Wetzel, 2013). While the complexity of these approaches has
led to sophisticated models used to assess stocks and guide management of fishes it
can also lead to problems. Stock assessment models have been criticized as overly
complicated (Cotter et al., 2004), and the use of multiple data sets can lead to conflict
among sources of data (Francis, 2017). In addition, these models tend to be “data
hungry" (Geromont and Butterworth, 2015) often requiring large amounts of data across
lengthy time series. Of the data that are used in stock assessment models, composition

data (i.e. age data and/or individual (or mean) size such as length or weight) are arguably



1. Introduction

the most important and often some of the most expensive and intensive to collect (He
et al., 2016). Size data, which represent some aspect of body size in fish (i.e. length
or weight), are data that are relatively easy and inexpensive to collect. Regardless, for
collection of fishery-independent size data, standardized surveys must still be performed
(e.g. standardized trawl surveys), which can be quite intensive and costly. Once fish are
caught on trawl surveys there are usually many that can be relatively easily weighed
or measured for length. Age data, on the other hand, generally require preparation and
analysis of hard anatomical parts (i.e. otolith, scale, spine, etc.) to estimate age of fish,
which is a much more expensive and intensive endeavor relative to collecting size data.
Therefore, age data are generally lacking relative to size data. Paired length-at-age data
are important for determining growth of fish, so age data are generally taken as a subset

of length data from fish in a survey.

1.1 Definition of size as used in fisheries models

The term size-at-age is often used in context of fisheries models, but this can mean
different things. Size can be used to refer to either the length or weight of a fish. Length
is a measure of how long a fish is from anterior to posterior (measured in cm, mm, etc.).
There are generally three different types of length measurements (Froese and Pauly,
2017a): standard length (anterior tip to base of the caudal fin), total length (anterior tip
to the posterior end of the caudal fin), and fork length (anterior tip to the posterior end
of the middle caudal rays). Weight is a measure of the biomass of fish (in g, kg, tons,
etc.). In the case of composition data the terms size, weight, and length are used to refer
to the respective measurements on individual fish or as a group mean (e.g. mean length
at age 1). This is in contrast to, say, landings data from commercial catches which are
often reported as total landings in metric tons or hundreds of thousands of metric tons.

In this dissertation length and weight will be used to refer to the respective definitions



above. Size will be used to describe either length or weight ambiguously.

1.2 Importance of Composition Data in Stock As-

sessment Modeling

As mentioned above, stock assessment models rely on a number of disparate datasets
that work together to predict numbers, age, and growth of fish. These models are
often referred to as integrated assessment models due to the variety of data types that
are used (Maunder and Punt, 2013). Integrated assessment models typically are age-
and/or size-based and often rely on three types of data: commercial catch (or harvest),
indices of abundance, and either or both of size and age data (collectively referred
to as composition data). While catch and abundance data are useful for determining
overall trends of a stock, composition data is crucial for the estimation of growth (He
et al., 2016; Lorenzen, 2016), selectivity (Crone and Valero, 2014), and recruitment
(Maunder and Punt, 2013; Maunder and Piner, 2015). Growth is often estimated using
length-at-age in integrated assessment models, and the inclusion of paired age-length
data is essential for parameterization of this component of a model. The conversion
to weight can then be done either outside or inside the model using a length-weight
relationship, which requires paired length-weight data. Selectivity can be implemented
as either length- or age-based with age-based perhaps being more common. Gaining an
understanding of length-based selectivity requires use of length data for both harvested
fish and any fishery-independent surveys that are performed. Length distributions from
empirical data can be compared to those from the output of models and used as a
likelihood to inform selectivity in integrated assessments. Lastly, including composition
data is important for estimating recruitment especially in the case of time-varying

recruitment. Strong year classes of fish can often be detected in length distributions as
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the proportion of lengths in that cohort can be seen moving across years.

Integrated assessment models typically produce numbers of fish at certain ages and
length categories (Methot and Wetzel, 2013), but data on commercial catch are often
recorded as biomass of landings. For models to determine how many fish were harvested
in a particular year or timestep a translation has to be made from weight to numbers
at age and size. This is accomplished via one of two approaches: either 1) a length-
weight relationship and an age-length key or conditional-age-at-length (CAAL) data (i.e.
estimating a growth curve via paired age-length data Francis, 2016), or 2) empirically by
using mean size across either age or both age and year (Francis, 2016; Lorenzen, 2016).
While the empirical approach is still commonly used especially in data-rich scenarios
(Lorenzen, 2016), the growth curve approach is increasingly employed as it more closely
follows principles of the integrated assessment approach, which encourages the use
of raw data whenever possible (Maunder and Punt, 2013). Either of these approaches
require composition data; the empirical approach to estimate mean size-at-age outside
of the model, or the growth curve approach to allow the model to estimate growth
curve parameters internally. Some sort of data that is representative of size-at-age
are essential for a model to appropriately determine growth if it is to be estimated in
the model, which is recommended (Maunder and Punt, 2013; Francis et al., 2016).
There are three potential data types that are used to accomplish this: 1) CAAL data,
2) tagging data, and 3) length data (Francis et al., 2016). CAAL data are probably the
most common (Lorenzen, 2016), but some fisheries organisms, such as invertebrates
(i.e. crustaceans, cetaceans, and mollusks), lack the hard parts required for aging (i.e.
otoliths or scales Punt et al., 2013); therefore, growth estimation methods that use
tagging data or simply just length distributions have been developed (Basson et al.,
1988; Froese et al., 2018). In some instances growth can be determined from length
data alone, but this is dependent on life-history as year classes must be distinguishable

using length distributions. The presence of at least some CAAL data generally aids in



the estimation of parameters such as growth (Ono et al., 2015; He et al., 2016). CAAL
data provides a direct relationship between age and length, which are almost always
the arguments and outputs, respectively, of growth functions when they are estimated

within stock assessments.

Composition data are also important for accurately estimating parameters of the se-
lectivity function used in stock assessment models (Crone and Valero, 2014; Maunder
et al., 2014). Both CAAL data and length frequency data can aid in the estimation of se-
lectivity, and an understanding of selectivity is crucial to fitting correct stock assessment
models as it directly connects process to data in these models (Frater and Stefansson,
2019, 2020). For example, length data that are collected, either by fishery-independent
surveys or commercial fleet samples, have been sampled under selectivity. This imposes
a bias in the data themselves as shown in papers I and II in part II of this dissertation.
In other words, data that represents growth (i.e. length-at-age data) is altered by the
process of selectivity. Indeed, selectivity is the process that directly imposes bias
on length-at-age data (Sampson, 2014; Francis, 2016; Frater and Stefansson, 2019),
and in a similar way it imposes a direct distortion on model output which is used to
compare model to data. This is different, although tangentially related, to Rosa Lee’s
phenomenon (Taylor and Methot Jr, 2013). The integrated assessment model Gadget
assigns growth via one of several functions (Begley, 2012), but length proportions that
are compared to sampled data are biased by the selectivity functions that are placed on
the sampling fleets. Therefore, it is important to have a resolution of composition data
to specify correct growth curves, but also to properly specify selectivity in integrated

assessments as well.

Lastly, composition data can also indicate the strength of year classes across time, and
hence aid in the estimation of recruitment within models. Strong year classes can be
seen across length distributions as the lengths associated with a particularly strong year

class tend to dwarf the age classes around that class. These patterns may be detectable by
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length proportion likelihoods when fitting an integrated assessment model. Additionally,
age proportions will appear different across years that have particularly high recruitment
as there will be proportionally more individuals for a particular cohort that had high
recruitment. The signals in age proportions, similar to strong year class signals in length

distributions, should also aid in the fitting of integrated assessment models.

Given the above reasons for the importance of composition data in stock assessment
models it is generally agreed upon that at least some fishery-independent composition
data is beneficial for fitting these models accurately (Wetzel and Punt, 2011; Ono et al.,

2015).

1.3 Issues with Composition Data

While composition data are important for accurately fitting stock assessment models
they are not without issues (Francis, 2011; Maunder and Punt, 2013; Francis, 2017).
There exist four main problems with composition data: 1) selectivity bias, 2) data

conflict, 3) time-varying processes, and 4) cost of collection.

1.3.1 Selectivity Bias

All length data (including the length portion of CAAL data) are inherently biased by
the selectivity of the sampling process. This issue makes up a large portion of this
dissertation, and will be discussed in more detail in part II of this dissertation (papers I
and II). The central tenet of the premise of selectivity bias is that sampling inherently
skews the length distributions of a sampled age-class by unintentionally preferentially
selecting larger or smaller sizes than what is representative of the true length distribution
for that particular age (Sampson, 2014). Selectivity is the probability of sampling fish

of a certain size or age (either by a fishery or a scientific survey), and is a product of



three processes: contact selection, availability, and population selection (population
selection is the net effect of contact selection and availability two Sampson, 2014).
Contact selection is relatively straightforward — fish of a certain size are either caught
or not in fishing or sampling gear due to either size limitations (e.g., smaller fish swim
through nets or trawls of a certain mesh size, Somerton et al., 2011) or behavioral traits
(e.g., trawl avoidance, Handegard and Tjgstheim, 2005; Ryer, 2008). For example,
flatfish have a life-history predation strategy of burying themselves in sandy substrate
to ambush prey, which might make them less available to entry into a trawl net (Ryer,
2008). Availability is simply how available fish of a certain size are to fishing gear. As an
example, certain fish occupy different spatial areas throughout their life rendering them
unavailable to certain gear types at portions of their existence. Population selection is a
slightly more complex concept that can combine contact selection and availability and
often emerges at larger spatial scales as the result of fish of different sizes or ages using
different spatial areas or habitat types (Sampson and Scott, 2011). Sampson (2014)
showed that even in a fishery where all fleets imposed asymptotic selectivity on fish
the overall population selection was dome-shaped under certain fishing scenarios. This
phenomenon was due to different size or age classes utilizing different spatial areas in
the model. The entire effect of selectivity can be as simple as small fish passing through
the mesh sizes of a net or as complex as spatial disjointedness among sampling fish of
different ages interacting with the behavioral changes that come as fish age (Sampson
and Scott, 2011). Estimating both growth and selectivity, as is done in Gadget, can
potentially alleviate this to some degree, but the issue still persists in the data used by
the model and may cause misspecification in growth and/or selectivity as the two may

be confounded.
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1.3.2 Data Conflict

Another potential problem that can arise with the use of composition data is that of
conflicting information among the different types of data sources (Maunder et al.,
2017). Part of the issue with data-conflict has to do with model misspecification, which
can arise due to a lack of knowledge about certain processes (e.g. using asymptotic
selectivity when the true selectivity is dome-shaped or vice-versa Ichinokawa et al.,
2014). Since all models are just simplifications of reality and are inherently misspecified
there can exist conflicting information among different types of data sources (Maunder
and Piner, 2017) notably abundance indices and composition data (Francis, 2011; Lee
et al., 2014). For example, since both composition data and abundance data are used
in integrated assessment models, if one data type suggests a population trajectory that
is different than the other, then the two sources of data are conflicting. This can be
seen when one data type is best fitted with using a value of some important parameter
(for example, the parameter that estimates virgin recruitment), and another data set is
best fitted under a different value of that same important parameter (Francis, 2017).
The result of this is that different types of data can inform a model about the trajectory
of a stock in opposing directions, and one must then decide which data set to believe

(Francis, 2017).

1.3.3 Time-varying processes

Misspecification can also occur due to the difference between process and model
setup across time (Martell and Stewart, 2014). For example, growth, selectivity, and
recruitment all tend to vary across time (Sampson and Scott, 2012; Lorenzen, 2016;
Webber and Thorson, 2016), but many stock assessment models use constant functions
for the entire duration of the model. In paper III I show that growth of Atlantic cod

(Gadus morhua L.) in Icelandic waters does, in fact, vary across time as well as space.
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This is simply further evidence that time-varying processes are the rule rather than the
exception, and ignoring this variation could lead to model output that may or may not
be consistent with the true processes in nature. The issue of time-varying processes and
how composition data interacts with them has been at the forefront of many studies in
the literature as of late (Maunder et al., 2014, 2016), and many solutions to these issues
are being implemented in stock assessment models (Methot and Wetzel, 2013). Most of
these solutions incorporate either estimating separate values for annual parameters (as
in the case with time-varying recruitment in Gadget), or, as is becoming more common,
implementing semi-parametric methods that fit a main function with values that are
allowed to stray from the curve produced by the main function (Thorson and Taylor,

2014).

1.3.4 Collection of Composition Data

Lastly, composition data, especially those that are fishery-independent, can be time-
consuming and expensive to collect (Wallis and Flaaten, 2001), and fisheries-independent
data have not often been collected since the start of a fishery or, in many cases, began
after a fishery was already collapsed. There are many instances of either data-poor stock
assessments (Dowling et al., 2019; Prince and Hordyk, 2019), or even where fisheries
remain un-assessed altogether (Costello et al., 2012). The lack of composition data
in data-poor scenarios can lead to bias in fisheries models (Chen et al., 2003; Wetzel
and Punt, 2011; Ono et al., 2015), and while including some fisheries-independent
data is necessary, an appropriate amount of either age or length data for sufficiently
reducing bias is largely unknown. Given the cost of collecting such data it would be
useful to know how much composition data is needed for accurate and reliable biomass
estimates of a stock. Papers IV and V in part II of this dissertation attempts to gain
an understanding of what amount of both age and length data are necessary integrated

assessment models by performing simulations for three life history types.
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2 Objectives

The objectives of this Ph.D. project were to study causes and consequences of certain
issues relating to both age and length data used in fisheries models. Specifically, issues
relating to selectivity bias, spatiotemporally-varying growth, and the importance of age
and length data sample sizes in stock assessment models were assessed. The specific

objectives for individual papers, presented in part I of this dissertation, are as follows:

Paper I: Paul N. Frater and Gunnar Stefansson. 2019. Aspects of both
growth and selectivity affect growth parameter estimation bias.

Fisheries Research, 212:154-161.

The aim of this paper was to test which aspects of both the
process of growth in fishes and the effect of selectivity in
fisheries (or sampling) are most important in causing selectiv-
ity bias. This paper expands upon the concept of selectivity
bias to show that aspects of growth can feedback to induce or

enhance selectivity bias in length-at-age data.
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Paper II: Paul N. Frater and Gunnar Stefansson. 2020. Comparison and
evaluation of approaches aimed at correcting or reducing selec-
tivity bias in growth parameter estimates for fishes. Fisheries

Research, 225:105464

This paper presents a comparison of six selectivity bias cor-
rection methods for estimating growth parameters. This com-
parison uses a simulation study approach on three different
life-history types with both asymptotic and dome-shaped se-
lectivity to see what methods are most effective at reducing

bias in growth parameter estimates using length-at-age data.

Paper III:  Paul N. Frater, Birgir Hrafnkelsson, Bjarki Elvarsson, and Gunnar
Stefansson. 2019. Drivers of growth for Atlantic cod (Gadus
morhua L.) in Icelandic waters — a Bayesian approach to determine
spatiotemporal variation and its causes. Journal of Fish Biology,

95(2):401-410.

The aim of this study was to estimate growth parameters
of Atlantic cod (Gadus morhua) in Icelandic waters using
a Bayesian approach to determine the appropriate growth
model. This study looks at the effects of cohort, year, area,
and gender on growth of cod and seeks the most parsimonious
model in order to determine if growth is time- and/or space-
varying as well as if differences in growth exist between
genders. Additionally, parameters from the best fitting models

are correlated with potential drivers of growth in Atlantic cod.
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Paper IV:

Paper V:

Paul N. Frater and Gunnar Stefansson. Systematically testing

the relative importance of age and length composition data in an

integrated assessment model.

The objective of this paper was to determine what level of age
and length data are appropriate in order to accurately estimate
the biomass of a stock using a basic stock assessment model.
This study presents a systematic test using a simulation study
approach to determine how many samples of either age or
length data are required for different life-history strategies to

sufficiently reduce bias in stock assessment models.

Paul N. Frater and Gunnar Stefansson. Effects of reduced age

data on uncertainty estimates in an integrated assessment model.

This paper differs from paper IV above in that paper IV seeks
to determine sufficient composition data sample sizes for ac-
curate point estimates of stock assessment model parameters.
The objective of this study is to discover the effects of re-
duced composition data, specifically reduced age data, on
the uncertainty of parameter and biomass estimates in stock

assessment models.
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3 Methods

This section details the methods of study used throughout this dissertation. Most of the
papers listed in section 2 utilized a simulation study of some sort, and those simulations
were created contextually for the papers listed in section 2. These simulations generally
fall into two categories: 1) age-at-length simulations and 2) stock assessment simula-
tions, and are useful in the sense that true values for parameters or reference points are
known allowing a comparison of models to known values. Additionally, there are a
few examples of simulations that utilized actual data in this dissertation, which will be
referred to as data simulations. In these simulations true parameter values or reference
points are unknown, but examples can be illustrated with real data allowing for a more
realistic proof-of-concept. Lastly, one example of strict data analysis is included in

paper IIL.

3.1 Simulation Studies

A majority of the projects included in this dissertation relied on the use of simulation
studies. A simulation study is a method whereby a scientist or modeller uses the output
from one model-known as the operating model—as “data" for other models—known as
the estimation models (Rochet and Rice, 2009). This allows a flexible setup where an
endless variety of scenarios can be tested. Simulation studies are a useful abstract for

testing ideas or concepts in models as they allow direct comparison of model results to

17



known values from operating models. While the use of simulation studies is widespread
in fisheries their results must be interpreted cautiously as they are abstractions of
abstractions (i.e. model of a model) as opposed to abstractions of reality. Simulation
studies have been criticized for being unrealistic and overly simplistic, which are both

true (Rochet and Rice, 2009).

3.1.1 Age-length simulation studies

Papers I and II simulation studies were used to explore aspects of selectivity bias
on length-at-age data and possible corrections to this bias. The first of those papers
assessed the importance of both the process of selectivity and the process of growth on
the phenomenon of selectivity bias. Selectivity bias is a process that skews sampled

length-at-age data and is detailed more in papers I and II.

To study the effect of both growth and selectivity on selectivity bias a simple age

structured population was simulated as N, = Noe %%

where N, is the number at age
a and Ny is the number at age 0. Each individual at age a was assigned length [ as:
I, ~N(L(a),0,), where L(a) is the simple von Bertalanffy growth function (VBGF)

Ly = Loo(1 —exp(—k(a—1y))) and o, is a hockey stick function of age where:

a a<5
o, =

5 a>5
These lengths-at-age were then sampled with three different types of selectivity curves:
asymptotic, dome-shaped, and constant. The various parameters for the selectivity
functions and the VBGF parameters were altered both independently and simultaneously

and a VBGF fit to those samples. The asymptotic selectivity curve used was the logistic:
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1

SO = ot =1a))

where S(I) is the selectivity at length / and ranges between 0 and 1, « is the parameter
that controls steepness of the curve, and I5 is a horizontal scaling parameter that

controls the inflection point of the curve.

To sample lengths using dome-shaped selectivity the following function was used:

0= (=) (11 55)

where S(/) and [ are the same as in the logistic function and 17, 3, and Y are parameters
controlling the steepness and positioning of the domed curve. The constant selectivity

function was just a constant value of 1 (i.e. all data were used to fit VBGF parameters).

In this basic age-length simulation study the age structured population with assigned
length is the operating model, and the fitted VBGEF is the estimation model. Both the
OM and the EM were generated, sampled, and fitted in the R environment for statistical
computing (R Core Team, 2017) using the above equations. Further details are given in

papers I and II.

This approach was used in both papers I and II. In the first of these papers the various
parameters in the operating model were altered both independently and simultaneously
in an effort to understand which aspects of both growth and selectivity contribute to
selectivity bias in length-at-age data and the resulting VBGF parameter estimates in
the estimation model. In the latter of these two papers the parameters of the operating
model were altered to test how well a derived bias correction method was able to reverse

selectivity bias when fitting VBGF parameters.

In both cases the operating models were the same, but the output from them were used

in different ways to test different concepts illustrating the flexibility of using simulation
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studies to gain an understanding about a process. More detail about the methods is

given in papers I and II.

3.1.2 Stock assessment simulation studies

Papers IV and V both explored aspects of the importance of and issues with age and
length data within statistical catch-at-age models. The modeling software used for both

operating and estimation models in these studies was Gadget (see section 3.2 below).

In all the papers listed in this category of simulations studies three different life-history
types were used each with three different fishery development scenarios. The life-history
types were based on Atlantic cod (Gadus morhua), European plaice (Pleuronectes
platessa), and capelin (Mallotus villosus). These species exhibit different life history
strategies and represent a range of parameter values for the functions used to model
those processes. Additionally, they are all important species both commercially and

ecologically in Iceland.

The fishery development scenarios that were used in these stock assessment simulation
studies are three commonly used scenarios — fish down, flat MSY, and two way trip. The
fish down scenario represents a situation where fishing pressure on a stock increases
linearly throughout duration of time in the operating model. The flat MSY scenario is
one in which the fishing level that achieves maximum sustainable yield (Fyssy) for a
stock is employed throughout the duration of fishing in the model. The two way trip
scenario begins with increasing fishing pressure that is relieved at some point in the

model and decreases to Fj;sy.

Data for these stock assessment scenarios was taken from operating models generated
in Gadget, and the parameters used for operating models as well as sampling output is

detailed in the methods of papers IV and V.

20



3. Methods

3.2 Gadget

Gadget stands for the Globally Applicable area-Disaggregated General Ecosystem
Toolbox, and is a Unix-based modeling software geared towards statistically fitting
catch-at-age models. While it is set up well to perform single species stock assessments,
it is also flexible enough to fit multi-species models via trophic interactions. Gadget
is a forward simulation model that uses standard fisheries equations (e.g. Baranov
catch equation, various growth functions, Beverton-holt or Ricker recruitment, ef al.) to
simulate a stock (or stocks). Output from the stock(s) is then compared to data through
the inclusion of likelihood components, and a minimization of the sums-of-squares is
achieved via one of several algorithms. The total likelihood score is a weighted sum of
the individual likelihood components each of which compare output from the model to

a specific data type.

A Gadget model can be as simple as a single stock residing on a single area with one
commercial fleet, or as complex as multiple interacting stocks residing in any number

of areas where migration may or may not occur and with many different fleets.

3.3 gadgetSim—-an R package for Gadget simula-

tion studies

While Gadget is useful for modeling fisheries stocks it provides no capability for
visualizing or analyzing data, model output, or model fit. To this end Elvarsson and
Lentin (2018) created Rgadget, which is an R package for setting up Gadget models,
reading output, and visualizing and analyzing model results. This package is incredibly
useful for fitting models (including capability to implement the iterative re-weighting

approach of Stefansson (2003)) as well as obtaining uncertainty estimates using a spatial
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resampling bootstrap approach (Elvarsson et al., 2014). While this package is designed
for setting up and fitting models to data it is not well-suited for setting up operating
models or a large number of estimation models for use in a simulation study framework.
To this end I created an R package called gadgetSim (Frater, 2018b). This package is
an efficient suite of R functions that can easily set up stocks and fleets for an operating
model, sample output from operating models to use as data in estimation models, and
quickly create a large number of replicates across many different scenarios to which
testing is desired. This package complements Rgadget, which is constructed to fit
models and obtain uncertainty estimates, by creating a large number of Gadget models
across scenarios and replicates and using Rgadget to fit each replicate. gadgetSim also
contains functions to easily extract model output from across simulations to allow for
the analysis of a wide variety of models with multiple replicates and across scenarios.
gadgetSim would not be useful for setting up and fitting a Gadget model to real data
as would be done in a stock assessment, for example. Its niche is in the simulation
study framework. This is pertinent as there has recently been a call for more simulation
studies using the Gadget framework (Elvarsson et al., 2018). These simulation studies
will be important to understand the strengths and weaknesses of the model if it is to be

more widely used.

3.4 Data Simulations

Data simulations are wholly different than simulation studies in that real data are used
to illustrate or examine a concept or idea. For example, in paper V real data on Atlantic
cod (Gadus morhua) are used in a bootstrap approach to get uncertainty estimates for
model parameters, but in each scenario the amount of age data are reduced and the
distribution of parameter estimates assessed. The true values are not known, but an

illustration of how uncertainty estimates change with decreasing age data can be made.
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3. Methods

All else being equal the expectation would be that model parameters become less certain
(i.e. wider confidence intervals) with decreasing age data. This approach is somewhat
similar to a sensitivity analysis where model variables or assumptions are changed. In
this particular case, though, instead of changing model parameters it is the quantity of
data that is changing. More information about the specifics of this particular method

can be found in the Methods section of paper V.

The other example of a data simulation in this dissertation comes from paper II. Here
the selectivity bias correction method developed is employed on an actual stock as an

example of this method used on real data.

3.5 Data Analysis

There is one example in this dissertation of a paper that relies on traditional analysis
of actual data collected from real specimens. Paper III presents a Bayesian analysis
of spatio-temporal differences in growth of Atlantic cod (Gadus morhua) captured in
Icelandic waters. This study uses Markov chain Monte Carlo (MCMC) to fit a suite of
growth models to cod and determine if growth in cod varies by time, space, and gender.
Models are compared using deviance information criterion (DIC) to assess the best
fitting growth model to paired length-at-age data. These data were from 1960-2007
and were collected by the Icelandic Marine and Freshwater Research Institute as both

bi-annual standardized bottom trawl surveys or port samples from commercial landings.

The Bayesian models in this study fit a VBGF to paired age-length data, and models
that incorporated year, cohort, area, gender, and their combinations were compared
using DIC. For each model, VBGF parameters were fit to data specific to the time, area,
and gender subsets appropriate to each model. For example, a model that incorporated

year and area returned a posterior distribution for each VBGF parameter within each
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area in each year. This approach allows for fitting a number of different models that
look at various aspects of spatio-temporal growth, but still allow for easy comparison

among whole models to determine the one that obtains the best fit to the data.

A more detailed description of the data, models and model fitting that are used in this
study, including a description of the Bayesian posterior distribution, are given in the

Methods section of paper III.
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4. Results

4 Results

The overall results from papers [-V are summarized and presented in this chapter. The
results in this section are brief and much abridged. Each respective paper should be

consulted for more detailed results.

4.1 Issues with composition data

4.1.1 Interactions of growth and selectivity on sampling bias of length

data

The results from paper I indicates that composition data are rife with issues. Composi-
tion data are inherently biased to begin with from the effects of length-based sampling
selectivity, and the results from paper I indicate that this effect can be induced or en-
hanced based on not only the shape of the selectivity curve but also the life history
of the species being sampled. Life-history types with slower growth and greater over-
lap among age distributions tended to have more biased growth parameter estimates
(Fig. 4.1-4.2), and selectivity curves that ascended or descended through a distribution
of lengths at a particular age tended to bias length samples to a greater degree. However,
the greatest bias was shown in samples that had a large overlap in the distrbution of

lengths at different age groups along with a shallowly sloping curve (Fig. 4.3).
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Figure 4.1. Relative error (RE) of L. parameter estimates for the VBGF across a
range of values for different parameters. Error is compared to the known, true value.
Parameters are described in greater detail in table 6.1.

4.1.2 A comparison of bias correction methods

Paper II compared likelihood-based correction methods for reducing selectivity bias

when estimating growth curve parameters. Six methods are compared, and the one

that performed the best at correcting selectivity bias when estimating growth curves

of length-at-age data was that of Troynikov (1999, Fig. 4.4), which uses Bayes’ rule

to derive a likelihood equation to correct selectivity bias. The method of Schueller

et al. (2014) was a fairly close second to reducing the effect of selectivity on correct

estimation of growth curve parameters.
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Figure 4.2. This figure is the same as 4.1, but for estimates of the k parameter of the
VBGF.

4.1.3 Estimating spatiotemporal growth of Atlantic cod in Icelandic wa-

ters: Time-varying growth using age and length data

In paper 111, a Bayesian approach was used to estimate growth parameters for Atlantic
cod Gadus morhua. The best fitting model was that which incorporated both time and
space into the growth parameter estimates (Fig. 4.5), which showed that not only does
growth in Atlantic cod vary across time but that growth is different in spatial units of the
waters surrounding Iceland as well. Although entirely different than the issues presented
in subsections 4.1.1 and 4.1.2, the model results presented here reveal another issue
with composition data that must be dealt with; the problem of spatiotemporally-varying

growth.
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Figure 4.3. Error in growth parameters L (a,d), k (b,e), and ty (c,f) from simulations
with randomly chosen growth and selectivity variables for asymptotic selectivity
function (a-c) and dome-shaped selectivity function (d-f). Red dots are greater in value
while blue dots are lesser in value. “Doming" refers to the metric used to calculate the
level of doming in the gamma selectivity function. “Overlap" refers to the combined
amount of overlap among [ ength distributions from one age to the next. Data in the
figures are subset to exclude extreme outliers to better visualize general trends.

4.2 Importance of composition data

While section 4.1 illustrated some of the problems associated with composition data,
this section shows some of the results for how important composition data are for use in

integrated assessment fisheries models.
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Figure 4.4. von Bertalanffy values for young, mid-aged, and old fish (defined separately
for each life history) estimated using 7 different likelihood types for both A) asymptotic
and B) dome-shaped selectivity. The methods are described in more detail in paper 11,
but are as follows: 1) LO - no correction; LO No sel. — no correction, no selectivity; 2)
L1 — Fix ty, 3) L2 — remove small sample sizes; 4) L3 — remove small sample sizes and
fixty; 5) L4 — fix Le; 6) L5 — likelihood truncation method of (Schueller et al., 2014); 7)
L6 — selectivity inclusion method (Troynikov, 1999).
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Figure 4.5. Posterior distributions for the values of the k parameter in M10 - gender x
year x area where parameter values vary across time. Each panel represents a different
region around Iceland corresponding to the divisions shown in the map in Fig. 8.23.
This figure does not explain what is causing spatiotemporal variation and differences in
growth between gender; merely reflecting that it exists. The periods with no change in
parameter estimates across time and wide credible intervals are areas and years where
little to no data were available and posterior distributions took on the values of the
priors (e.g. Subdivision 113, 1960 — 1980).

4.2.1 Systematically testing the importance of age and length data

The results from paper IV showed that it is important to have at least some age and
length data present in integrated assessment models (Fig. 4.6); however, there is a point
when adding more composition data samples is no longer beneficial at reducing bias.
Bias was reduced within a single age data scenario when the sample size of length data
was increased, but the presence of at least 25-50 samples for both age and length data

seemed to reduce bias to an extent where further reduction in bias was not realized with
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Figure 4.6. Relative error for estimates of depletion across composition data sample
size scenarios and for various life-history and fishery development scenarios from
paper IV. Composition data scenarios are listed along the x-axis, and each level of age
sample size data are plotted as different colors.

increased sample sizes.

4.2.2 Importance of age data on uncertainty estimates in integrated as-

sessment

While paper IV indicated that adding composition data decreased bias in models up
to a certain point, the aim of this paper was to see how confidence intervals changed
with higher sample sizes of age data. Generally speaking confidence intervals narrowed
with higher sample sizes of age data (Fig. 4.7); however, this was not the case for some
life history types. In addition, the example of Atlantic cod in this study showed that

confidence intervals remained static for estimated number of fish across age data sample
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size, and that confidence intervals actually widened for biomass estimates in these same

models (Fig. 4.8).
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Figure 4.7. Point estimates and 95% confidence intervals (CI) of stock depletion in
bootstrapped models from paper V. Point estimates decrease with increased
composition data only up to a certain quantity of age data, but CI continues to decrease
with increasing age data for cod.
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Figure 4.8. Biomass point estimates and 95% confidence interval of bootstrapped cod
assessment models across time and for each age data sample size. The title at the top of
each panel represents the proportion by which the full age data sample size was
reduced.
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5. Conclusions

5 Conclusions

The studies that comprise this thesis show that there are many and variegated issues with
using composition data in fisheries models. As is shown in paper I, fish length data are
biased to begin with based on common sampling techniques alone. Additionally, as is
shown in that paper, the natural history of a fish species growth can potentially feedback
to induce or enhance this effect. Selectivity bias can cause a real and potentially drastic
bias on the fitting of growth curves to length-at-age data, which in turn can impact
calculations that use growth such as basic stock assessments or maximum sustainable

yield (MSY).

In addition to length data being inherently biased by sampling, the process of growth
itself can vary throughout time for various reasons. Paper III shows that the growth
of Atlantic cod growing in Iceland varies throughout both time and space. This is
mainly due to abundance and recruitment of cod, which impacted the L., parameter
of the VBGF. In years where greater cod biomass was landed by commercial fishing
a greater L. parameter was estimated. Similarly, cohorts that had higher estimates of
recruitment had greater estimated values of L., in the VBGF. The k parameter of the
VBGEF was largely affected by abundance and recruitment of capelin (a main source
of prey for cod). Years that had a high estimated SSB for capelin estimated a greater
k value for cod, which indicates faster growth at younger ages. Similarly, cohorts in
years where capelin SSB and recruitment were high had greater estimates of k. This
makes perfect biological sense as cod likely grow faster in years where prey forage

is abundant and highly available. Lastly, the 7o parameter of the VBGF was generally
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negatively correlated with sea surface temperature (SST) of waters surrounding Iceland,
which indicates that at warmer temperatures the length of age O fish will be slightly
greater than in years where water temperature is colder. It is likely that cod is not
unique in this regard and therefore reasonable to assume that other fish species exhibit
spatiotemporal variation in growth as well. This is of concern as many stock assessment
models used to estimate the status of stocks and determine harvest quotas are created
without spatial differences among fish stocks accounted for as well as using a single
growth model across time. It is advisable that time-varying growth should be considered

when performing stock assessment on this species.

Despite the issues surrounding composition data in fisheries models they are incredi-
bly important for accurate estimation of fish stock status and confidence about those
estimates. The results from paper IV indicate that having at least some age and length
data are essential for accurate estimation of biomass of fish in a stock. This is true up
to a point, beyond which, more data does not necessarily lead to more accurate point
estimates of model parameters. Additionally, the level of composition data at which
more data does not improve estimates seems to be different across life history types.
Capelin had greater bias in biomass, depletion, and parameter estimates at low levels of
composition data whereas flatfish had relatively little bias in those metrics at those same
levels. The cod life-history type fell somewhere in between. It seems that composition
data are more important for accurately fitting parameter and biomass estimates for fish

that are faster growing and have a higher overall natural mortality.

Even though more data does not seem to aid in accurately fitting point estimates past
a certain point, it does seem to have an influence on uncertainty estimates in some
scenarios. 95% confidence intervals (Cls) for both biomass and parameter estimates
became wider as age data was successively stripped in certain age data sample size
scenarios. It seems that including more age data may still be effective at tightening up

uncertainty estimates even though there may be negligent returns on the point estimation
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of parameters.

Even though issues still remain techniques have been and are being developed to remedy
at least some of the effects. The results in paper II reveal methods that perform well
at correcting growth parameter estimates using length data biased by selectivity. The
method presented by Troynikov (1999), which removes the effect of selectivity within
the likelihood itself, performed well at reducing bias in growth parameter estimates,
and a method similar to this is used to aid in correcting selectivity in the integrated
assessment model SS3 (A. Punt pers. comm). In addition, integrated assessment
models are being developed to incorporate temporal variation in growth. Advances
and continued research in this regard are important as future management of stocks
will likely depend ever-increasingly on composition data used in integrated assessment

models.
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Paul N. Frater! and Gunnar Stefdnsson!

!University of Iceland, Dunhaga 5, 107 Reykjavik, Iceland

Abstract
Selectivity curves for sampling size-at-age data are somewhat infamous for biasing
growth curve parameter estimates. However, aspects of growth itself can also
feed into this phenomenon and further increase bias into parameter estimates. We
performed a simulation study by producing size-at-age data under a variety of
growth curve parameter values and length-based selectivity curve parameter values
for two selectivity functions by altering parameters both independently and in
conjunction. In tests where parameters were altered one at a time the greatest
amount of bias in growth curve parameter estimates came from sampling the data
using dome-shaped selectivity. In addition, certain aspects of growth (namely
variance in size-at-age) enhanced the biasing effect of both dome-shaped and
asymptotic selectivity. When all parameters were altered together the greatest bias
occurred in instances where length distributions overlapped to a greater degree and
when asymptotic selectivity curves were more mildly sloped. We conclude that bias
in growth curve parameter estimates is a result of the statistical weighting of both

the probability of being a certain size at a given age and the probability of being
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captured at that size.

Keywords: growth; selectivity; selectivity bias; von Bertalanffy

6.1 Introduction

Growth is a fundamental process in fish biology, and having an understanding of
growth is essential to fisheries management (Lorenzen, 2016). Growth models are
used to convert numbers-at-age and numbers-at-length into weight and vice versa
within stock assessments (Begley, 2012; Maunder et al., 2016), to compute various
life-history invariants such as M (Pauly, 1980; Roff, 1984; Jensen, 1996), and even to
determine reference points for species management (Beverton and Holt, 1957; Deriso,
1987). Growth and body size has recently been shown to greatly influence reproductive
output for fishes generally (Barneche et al., 2018) and food web trophic dynamics
(Barneche and Allen, 2018). While it may seem a relatively straightforward task to gain
a solid understanding of growth in fish, estimating true parameters to arguably the most
common growth model, the von Bertalanffy growth function (VBGF), has proven to be
rather difficult (Pardo et al., 2013; Wilson et al., 2015). This difficulty can arise from a
number of factors such as aging error (Cope and Punt, 2007; Dortel et al., 2013) or the
often-observed correlation of parameters in the model (Ratkowsky, 1986), but a large
difficulty in obtaining true VBGF parameter estimates is due to size-based selectivity
in collecting the data, which imposes a bias on size-at-age data and hence parameter
estimates (Ricker, 1969; Goodyear, 1995; Gwinn et al., 2010; Sampson, 2014; Schueller
et al., 2014; Wilson et al., 2015).

Bias in growth data due to size-based selectivity occurs because of the selective sampling

of fish based on size rather than age' (Sampson, 2014). Since fish size is distributed

!Note that only sampling-induced bias is discussed here and not the impact of fishing mortality at length
or fishery-induced evolution
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around a mean for each age, and since selectivity curves are typically not constant, this
combination imposes a greater sampling of certain sized fish that depends on both the
shape of the selectivity curve, and the mean and variance of size-at-age. For example, a
selectivity curve that rises steeply through a length distribution of fish at a given age
will sample relatively more fish of a greater length within that particular age. In this
way, the frequency distribution that describes the sampled size of fish for a given age
can be thought of as the product of two functions (selectivity and the true size-at-age
frequency distribution) where selectivity weights the expected value and variance of the
true distribution hence biasing the data. Since the resulting data come from a distribution
that is the product of two processes (growth and selectivity), either of these processes
might be able to influence data collected from sampling gear. Given that either of these
processes could potentially bias size-at-age data it seems important to understand how
each of them impacts size-at-age data and, in turn, parameter estimates of the chosen

growth model.

This study is an assessment of the individual impacts of parameters from: 1) the VBGF
used to produce size-at-age, 2) an asymptotic selectivity function, and 3) a dome-shaped
selectivity function, on the estimation bias of VBGF parameters. For each parameter
in each of the above functions (i.e. growth, asymptotic selectivity, dome-shaped se-
lectivity) we tested the bias that is induced by that parameter across a range of values
by simulating length-at-age data, sampling it with the appropriate selectivity curve(s),
and estimating parameters of the VBGF. Parameters were altered independently with a
separate simulation run for each parameter being tested. In addition, we assessed the
interaction of growth and selectivity parameters on estimation bias of VBGF parameters
fit to length-at-age data sampled with a selectivity function by randomly assigning both
growth and selectivity parameters and comparing bias to overlap in length distributions
among age classes and the steepness of the selectivity function (asymptotic selectivity)

or relative area under the curve compared to all available selection space (dome-shaped
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selectivity).

6.2 Methods

To test the impact of the growth model and selectivity on estimation of the VBGF
parameters, we created simulations where the following procedure was performed at
each iteration: create a basic population, assign paired length-at-age data using the
VBGEF, sample the population using both selectivity types as well as full samples (i.e.
no selectivity), and estimate the VBGF parameters (i.e. L, k, fg) for each sampling
type. The “No Selectivity" scenario simply used all length-at-age data produced by the
population and growth simulation (i.e. a constant selectivity of 1). We performed this
same basic procedure across a range of values for each parameter in the growth function
as well as both selectivity functions. Populations in each simulation were created as age-
and length-structured with number-at-age calculated as: N, = 1000e(~024), We then
assigned length (i.e. sets of paired observations of length-at-age) using the VBGF for
mean length-at-age and a normal distribution with variance as a hockey-stick function
of age, which reasonably approximates the length distribution at age for many fishes

(pers. obs, using data from Icelandic fishes, Hafrannséknastofnun, 2018).

The basic calculations for a base case of paired length-at-age data was as follows:
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Lo, ~ N(L(Le, k,t0,a), 62)

Lo =100 (cm)
k=0.25 (yr 1)
to =—0.5 (yr)

where L(-) is the VBGF, and a is age from 1 to 10. However, for simulations that tested
the effects of growth parameters these values were used as central values and a range

above and below them were tested (Table 6.1).

To test how selectivity biased growth parameter estimates for both asymptotic and
dome-shaped selectivity we sampled the population simulated as described above using

both types of selectivity curves. For asymptotic selectivity we used the logistic function:

1

S() = 1 4+ e—(l=Is0)

where S is the level of selectivity, ranging from O to 1, for a particular length /, ¢ is
the steepness parameter for the ascending limb, and /5 is the inflection point of the

ascending limb.

To test dome-shaped selectivity the gamma selection function was used.

0= (i-g) =001 5)

where S and [ are as above, and 17, 8 and Y are parameters controlling the steepness and

doming of the selectivity curve.
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We tested parameters both independently and interactively by performing two types of
simulations: 1) altering a single parameter at a time while holding the others constant,
and 2) randomly assigning growth and selectivity parameters over a number of iterations

and then assessing bias. These simulations are described in greater detail below.

6.2.1 Independent Tests of Parameter Bias

For each of the parameters in the growth function and each of the selectivity functions a
vector of evenly spaced values was established (Table 6.1). At each respective parameter
value 100 replicate data sets of length-at-age were produced with N, number of fish
using the population structure and growth model with the growth parameters specified
in Table 6.1 (except when a given growth parameter was being altered in which case
a different value of that parameter was used at each iteration). For each parameter
tested, 100 replicate data sets were produced for a particular value within the range
according to the values found in Table 6.1 for that respective parameter while holding
all other parameter values constant at the base case values. To alter variance in length
distributions a scalar multiplier, ms, was used to scale values of o,, which either
increased or decreased variance in the simulated population. Within each iteration of
the simulations that tested for the effects of k, 7o, and ms sampling was performed using
both selectivity functions with parameter values of o = 0.15 and /59 = 30 for the logistic
selectivity function and 1 =5, B = 0.7, ¥ = 20 for the gamma selection function. The
simulations that tested bias across values of L., only sampled data using the asymptotic
selectivity function. It would not make sense to increase maximum length by increasing
L., and not update the selectivity function appropriately (i.e. we wanted to test the
effects of altering the L., parameter relative to an appropriate selectivity — not against a
single selectivity curve). This could be achieved easily with the asymptotic selectivity
function but not by the dome-shaped selectivity function. Therefore, we only used

asymptotic selectivity when altering values of L. and used an /5y value of half the L.
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value used to produce length-at-age data for a particular iteration.

Table 6.1. Parameters and range of values tested as well as the base case values that
were held constant while testing other parameters. The first four are VBGF parameters
where mg refers to the scalar multiplier that 6, was multiplied by. Asymptotic and
dome-shaped in the Function column refers to the type of selectivity whereas growth
refers to the VBGF

Parameter Function Lower Upper Interval Base Case Value
L. Growth 50 150 1 100

k Growth 0.01 0.5 0.01 0.25

to Growth 2 0 0.02 -0.5

Mg Growth 0.05 5 0.05 1

oy Asymptotic  0.01 1 0.01 0.15

Iso Asymptotic 0 80 1 30

n Dome-shaped 2 8 0.06 5

B Dome-shaped 0.1 1.1 0.01 0.7

Y Dome-shaped 10 30 0.2 20

At each parameter value ranging from the lower to the upper limit 100 datasets of paired
length-at-age data were produced and VBGF parameters estimated by minimizing
the negative log-likelihood (NLL) of the VBGF function. NLL was fit using paired
length-at-age observations from both un-sampled data as well as data sampled with
asymptotic and dome-shaped selectivity (except for the scenarios that ranged in Le,
which selected data only with asymptotic selectivity). Only the parameters of L., k,
and #y were estimated in these simulations. o, was assumed known and was set to the

observed variance of length values for each age in the likelihood function.

To assess bias in both L., and k£ we calculated relative error RE of the estimated

parameter:

where 6 is the true parameter value and  is the estimated parameter value.

In order to avoid confusion with interpretation of the #) parameter (since it largely has
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negative values) we used absolute error to assess bias:

A

Error = (6 — 0)

1o is generally a negative parameter and is almost always close to 0, so using absolute

error should not cause issues with interpretation but will aid in the discussion of such.

6.2.2 Interactive Tests of Parameter Bias

To test how parameters interactively induced bias into length-at-age data and in turn
affected growth parameter estimates we performed simulations using the same pop-
ulation, growth, and sampling structure as above, but randomizing the growth and
selectivity parameters at each of 10,000 iterations and estimating VBGF parameters
on the data sampled with selectivity. Randomized parameter values were sampled
independently from the same range of values used in the independent tests (Table 6.1)
with the exception of mgs, which was reduced to an upper maximum of 3 to ensure
that the variance in length-at-age was not unrealistically large at low values of L... In
addition, we fixed g to O to ensure that lengths were lower at younger ages (e.g. a
greatly negative fy along with a high k produces fish that are essentially at L., at age 0).
We again computed error values for the VBGF parameters, but instead of comparing
directly to the parameter values themselves we used the following metrics to assess
both the length-at-age distributions and the overall shape of selectivity curves. To get a
general metric that indicated degree of overlap in length-at-age distributions within a
simulated age-length structured population at each iteration we used the overlapping
coefficient for probability distributions by comparing the probability distribution of
lengths from one age to the next (i.e. 1 to 2, 2 to 3, etc.) and summed overlapping

coefficients across ages as follows:
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A—1 (oo
0= Y, [ minlfu(t.a). full.a+ 1)l
a=17"%°

fL(l,a) =

1 < (l—L(Lm,k,to,a))2>
exp | — 5
V2no, 20;

where O; is the total overlapping coefficient for iteration i, lengths / are normally
distributed around a mean determined by the VBGF (L(-)) and variance 62 for ages a
in 1 through A. Therefore, all else being equal, a population with greater variance in the
length-at-age distributions will have a higher total overlapping coefficient. The same

would likely be true for slow growing fishes with a lower k in the VBGFE.

To obtain a general metric for how the asymptotic selectivity function passed through
the length-at-age distributions in each iteration we simply took the derivative of the
logistic function at the mean length within each age (determined by the VBGF in that
iteration) and recorded the steepest slope that occurred at the mean length within any

age.

d —maxi :
masi = a1 | T+ exp(—ai(ly —Iso,))

where d,;. is the maximum derivative in each iteration i of the logistic selectivity
function found among mean length [ at age a for all ages A produced by the VBGF in

iteration i.

To understand how the overall level of doming affected VBGF parameter estimation
bias we created a metric that assessed how steeply domed the gamma function was
for an iteration by dividing the area under the dome-shaped selectivity curve by the
total possible area that the selectivity curve could occupy and taking the inverse of this

number as follows:
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where [ is length and 1, 8, and y are the parameters for the gamma selectivity function

Doming; =

at iteration i. We set the upper limit of the definite integral to 200 as the probability of a
fish obtaining this length essentially becomes O even at the highest L., and ms. While
there are potential issues with this metric of doming such as curves with very different
shapes having a similar area, all of our selectivity functions were required to have a
maximum value of 1 at some point along the curve. Therefore, a smaller doming value
will generally be indicative of a curve that is not very steeply domed, whereas greater
doming values will generally be indicative of a steeply domed selectivity curve in this

study.

We compared the VBGF parameter estimation bias by plotting the error values for
each estimated parameter against both O and either d,,,,, (for asymptotic selectivty) or
Doming (for dome-shaped selectivity). All simulations and analyses were performed in

R3.4.3 (R Core Team, 2017).

6.3 Results

6.3.1 Effects of Parameters Used to Simulate Growth

In general, growth parameters used to produce length-at-age data did not greatly alter
VBGEF parameter estimates (Figs. 6.9—6.11). Some exceptions to this were along the
range of L, used to produce length-at-age, which underestimated L., and overestimated
k. Estimates of #) were positively biased at lower values of L., but this decreased with

increasing L. and became negatively biased at high values of L.
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In addition, L., and k showed consistent bias across values of 1y when the VBGF was
fit to data sampled with dome-shaped selectivity (Figs. 6.9-6.10, panel for fy). L. was
consistently underestimated across values of 7y in the scenarios sampled with dome-
shaped selectivity, and k was overestimated in these scenarios and across values of #

but becoming slightly less so as fy approached 0.

Higher values of m resulted in increased bias of all parameters (mq panel in Figs. 6.9—
6.11). This bias was much greater under dome-shaped selectivity, but was also apparent
for asymptotic selectivity, especially in estimates of 7y. Additionally, the error in pa-
rameter estimates increased multiplicatively with ms when there was no selectivity, but
not in a single direction per se. The effect of ms on estimation bias of all parameters
was most apparent with dome-shaped selectivity, where increasing variance (mediated
through increased m) seemed to have an exponential effect on parameter estimation
bias. At high values of ms the dome-shaped selectivity curve consistently underesti-
mated L., and overestimated k. 7y also tended to be more positively biased with greater
mg. The asymptotic curve resulted in relatively less bias at high values of ms compared
to dome-shaped selectivity especially for L., and &, but did cause some bias in the

estimation of 7y especially at the mid-ranges of mg.

6.3.2 Effects of Asymptotic Selectivity

Data sampled under asymptotic selectivity did not produce much bias in the VBGF
parameter estimates relative to dome-shaped selectivity. The most noticeable exceptions
to this were in the k and ¢y parameters where increasing « in the logistic function
biased estimation of both of these parameters (Figs. 6.10-6.11). Parameters estimated
with data sampled from asymptotic selectivity under different values of /5o remained
relatively unbiased until values of /5o became greater than about 40, which resulted in

an exponential increase in bias for all parameters (Fig. 6.9-6.11). This particular value
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of 40 for I5 is of relatively little importance as the bias induced by this parameter would

vary with the life-history and growth of the organism being sampled.

6.3.3 Effects of Dome-shaped Selectivity

The effect of dome-shaped selectivity across parameter values in the gamma selectivity
function biased some VBGF parameter estimates, but not all (Figs. 6.9—6.11; bottom
tier of panels). Lower values of 7 in the gamma selectivity function resulted in underes-
timated L., (Fig. 6.9), whereas the bias for estimated #y was fairly close to 0 at lower
values of 7, but increased with increasing 1 (Fig. 6.11). Certain values of 8 resulted in
high bias of both L., and k estimates with the greatest amount of bias being between 3
values of roughly 0.15-0.5. These values of 3 resulted in a hump- or U-shaped trend
depending on the VBGF parameter assessed. Estimates of 7y also had some bias when
fit to data sampled at these same levels of 3, but bias was less consistent. ¥ produced
bias in VBGF parameter estimates similarly to the upper values for  in the gamma
selectivity function, which makes sense as these parameters are simply factors of one

another.

6.3.4 Interactive Effects of Parameters

In the simulations that randomly assigned parameter values for both growth and selec-
tivity processes there was a general trend in bias for all estimated parameters where
error increased steeply at the highest levels of overlap in the length-at-age distributions
(Fig. 6.12). Under asymptotic selectivity the estimates with the greatest error also
tended to occur at lower levels of d,,,,,, which would be indicative of a more gradually
sloping selectivity curve. For dome-shaped selectivity there did not seem to be a single,

consistent trend among doming and bias for any parameter.
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Figure 6.9. Relative error of L for different values of growth and selectivity
parameters and using data under either asymptotic or dome-shaped selectivity or using
all data (i.e. no selectivity). L, k, and ty are parameters used in the VBGE, mg is the
scalar multiplier applied to variance in length-at-age, o. and lsy are parameters in the
logistic selectivity function, and 1M, B, and 'y are parameters used in the gamma
selectivity function. The dashed horizontal line at 0 indicates no bias. The solid lines
showing trend in each sampling type is a GAM-smoothed line produced by
geom_smooth () in the ggplot2 package in R. mg refers to the scalar value used to
multiply the vector of variance values.

6.4 Discussion

This study illustrates that size-based selectivity indeed biases parameter estimates of
growth models (Ricker, 1969; Sampson, 2014), but the factors leading to that bias are
more intricate than perhaps previously assumed (Ricker, 1969; Thorson and Simpfendor-
fer, 2009; Sampson, 2014). These findings show that biases in growth parameter es-
timates due to size-based selectivity depends not only on the shape of the selectivity
function (Thorson and Simpfendorfer, 2009; Schueller et al., 2014), but also partially

on growth processes as well. For instance, greater values of m resulted in greater bias
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Figure 6.10. Relative error of k for different values of growth and selectivity
parameters. Panels, x-axes, and scenarios are the same as Fig. 6.9.

in all VBGF parameters that were estimated using data sampled under dome-shaped
selectivity (i.e. a greater variance in length-at-age led to greater bias for each parameter
— either positive or negative depending on the parameter). This could be an important
factor when estimating growth in fish that have high variance in size-at-age such as
longer-lived fishes that tend to grow slower and have greater overlap in size among ages
(Bowker, 1995). Similarly, Hulson and Hanselman (2014) found that uncertainty and
bias in the parameter estimates of stock assessments differed among life history types
even when the same selectivity functions were used. Differences in the variation of

size-at-age distributions among life-histories may perhaps be a reason for that.

Different values of L., also biased estimates of VBGF parameters when using data
sampled with an asymptotic selectivity curve. This could be an issue related to the
cumulative effect of mortality across age resulting in fewer numbers of sampled fish at

older ages, which could cause difficulties in estimation of L.. However, bias existed
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Figure 6.11. Absolute error of ty for different values of growth and selectivity
parameters. Panels, x-axes, and scenarios are the same as Fig. 6.9

for both k and 7y as well across different values of L., used to simulate length-at-age.
Parameters of the VBGF are notorious for being highly correlated, and the functions
used in this study are no exception to that. It is possible that higher values of L., caused
fewer young fish to be sampled as we also increased « in the asymptotic selectivity
function in proportion to L.. This could make #; ill-defined and in turn may cause
problems for the estimation of L. and k. The /5y parameter in the logistic selectivity
function was altered on a sliding scale proportional to L. in these simulations, so the

phenomenon of an ill-defined #; is certainly possible.

The only other growth parameter that seemed to bias parameter estimates of the VBGF
was fo. This, however, is more likely an artifact of dome-shaped selectivity itself rather
than the impact of different values of 7y. The underestimation of L., and overestimation
of k across different values of #y both make sense when thinking about the statistical

properties of the dome-shaped selectivity function (Hulson and Hanselman, 2014). On
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Figure 6.12. Error in growth parameters L. (a,d), k (b,e), and to (c,f) from simulations
with randomly chosen growth and selectivity variables for asymptotic selectivity
function (a-c) and dome-shaped selectivity function (d-f). “Doming" refers to the
metric used to calculate the level of doming in the gamma selectivity function.
“Overlap" refers to the combined amount of overlap among length distributions from one
age to the next. Data in the figures are subset to exclude extreme outliers to better
visualize general trends.

the ascending portion of the selectivity curve a relatively greater number of fish at
higher than mean length-at-age will be selected (Sampson, 2014), which will increase
the expected mean length for that age in the sampled data and bias estimates of k upward.
This translates into greater estimates of the growth coefficient k. On the descending
limb a relatively greater number of fish lower than mean length-at-age will be selected,
which translates into a lower estimated L., parameter. These respective influences will
become greater as the ascending and descending limbs become steeper if they pass
through the bulk of the distribution of size-at-age. While some may attribute this bias to

correlation in the growth function parameters it should be noted that this consistent bias
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of L. and k only occurred under dome-shaped selectivity, while the optimization using

an asymptotic sampling scheme maintained relatively unbiased across values of #;.

Among the bias introduced by different values of parameters for the selectivity curves,
asymptotic selectivity seemed to produce the least amount of bias overall. The biased
estimates of both k and #p with increasing values for o makes sense as a steeper
selectivity curve will result in a lower probability of selection at the smallest ages and
lengths and fewer of those fish being sampled. This in turn will cause #( to be estimated
at lower (i.e. more negative) values which will increase the height of the curve at age
0. A lower value of #( translates to a greater value for size at age 0 and forces the
k parameter to correspondingly decrease as the curve no longer needs to increase as
rapidly to obtain the appropriate L., value. ¢ alone caused bias in VBGF parameter
estimates, but if we altered values for both & and /5y we might see strong bias for a
particular size-at-age distribution where steep values for & pass through the middle of
that distribution. The /5y parameter, on the other hand, introduced very little bias below
values of about 40. At values of Isy < 40 all parameters began showing an exponential
trend in bias. This is not entirely surprising as the L., value used to produce size-at-age
data was 100. As I5q approaches this value the number of smaller fish sampled decreases,

which correspondingly introduces increasingly greater bias.

Dome-shaped selectivity seemed to, by and large, introduce the greatest amount of
bias into the estimation of VBGF parameters in the independent tests. This was true
for all estimated parameters of the VBGF (i.e. L., k, and #y) and across parts of the
range for each parameter in the gamma selectivity function (i.e. 17, B, and 7). This is
consistent with other findings that bias induced by dome-shaped selectivity is often more
complicated than that of asymptotic selectivity (Hulson and Hanselman, 2014; Francis,
2016) and introduces greater bias into parameter estimates of not just growth but stock
assessment parameter estimates in general (Catalano and Allen, 2010). Dome-shaped

selectivity did not seem to produce much bias in the interactive tests. This is surprising
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given the results of the independent tests where dome-shaped selectivity produced the
greatest amount of bias on growth curve estimation. This is perhaps a result of our

doming metric, which we discuss below.

Parameters of the dome-shaped selectivity function can be generalized into two classes:
horizontal shifting (1) and dome-control (8 and 7). The 1 parameter of the gamma
selectivity function tends to control how far left or right the whole shape of the curve
moves. At first glance it may seem that the 8 and y parameter produced drastically
different estimation biases, but when viewing the abscissa and ordinates of Figs. 6.9—
6.11 notice that these two parameters actually produce quite similar results. 1 and y
are factors of each other in the gamma selectivity function and with lower values of y
we would likely see the curvilinear response of greater bias and then error values back
towards the true VBGF parameters (but with greater variance in estimates) as seen in
B. Therefore, the effects of 1, 3, and v all biased VBGF parameter estimates quite
similarly. Lower values of the parameters for the gamma selectivity function can be
thought of as causing more of a dome-shape in the selectivity function (i.e. steeper
ascending and descending limbs). Therefore, it is no surprise that estimation of VBGF
parameters using data sampled at these levels induced the greatest estimation bias. A
highly domed curve will result in little data sampled at both the lower and upper sizes
with the chance for greatly altered size distributions in the sampled data due to the
steepness in the ascending and descending portions of the curve (Sinclair et al., 2002a;

Sampson, 2014).

While many of the parameters of both growth and selectivity processes seemed to
cause at least some bias when tested independently, the collective metric of overlap
seemed to produce the greatest amount of bias when testing estimation bias interactively.
Error in all parameters increased consistently with greater overlap among length-at-age
distributions. A greater overlap in the distributions of length-at-age could be caused by

a number of parameter combinations that produce the age-length structured populations
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used in these simulations, but would most likely be affected greatest by variance in
length-at-age and the k parameter of the VBGF. An increased variance in the length-at-
age distributions would directly result in a higher overlap value with all other parameters
held constant, but a lower k could also have a similar effect as it would only increase the
mean length-at-age by a relatively small amount each year. This impact of k on overlap

would depend on variance in the length-at-age distributions as well.

Interestingly, some of the most biased parameter estimates were obtained with parameter
combinations that had only gradually increasing slopes as indicated by a lower d,,,,,. We
would have predicted the opposite; that steeper slopes passing through a length-at-age
distribution result in more biased data. The result of greater bias at lower dj,,,y is likely
due to the fact that an asymptotic selectivity curve that is shallower will pass through a
greater number of length distributions representing different ages and will bias the data
from multiple ages as opposed to a sharply sloping asymptotic curve which would most
likely only pass through a length distribution for a single age and only biasing length

data for that particular age.

Also somewhat surprising was that the level of doming did not cause much of an esti-
mation bias in the interactive estimates of VBGF parameters. Based on the independent
tests it might have been assumed that doming to a greater degree would bias parameter
estimates to a greater degree. There was not an obvious trend of this in the interactive
tests sampled with the dome-shaped selectivity, though. It is possible that our metric to
detect level of doming is not accurate, but it seems intuitive that a more steeply domed
curve will produce a smaller area relative to the possible overall space of selectivity —
all else being held equal, which it was. It would not be pragmatic to only look at the
derivative of the ascending limb of a dome-shaped selectivity curve as the steepness
of the descending limb also produces bias. Perhaps a better metric for doming would
reveal a greater biasing effect, but we did not endeavor to undertake such a venture in

this particular study.
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Our study does not include the effects of measurement error on the bias of length-at-
age data. Aging error in particular has been shown to have a large impact on both
growth curves and stock assessment models (Reeves, 2003; Cope and Punt, 2007). An
interesting avenue to pursue this research further would be to study the effects of aging
error in combination with various growth and selectivity parameters to see if the bias
from one particular aspect outweighs the others. It is possible that the bias from one
aspect of either growth, selectivity, or measurement error completely outweighs the bias
from all other sources in which case improvements to that particular component should
be made first. Alternatively, it is possible that all processes may equally or interactively
bias length-at-age data in which case the path forward to a corrective solution becomes

quite a bit more difficult.

Conclusions

We found a biasing effect on the parameter estimation of the VBGF both for some
aspects used to simulate growth as well as some parameters used to compute selectivity.
Parameters of asymptotic selectivity contributed to growth parameter estimation bias
less so than dome-shaped selectivity, but this is dependent on how the asymptotic
selectivity curve passes through size-at-age distributions. All parameters of dome-
shaped selectivity consistently introduced bias into growth parameter estimates and
seemed to do so to a greater extent for independent parameter tests when the selectivity
curve was highly domed with steep ascending and descending limbs, but this trend
was not detected when parameters were tested interactively. The overlap in length
distributions among ages had the most consistent biasing effect when parameters were
tested interactively. These results could potentially be used to structure species-specific
surveys if growth and size distributions are known well. Our recommendations for
reducing the bias in growth parameter estimation due to size-based selectivity would
be to: 1) alleviate doming as much as possible, 2) attempt to maintain a constant

(i.e. flat) selectivity curve (which is unlikely to happen), and 3) structure survey gear
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in a species-specific manner such that the selectivity gear passes steeply in between
size distributions of two distinct ages thereby minimizing the weighting impact that
selectivity will have on sampled size-at-age. This will not be feasible for all species as
the variance in size-at-age for some species will cause these distributions to overlap to
a large extent. While we would like to offer solutions to improve growth estimation
either for stock assessment or management purposes we conclude by stating that once
size data are biased by some combination of the growth and selectivity processes it is
rather difficult to correct those data. The scope of this paper was namely to illustrate
that selectivity-based bias in size-at-age data is not a problem of selectivity alone, but
rather a collective process of the shape of a selectivity curve as well as how size-at-age

is distributed across ages.
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Abstract

Several techniques have been proposed and tested to alleviate the common problem
of selectivity bias in fish size-at-age data used for fitting growth models. Many
of these techniques have not been directly compared to each other, though. Here,
we test six methods for correcting selectivity bias in fish growth models using two
selectivity shapes and across three life history types. We also include an example
of fitted growth curve parameters from each method using data on Atlantic cod
(Gadus morhua L.) from standardized surveys in the waters surrounding Iceland.
Lastly, we present simulations that incorporate three types of misspecification on

each method, selectivity type, and life-history strategy to discern the impacts of
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incorrect assumptions stemming from each method.

Age structured populations are simulated, and the basic von Bertalanfty growth
curve is used as the mean to assign normally-distributed length-at-age data which
are sampled under two selectivity shapes. Growth parameters are then estimated
using these data for each of six bias-correction methods. In general, likelihood-
based bias-correction methods resulted in growth parameter estimates that are closer
to true values used as well as more similar to parameter estimates derived from
data sampled with no selectivity. The method introduced by Troynikov (1999)
performed best for both simulation and misspecification scenarios. This result is

true of both dome-shaped and asymptotic selectivity as well as across life-history

types.

Keywords: selectivity bias; growth; bias-correction; likelihood; von Bertalanffy; age-

length data

7.1 Introduction

Understanding the growth of fishes is important for fisheries biology, stock assessment
(Maunder et al., 2016), and management of species (Lorenzen and Enberg, 2002;
Lorenzen, 2016). Applications of growth curves range from as basic as having a
simple biological understanding of the life-history of fish species to as sophisticated
as determining appropriate size-at-age within integrated assessment models (Francis,
2016). Growth of a fish species relates to everything from natural mortality (Pauly,
1980; Gislason et al., 2010) to the shape of maturity ogives (Roff, 1984; Jensen, 1996)
to reference points for the management of a species (Beverton and Holt, 1957; Deriso,
1987). Despite the importance of having a solid understanding of growth and how
it relates to fisheries research and management it can nonetheless be assumed that

our knowledge of growth for any given fish species is imperfect even in data-rich
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scenarios. There are several reasons for having an incomplete understanding of growth
such as: time-varying growth (Lorenzen, 2016; Thorson and Minte-Vera, 2016), growth
variability among individuals (de Zarate and Babcock, 2016; Webber and Thorson,
2016), and gear selectivity from sampling or commercial harvest of fish (Sampson,

2014; Schueller et al., 2014).

Of these impediments to gaining a complete understanding of growth in fishes, length-
based selectivity is the process that directly places a sampling bias on subjects (Fig. 7.13,
Sampson, 2014; Francis, 2016). Selectivity is the probability of sampling fish of a
certain size or age (either by a fishery or a scientific survey), and is a product of three
processes: contact selection, availability, and population selection, which is the net
effect of the former two (Sampson, 2014). Contact selection is relatively straightforward
— fish of a certain size are either caught or not in fishing or sampling gear due to
either size limitations (e.g., smaller fish swim through nets or trawls of a certain mesh
size, Somerton et al., 2011) or behavioral traits (e.g., trawl avoidance, Handegard and
Tjgstheim, 2005; Ryer, 2008). For example, flatfish have a life-history predation strategy
of burying themselves in sandy substrate to ambush prey, which might make them less
available to entry into a trawl net (Ryer, 2008). Availability is simply how available fish
of a certain size are to fishing gear. As an example, certain fish occupy different spatial
areas throughout their life rendering them unavailable to certain gear types at durations
of their existence. Population selection is a slightly more complex concept that can
combine contact selection and availability and often emerges at larger spatial scales
as the result of fish of different sizes or ages using different spatial areas or habitat
types (Sampson and Scott, 2011). Sampson (2014) showed that even in a fishery where
all fleets imposed asymptotic selectivity on fish the overall population selection was
dome-shaped under certain fishing scenarios. This phenomenon was due to different

size or age classes utilizing different spatial areas in the model.

The above processes may interact together to form an overall selection (for either
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Figure 7.13. Diagram illustrating the biasing effect of selectivity on length-at-age
distributions for asymptotic selectivity and dome-shaped selectivity. The true
length-at-age distribution is shown in green. The sampled length-at-age distribution
appears in red and is biased by the selectivity curve shown here in blue. Dashed
vertical lines indicate the mean of the respective distributions.

commercial fishing or surveys) for a particular fishery, and this selection imposes a
bias on growth data (Sampson, 2014). In size-based asymptotic selectivity curves, the
smallest fish (which tend to be the youngest age-classes) are typically underrepresented,
and those age classes with a size distribution corresponding to the steepest part of the
selection curve will have a sampled mean length greater than the population mean
length as proportionally more fish of a larger size will be sampled in those respective

age-classes (Ricker, 1969; Gwinn et al., 2010; Wilson et al., 2015).

A similar but opposite phenomenon occurs with the largest (and typically oldest) fish
with dome-shaped, length-based selectivity. Longer fish sampled under the descending
limb of a dome-shaped size-based selectivity curve tend to have a mean length lower
than the population mean (for that age class) as proportionally more fish of a smaller
size in these length distributions will be sampled (Taylor et al., 2005). The very nature
of size-based selectivity curves creates a statistical sampling bias which, as is shown

below, can be corrected for in the likelihood function used for estimation of the growth
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parameters for a particular set of data if the size-based selectivity function is known.

Several methods exist to attempt to correct for selectivity-biased growth data (Troynikov,
1999; Troynikov and Koopman, 2009; Gwinn et al., 2010; Schueller et al., 2014; Wilson
etal., 2015), but a direct comparison of these methods is lacking (see Gwinn et al., 2010,
for the most comprehensive comparison to date). Correction or reduction of selectivity
bias generally falls into one (or more) of three categories: 1) fixing parameters of the
growth function, 2) removing poorly sampled data, or 3) altering the likelihood function

of the growth model to account for selectivity or poorly sampled data.

Methods from these three categories of selectivity bias-correction have not been tested
simultaneously. Gwinn et al. (2010) presented an evaluation of four methods for
reducing selectivity bias on fitted growth curve parameters. All of the methods tested by
Gwinn et al. (2010) were in the first and/or second type described above (i.e., removing
poorly sampled data or fixing growth curve parameters, respectively). These four
methods were: 1) fix the #y parameter of the VBGF to 0, 2) remove poorly sampled data,
3) combine options 1 and 2, and 4) fix the L., parameter of the VBGF to the maximum
observed length. Gwinn et al. (2010) found that none of these methods completely
eliminated the effect of selectivity bias. Schueller et al. (2014) introduced a method
based on McGarvey and Fowler (2002) that adjusts the probability of length-at-age
by how well a length is thought to be sampled (i.e., the normal probability is divided
by the definite integral of the normal where the upper and lower limits are chosen
cutoff lengths). Troynikov (1999) used Bayes’ theorem to derive a likelihood function
that incorporates selectivity into growth curve parameter estimates by multiplying the
probability of length-at-age by the selectivity and dividing this by its integral across all
lengths. The method of Schueller et al. (2014) is actually a special case of the Troynikov
(1999) method when selectivity is uniform over a specified range. This paper directly
compares the above methods using three life-history types and across three sample size

scenarios. We provide a short background on the statistical aspects of selectivity bias
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below, but do not delve into the details of all methods described above as they may
be found in the respective references. Basic likelihood descriptions and references are

found in Table 7.2.

Our objectives for this study were to: 1) compare the performance of published selec-
tivity bias-correction methods across life-history types, 2) assess the performance of
these methods under misspecification scenarios, and 3) provide an example of these

bias-correction likelihood methods using data from an actual stock.
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7.2 Methods

7.2.1 Description of established selectivity bias-correction likelihood meth-

ods

The methods that fall into both type 1 and type 2 (as described above and in Table 7.2)
utilize the regular likelihood that would be used if no selectivity bias-correction was
being sought. In the present study this is the normal p.d.f. Both L1 and L4 are not
statistically consistent with the other methods as a parameter is fixed in each of these

methods.

The likelihood types which remove poorly sampled data (i.e., type 2 — methods L2 and
L3) simply eliminate length-at-age data thought to be poorly sampled by the selectivity
curve (e.g., shorter lengths for asymptotic selectivity and both the shorter and longest

lengths for dome-shaped selectivity).

The last type of methods that aim to correct selectivity bias during the estimation of
growth curve parameters are those that somehow alter the likelihood (i.e., type 3 —
methods L5-L6). The likelihood in these methods is actually defined to account for
the sampling process while fitting growth parameters, and this generally involves some
sort of adjustment that incorporates selectivity into the uncorrected likelihood function.
For example, the L5 method divides the normal likelihood by the definite integral of
the normal likelihood with truncation points for the minimum and maximum that are
assumed to be poorly sampled. The L6 method divides the product of the normal

likelihood and selectivity at length by the integral of such.
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7.2.2 Statistical description and correction of the effect of selectivity on

size at age data

Mean size-at-age (or, synonymously, growth) can be described using a growth function.

Arguably the most common is the von Bertalanfty growth function (VBGF) for length:

L, ~N(Lg,04) W

Ly = Leo(1 —exp(—k(a —to)))
where L, is length at age a, L, is mean length-at-age determined by the following
parameters: L., which is the theoretical maximum length as age a approaches infinity;
a steepness parameter, k; and 7y, which is a horizontal scaling parameter that determines
the theoretical age when length equals 0. ¢, is the age specific variance associated with
lengths L at each age. Lengths-at-age are often assumed normally distributed, which

produces true frequency distributions that are normally distributed around the mean:

N 1 (lai — ﬂu)z
)= g e (5t @

where /,; is the length of fish i of age a, U, is the mean length-at-age produced by eqn. 1,

and o, the variance in length at age a.

Eqn. 2 can be used with length-at-age data as a likelihood to produce growth parameter
estimates. The problem with this is that length-at-age data are often biased by selectivity
(Fig. 7.13), which will in turn produce parameter estimates for the VBGF that are also

biased. Selectivity functions are often either asymptotic or dome-shaped. A common
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asymptotic selectivity function is:

S() = 3)

L +exp(—a(l—Isp))

where [ is length, and o and Isg are the steepness and half-saturation parameters,
respectively. There are several dome-shaped selectivity functions, but a relatively
simple one with few parameters can be represented with the following, which is often

referred to as the gamma selectivity function (Begley, 2012):

0= (i) () ®

where [ is length and 17, B and v are parameters controlling the shape and steepness of

the dome-shape.

A selectivity function can be thought of as a statistical weighting on the true size-at-age
distribution. Uncorrected growth parameters could be estimated by using the above
p.d.f. as a likelihood function to estimate the parameters used to compute U, but length
data sampled under a selectivity curve are biased by the selectivity curve whereby the

true distribution of length-at-age is skewed by the selectivity function. That is:

f[l( Cll) ( Lll)

a lll =
/ fa dl/

where f,(I,;) models the density of the length of fish i of age a caught under selectivity

®)

curve S(I) € (0,1), which is a length-based selectivity function. The integral in the
denominator ensures that the area under the curve is equal to one since the true density
in the numerator is scaled by the selectivity curve. The likelihood presented in eqn. 5

is actually the L6 method (Troynikov, 1999, though in that paper it was derived using
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Bayes’ theorem).

7.2.3 Life History Types

As a direct comparison of the effectiveness of each of the presented bias reduction
methods we simulated age-length structured fish populations based on three life-history
types: cod (Gadus morhua L.), capelin (Mallotus villosus), and golden redfish (Sebastes
norvegicus). Capelin is a small, pelagic fast growing fish with generally low variance in
length distributions and high mortality; cod is a moderately fast growing benthopelagic
fish that exhibits intermediate variance in length distributions and moderate mortality;
and golden redfish is a long-lived, slow-growing fish with high variance in length-at-age
and low mortality. Parameters for growth and mortality in these three life-history types
were taken both from assessments performed for these species by the Icelandic Marine
and Freshwater Research Institute (Hafrannsoknastofnun, 2019b) and from FishBase

(Froese and Pauly, 2017b) and can be found in Table 7.3.
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7.2.4 Simulation Scenarios

To test the effectiveness of the bias-correction methods we carried out simulation studies
for each method using simulated length-at-age data for the three life-history strategies
and sampled this data under the two selectivity curves shown in eqns. 3 and 4. We
then used that data to estimate growth curves (using eqn. 1). For each life-history
type, we simulated length-at-age data, performed sampling under various selectivity
scenarios, and fit growth curves to this sampled data using the regular likelihood (i.e.,
L0O-no bias-correction) and each of the bias-corrected likelihood approaches presented
above. For comparison we also estimated growth curve parameters using data that were
sampled with a constant selectivity of 1 across length. The VBGF (eqn. 1) was used to
produce mean length-at-age, and individual lengths were distributed as normal for each
age (see below). Populations were simulated as N,; = Npexp(—M;a) where N, is the
number N at age a for life-history type s, M, is the natural mortality for life-history
type s at age a (as specified in Table 7.3), and N is the initial number at age 0, which in
this study was equal to 10,000 for all life-history types. These individuals were then
assigned length according to a normal distribution — N(,, 0'a2 ) where 1, is the mean
length at age a determined by the VBGF for each species and its respective growth
parameters and o, was assigned as a hockey stick function of age a respective to each

species as follows:

w—b
a {(o—/)} a<d
Oy = a (6)
Owo a>d

where o, is the age-specific variance in length at age a, 0. is a maximum upper limit to
0., d is the age at which the function reaches 0., and b is the y-intercept for the left
hand (i.e., ascending) side of the function. This function was used in simulations, and

the parameters b, d’, and o.. were estimated in the likelihood optimizations.

75



The data produced by these simulations were then sampled with both asymptotic and
dome-shaped selectivity curves (eqns. 3 and 4, respectively), and a vector of length-
at-age data from the above simulations was multiplied by the appropriate selectivity
for a respective length (see Supp. Materials 1 (S1) for an example data set and S2 for
growth curves). We then employed three “sample size" scenarios by multiplying the
sampled vector by a scalar, either 1, 0.1, or 0.01. Paired length-at-age data sampled from
these simulations were used to estimate VBGF parameters under all bias-correction
likelihood methods listed in Table 7.2, including the regular normal likelihood (i.e.,
LO-no correction), using data sampled with asymptotic, dome-shaped, and constant
selectivity (with constant of 1) for comparison. Selectivity and growth parameters were
carefully chosen for each life history type so as to reasonably induce some selectivity
bias into the length-at-age data as both selectivity and growth can have an impact on
the amount of selectivity bias (Frater and Stefansson, 2019). For methods L2 and L3
we used the correctly specified selectivity curve and parameters to determine the data
that should be removed. For L5 we based truncation points for the definite integral
off of lengths that were poorly sampled by the selectivity curve. For the L2 and L3
methods, poorly sampled data were assumed as those length values that were sampled at
a selectivity of < 50% (consistent with Gwinn et al., 2010), while truncation points for
the definite integral in the L5 method were defined as the Lsy parameter times 0.6 for
asymptotic selectivity or lengths that were sampled at a selectivity of greater than 0.3
for dome-shaped selectivity. The truncation points for L5 were determined somewhat
arbitrarily, but represent a selectivity of roughly 0.3 for both selectivity types. We
decided on this level as a selectivity of 0.5 (as was used in L2 and L3) often did not
result in a sufficient number of data points for dome-shaped selectivity. The choice
of cutoff for the LS method relies on scientific expertise and available data (Schueller
et al., 2014), so we utilized these to our best ability to create a realistic simulation for

this particular method.
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For each life-history type, sample size, likelihood type and selectivity curve shape we
replicated the above procedure 1000 times and estimated growth curve parameters using
the optim () function in R (R Core Team, 2017). Parameters for the classic VBGF
from eqn. 1 were estimated as were parameters for eqn. 6 used to produce 6,. The
default Nelder-Mead optimization algorithm was used in R’s optim () function. If any
method did not converge according to the convergence criteria returned by opt im, then
all estimates for that iteration were dropped. Likelihood scenarios were coded explicitly

as described in Table 7.2.

7.2.5 Misspecification Scenarios

Since many of these methods use selectivity, either directly or indirectly, in the bias-
correction technique it was of interest to determine how each of these methods performed
when selectivity was incorrectly specified. To test performance under misspecification
we performed additional simulations using bias-correction methods where misspecifica-
tion would be applicable and comparable (methods L2, L3, L5, L6). In order to test the
performance of each of the bias-correction methods under selectivity misspecification
we also performed simulations where selectivity was incorrectly assumed. For each
likelihood method that either included selectivity or truncated poorly sampled data, we
performed three different misspecification types: 1) incorrect Lsy parameter for asymp-
totic selectivity, 2) incorrect doming for dome-shaped selectivity, and 3) misspecified
selectivity curve shape. Age-length structured populations were simulated and sampled
in the same manner as above. For asymptotic selectivity, Lso was assumed as either 1)
0.5x the correct L, or 2) twice the correct Lsg parameter. For dome-shaped selectivity,
domes were assumed as either shallower or steeper. Dome-shape was assumed steeper
by multiplying the 1) parameter by 2 and dividing the 3 parameter by 2, while they were
assumed shallower by dividing the 1 parameter by 2 while multiplying the  parameter

by 2. The true selectivity curves along with misspecified ones can be seen S2. For
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scenarios where shape of the selectivity curve was misspecified we simply assumed
the wrong shape (i.e., assumed asymptotic selectivity for dome-shaped samples and
assumed dome-shaped selectivity for data sampled under asymptotic selectivity). In
these instances the values used for incorrectly specified selectivity functions were those

shown in Table 7.3.

Each of the above misspecification scenarios was replicated 1000 times for each life
history type using the same procedure as for the simulation scenarios. Iterations where

any optimizations did not appropriately converge were again discarded.

7.2.6 Performance Metrics for Simulations

To determine the performance of each bias-correction likelihood method and compara-
tively evaluate them we looked at the error in estimated parameters compared to true

values. For both L., and k we computed relative error (RE) as:

(6-6)

RE =
0

where 8 is the estimated parameter and 6 is the true parameter. To assess the bias and

bias-correction of #y we used true error:

>

Error=6—-6

to avoid confusion and aid in interpretation as fg is generally a negative parameter. All

simulations, analyses, and figures were performed and produced in R-3.6.1 (R Core

Team, 2017).
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7.2.7 Selectivity bias-correction in cod

In addition to the above simulations we provide an example using real data for the
Atlantic cod stock in Iceland. Growth curves were fit to data from Atlantic cod captured
in Icelandic waters using each method from Table 7.2. These data were collected during
annual spring groundfish surveys performed by the Icelandic Marine and Freshwater
Research Institute (Hafrannséknastofnun, 2018). These surveys are benthic trawls that
have been performed annually in March since 1985, and are specifically designed to
sample cod. To determine the appropriate selectivity curve for use in the bias-correction
methods we fit a stock assessment model to cod using data from these spring trawl
surveys as well as autumn trawl surveys and commercial port sampling. The stock
assessment model was fit using the modeling software Gadget (Begley, 2012) and is
similar to the model results presented in Taylor et al. (2007). The best fitting model
utilized asymptotic selectivity for the spring trawl surveys (same equation as eqn. 3)
with an o of 0.055 and an Lsg of 50 cm. Using this selectivity curve and the length-
at-age data from spring trawl surveys we estimated growth parameters for cod using
each method as well as the regular normal likelihood (i.e., no assumed selectivity) for
comparison. L2 and L3 were both greatly affected by the presence of an outlier with
length 72 cm at age 1, which is an unrealistic length-at-age for Atlantic cod. This data

point was therefore removed.
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7.3 Results

7.3.1 Simulation Scenario Results

The majority of optimizations for the various likelihood types converged appropriately
in the correctly assumed simulation scenarios. Almost all of the methods compared had
convergence rates well above 99%. The L1 method in redfish had the lowest at 96.4%
convergence with asymptotic selectivity and sample size scenario using a scalar of 1,
and 98.6% convergence with asymptotic selectivity and a 0.1 proportional sample size.

All other scenarios had convergence above 99% (see S3).

Selectivity bias in the simulation scenarios induced some error in growth curve parameter
estimates, especially for the k and 7y parameters and more so under dome-shaped rather
than asymptotic selectivity (Fig. 7.14). When error due to selectivity bias was present
the type 3 methods (L5-L6, Table 7.2) tended to correct the selectivity bias-induced
error better than the type 1 or 2 methods (L1-L4). The L6 method especially showed low
bias and variance in parameter estimates with the bias decreasing towards O as sample
sizes increased. For most life-history types, the type 1 and especially type 2 methods
tended to induce far greater error into growth parameter estimates even compared with
the non-corrected likelihood (LO). In general, increased sample sizes led to decreases in

both bias and variance for most methods.

The L6 method seemed to correct estimates of ¢, and reduced the variance in these esti-
mates as well (Fig. 7.15). This method along with the L5 method tended to outperform
the others at estimating length-at-age, although the L6 method seemed to have greater
variance in estimates of older aged-fish than the L5 method for both selectivity types

and across life-history types (Fig. 7.16).
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Figure 7.14. Median and 95% error in growth curve parameter estimates using all
methods presented for both A) asymptotic selectivity and B) dome-shaped selectivity.
Each column of figures represents one of the life-history types and each row represents
a growth curve parameter.

7.3.2 Misspecification Scenarios

The type 2 methods (L2-L3) seemed to have the greatest error and variance in growth
curve parameter estimates under misspecification scenarios (Figs. 7.17-7.19). The
L6 and L5 methods performed similarly with both having parameter estimate bias
near 0 for most parameters and life histories as well as low variance in error. The L5
method seemed to outperform the L6 method at lower sample sizes. In general, the
L6 method tended to show much more of an effect of decreasing bias with increased
sample sizes, and the performance of the L6 method seemed to improve with increasing
sample size more so than the other methods. Interestingly, parameter estimates seemed
to maintain a certain overall direction of bias during the misspecification scenarios
rather than trending positive bias for one type of scenario and negative bias for another,
or vice versa. Parameter estimates tended to be biased in a single direction across
misspecification scenarios rather than showing opposite bias for selectivity curves

that were either to one side of the true inflection point or another (asymptotic) or
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Figure 7.15. Estimated o, for three representative ages across each method and
selectivity type. Ages are represented as young (yng), middle age (mid), and maximum
age (old) and are respectively as follows for each life history type: cod — 0, 10, 20;
capelin — 0, 3, 5; redfish — 0, 25, 45.

A. Asymptotic

B. Dome-shaped
ng

Yng Yng Yng v Yng Yng
. . Cod Capelin Redfish
Cod Capelin Redfish 2 100
] 15
15 6 ’s 50 75
4 101e8--§--5_ %
(L} PR R soloo 0 .2 25 50108 o148
. “ e
5 2 25 5 0.0 . 25
le-a.__Z0g
0 s 0 . 0.0 . 0 s 0.0 s
LOLOL1L2L3L4L5LE LOLOL1L2L3L4L5LE LOLOL1L2L3L4L5L6 LOLOL1L2L3L4L5L6  LOLOL1L2L3L4L5L6 LOLOL1L2L3L4L5L6
No Sel. No Sel. No Sel. No Sel. No Sel. No Sel.
Mid Mid Mid Mid Mid Mid Method
= . . Cod Capelin Redfish Lo
g Cod Capelin Redfish 130 2 2 No Sel
o Lo
o 1% 23 70 120 24 70 u
o115
I 65 110 2 60 L2
4110 21
5 60 20
© 105 1001e g-§ g-& - - 3 sof*8Fge-§° L3
£ j00lenl 19 55 ) 18{e §-§ -8 5-5 8 J
8, H-& = - = - - le-¢ 9.g-2 2 5-¢] s0{*® ‘ ------- %0 ’ w0 L4
@  LOLOL1L2U3L4L5L6 LOLOL1L2L3L4L5L6 LOLOL1L2L3L4L5L6 LOLOL1L2L3L4L5L6  LOLOLTL2L3L4L5L6 LOLOL1L2L3L4L5L6 Ls
— NoSel. No Sel. No Sel. No Sel. No Sel. No Sel. 6
old old old oid oid old
. . Cod Capelin Redfish
Cod Capelin Redfish 1,0 i .
30.0 80 30
130
275 27 70
130 -
12016 a-f 8----¢ 3
. 25.0 24 601¢ oL 8 ___-3
12014 § 4 - - -6 1o 898 | lea-gf8s--53
- 225 Ote-¢ 34 - - -6 (] a7% 4 50
. B2 g4 - -5 100
LOLOL1L2L3L4L5L6 LOLOL1L2L3L4L5L6 LOLOL1L2L3L4L5L6 LOLOL1L2L3L4L5L6  LOLOL1L2L3L4L5L6 L0LOLTL2L3L4L5L6
No Sel No Sel. No Sel. No Sel. No Sel. No Sel.
Method Method

Figure 7.16. Estimates length-at-age for three representative ages for each method and
selectivity type. Ages correspond with the same age classes in 7.15
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Table 7.4. Absolute value of growth parameter estimates for Atlantic cod sampled in
Icelandic waters on annual spring bottom trawl surveys.

Method Lik. ID L. (cm) k(yr'D) 1o (yr) b a O
Normal (i.e. no correction) L0 127.44 0.15 0.02 335 3.00 10.26
Fix 19 L1 132.95 0.14 000 3.10 3.12 10.31
Rm Small Samples L2 125.76 0.15 0.04 0.00 3.00 9.99
Rm Small Fix 1o L3 120.02 0.17 0.00 9.10 1.52 10.12
Fix Lo, L4 129.00 0.15 0.13 468 181 10.12
Lik7runc L5 124.06 0.17 044 0.00 390 10.36
Troynikov L6 139.19 0.13 0.14 1.02 454 10.89

steeper/shallower (dome-shaped). Overall, bias was not as severe as we expected it to

be under misspecification.

7.3.3 Cod Example

All methods estimated growth parameter values for cod that were fairly similar to each
other (Table 7.4). The L3 method estimated a much higher b parameter for the hockey
stick function used to compute o, which translates into a much higher variance in lower
ages than the other methods, and the L5 method estimated a fy that was much more
positive than the other methods. The L6 method estimated a L., that was greater than,
and a k that was less than, the other methods. Absolute values are listed in Table 7.4.
Growth curves fit to the data used to optimize parameter estimates for each method can

be seen in Fig. 7.20
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Figure 7.17. Median and 95% CI error in L. estimates when selectivity was
misspecified in the likelihood function. Each column represents a species and each row
is a misspecification scenario. Lsg < and Lsy > are scenarios in which the Ls
parameter was either decreased or increased, respectively, relative to the true value
used to sample data with asymptotic selectivity. “Dome steeper" and
“dome-shallower" represent scenarios in which the dome-shaped selectivity was assumed
either steeper or shallower than correct, and “assume dome" and “assume asymptotic"
are scenarios in which the incorrect selectivity curve shape was assumed ( “assume
dome" means that samples from an asymptotic selectivity curve were used for data, but
dome-shaped selectivity was assumed in the likelihood).
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Figure 7.20. Fit of the VBGF to standardized spring trawl survey length-at-age data.

Each colored line represents one of the methods from Table 7.2. The blue points are
data that were removed for the L2 and L3 methods.
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7.4 Discussion

This paper represents the most comprehensive comparison of selectivity bias-correction
methods for growth parameter estimates to date. Overall in the simulation scenarios,
the L6 method, the likelihood method proposed by Troynikov (1999), generally had
the lowest bias in parameter estimates. The L5 and L6 methods all had similar error
bias with some (usually) minor differences in variance in certain parameter/life-history
combinations although the L6 method exhibited consistently low variation in parameter
estimate bias. In general, the type 1 and 2 methods, which fix parameters or remove
small samples sizes, respectively, performed less well than the type 3 likelihood methods.
This was true across life history types and selectivity curve shapes. In Gwinn et al.
(2010), the L4 method performed best out of the four methods tested in that paper, at
least for dome-shaped selectivity. In our study the L4 method estimated parameters
rather poorly across life-history and selectivity types. This is perhaps due to the fact
that estimated parameters of the VBGF are notoriously correlated with each other
(Ratkowsky, 1986), such that fixing one parameter might lead to overcompensation
by one or several of the others. In general this issue could be avoided by using a
re-parameterization of the VBGF as in Schnute (1981), but since some of the methods
in this study fixed parameters specific to the classic VBGF (such as L4) we maintained

use of the original equation.

The cod and redfish life-history types had the greatest bias and variance in results
especially for the L., and k parameters. This is likely due to the combination of both
selectivity and length-at-age distributions of these species as aspects of both growth and
selectivity have been shown to influence selectivity bias in length-at-age data (Frater

and Stefansson, 2019).

In general, the type 3 methods outperformed the other method types at reducing error in
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the estimates of growth parameters, and, of these, the L6 method performed probably a
bit better than the L5 method especially with greater sample sizes. However, there were
several scenarios, especially under misspecification, where the LS method outperformed
the L6 method at lower sample sizes. The type 3 methods generally performed fairly
well in misspecification scenarios overall as both methods had consistently low bias and

variance in errors across misspecification scenarios.

The superior performance of the Type 3 methods is likely due to the fact that they
capture the statistical aspects of selectivity bias on growth within the likelihood to
reverse its effect. Size-based selectivity induces bias into the distribution of size-at-age
by acting as a weighting factor on the frequency distribution of the true size-at-age.
The L6 method attempts to dampen this effect by including selectivity directly in the
likelihood equation. This method can be used with any probability density function for
size-at-age and any selectivity curve (as long as selectivity is known). The L5 method is
similar to the L6 method except that it divides the normal p.d.f. likelihood by a truncated
integral of the normal p.d.f. (McGarvey and Fowler, 2002; Schueller et al., 2014). The
truncation is specified by the user and is dependent on assumed shape of the selectivity
curve as well as the lengths at which the observed size-at-age data are suspected to be
poorly sampled due to selectivity. For example, if dome-shaped selectivity is assumed
for the sampling procedure then one would truncate lengths at both the lower and upper

ends of the observed values.

All six methods except the L2 and L3 methods estimated fairly similar growth curves to
the length-at-age data for Atlantic cod from Iceland. The L2 method estimated a curve
that was much too shallow and seemed too high at both the lower and upper ends, and
the L3 method estimated a growth curve that appears as though L., might be too low.

The other methods were all fairly close to each other, though.

This study focused on likelihood-based methods for correcting selectivity bias in fish, but
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alternative methods exist. One way to correct for selectivity bias is by circumventing it
altogether as is done in some integrated stock assessments. Certain integrated assessment
models such as Gadget (Begley, 2012) incorporate both growth and selectivity into the
models, and the output should be an unbiased representation of the stock (assuming
the model is correct). These parameter estimates, along with recruitment and estimates
of F, could be suitable then to use for something like calculating yield-per-recruit and
MSY (Elvarsson et al., 2018). This is an effective method as any effect of selectivity on

growth should be accounted for in the model.

The main issue with the L6 method, and to some degree, the L5 method as well is the
necessity of a knowledge of selectivity. This is indeed an issue and has been criticized
in the past (Gwinn et al., 2010). For stocks that do have a knowledge of selectivity
these could be useful methods for correcting growth parameter estimates. Alternatively,
the L6 method could prove useful as a diagnostic test for examining the accuracy of
selectivity parameters estimated by a stock assessment model. If one were to compare
growth parameters estimated from this method (using the selectivity estimated in an
assessment model) to the growth parameters estimated or used by that same assessment
model, then they should be comparable. If they are not, then either growth or selectivity

(or both) in the assessment model can be assumed to be misspecified.

We have shown here that the bias in growth parameter estimates caused by selectivity
can be reduced and/or reversed by factoring the effect of selectivity out of the likelihood
used to estimate growth parameters. The methods presented here are potentially useful
for stocks in which selectivity is known and where growth curve parameter estimates
are desired outside of an integrated assessment model. The ability of the type 3 methods
to accurately estimate true growth curve parameters is partially dependent on the type
and shape of the selectivity curve and the life history of the species. The L6 method
also warrants further investigation as a potential diagnostic tool for understanding

confoundedness of growth and selectivity in integrated assessment.
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7.5 Supplementary Materials

S1. Example of simulated length-at-age datas

Table 7.5 shows example simulated length-at-age data under selectivity used for sam-
pling. Number shows the true number of a given length at a given age. The Asymptotic
Sel. and Dome-shaped sel. columns provide the respective selectivity at that length,
and the corresponding sample columns provide the number that are sampled under each

respective selectivity type.

Table 7.5. Example of length-at-age data that were used as well as selectivity and
number of fish sampled under selectivity.

Age Length Number Asymptotic Sel. Asymptotic Samples Dome-Shaped Sel. Dome-Shaped Samples

1 23 91 0.15 14 0.13
1 26 153 0.20 30 0.20
2 40 84 0.50 42 0.65
2 44 28 0.60 17 0.77
3 50 47 0.73 34 0.91
3 53 52 0.79 41 0.96
4 62 50 0.90 45 1.00
4 75 1 0.97 1 0.85
5 62 3 0.90 3 1.00
5 75 25 0.97 24 0.85
6 82 12 0.99 12 0.72
6 90 1 0.99 1 0.57
7 82 18 0.99 18 0.72
7 92 8 0.99 8 0.53
8 84 7 0.99 7 0.68
8 94 12 1.00 12 0.49
9 88 7 0.99 7 0.61
9 95 9 1.00 9 0.48
10 96 11 1.00 11 0.46
10 98 13 1.00 13 0.42
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50

1

3
21

9

—_

(=X N I S S e L R SN )

92



7. Paper Il - Comparison and evaluation of approaches aimed at correcting or reducing selectivity
bias in growth parameter estimates for fishes

S2. Growth and Selectivity

The true growth used to simulate length-at-age data are shown below.

Capelin Cod Redfish

60

40

Length (cm)

204

0 1 2 3 4 5 0 5 10 15

20 0 10 20 30 40
Age (yrs)

Figure 7.21. Growth curves used to simulate populations for each life history type.
Note that difference in both x- and y-axes across facets.

93



The selectivity curves used to sample the simulated populations created by growth

curves in Figure 7.21 are shown in blue below. The incorrectly assumed selectivity

curves used during the misspecification scenarios are indicated by the dashed red lines.

Selectivity

Asymptotic Asymptotic Asymptotic
Capelin Redfish
1.00 4 - - 1.00 4 1.00 A
0.754 0.754 0.754
0.50 o 0.50 0.50 -
0.25 A 0.25 0.254
0.00+ T T T T T 0.004 T T T T T
0 5 10 15 20 25 20 40 60 80
Dome Dome
Capelin Cod Redfish
1.00 4 1.00 A
0.75 1 0.75 1
0.50 A 0.50
0.25 1 0.25
0.00 4 s ==10.00,
0 100 150

Length (cm)

Figure 7.22. Selectivity used to sample simulated populations. The blue line represents
the true selectivity used in sampling and the dashed red line represent the the incorrect
selectivity shapes assumed during the misspecification scenarios.
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S3. Convergence Rates

Table 7.6 shows the convergence rates for all likelihood methods included in this study
under each life history type, sample size, and selectivity scenario. Convergence rates
for all methods under all scenarios were quite high, with the lowest being 96.4%. Most

methods and scenarios were > 99.9%
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Abstract

Growth in Atlantic cod (Gadus morhua L.) has been well studied, and the presence
of time-varying growth has been noted. However, drivers for variation in growth
across time has been hotly debated, and, while there are a number of hypotheses
about what causes time-varying growth in G. morhua, no consensus seems to
have been reached. Recent interest in growth studies, especially time-varying
growth, has led to a resurgence in the study of growth in fishes across time. Here
we use a Bayesian approach to gain an understanding of differences in growth

across time, among areas, and between genders in G. morhua found in Icelandic
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waters. We compare twelve models that fit the von Bertalanffy growth function
(VBGF) to length-at-age data using the deviance information criteria (DIC). We
found that the “best” models (those with the lowest DIC scores) were those that
accounted for time-varying growth (both by year and cohort), differences among
areas, and differences between gender. Standardized mean fitted parameter values
were compared to potential explanatory variables using a redundancy analysis
(RDA). The RDA indicated that capelin recruitment and spawning stock biomass
(SSB) are highly correlated with patterns in the k parameter of the VBGF, which
controls the steepness of the growth curve (i.e. how fast fish grow at younger
ages). The L., parameter of the VBGF was correlated with cod landings in the
model that incorporated for time-varying growth by year, but L., was correlated
with estimated cod recruitment in the model that includes cohort for time-varying
growth. Additionally, the #y parameter was negatively correlated with sea surface
temperature, which indicates that at warmer temperatures predicted length at age 0
is greater. These results indicate that growth of G. morhua is driven by different

mechanistic factors throughout the stages of their lives.

Keywords: Atlantic cod, Gadus morhua, growth, von Bertalanffy, Bayesian, Iceland

8.1 Introduction

The study of growth in organisms dates back decades to the seminal work of von
Bertalanffy (1938) and even long before this. Since then numerous studies of somatic
growth described by the von Bertalanffy growth function (VBGF) have been employed
in a wide variety of organisms including, but not limited to: fish (Lockwood, 1974;
Kimura, 1980; Sainsbury, 1980; Chen et al., 1992), trees (Pienaar and Turnbull, 1973;
Borah and Mahanta, 2018), birds (Ricklefs, 1968), reptiles (Shine and Charnov, 1992),
corals (Chadwick-Furman et al., 2000), and a number of other organisms (Stokes, 1996).

Within fisheries the VBGF is one of the most fundamental and widely used models
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(Francis, 2016). Growth of a fish species has been shown to affect or be correlated with a
wide range of other life-history aspects such as natural mortality (Pauly, 1980; Gislason
et al., 2010), the shape of maturity ogives (Roff, 1984; Jensen, 1996), reference points
for the management of a species (Beverton and Holt, 1957; Deriso, 1987), reproductive
output (Barneche et al., 2018), and even food web trophic structure (Barneche and Allen,

2018).

The concept of growth is central to fisheries management and stock assessment proce-
dures (Sparre and Venema, 1998). Historically, time-varying growth in stock assessment
models has been included as either empirical weight- or length-at-age (Kuriyama et al.,
2016; Lorenzen, 2016), but the recent push towards using integrated assessments rec-
ommends internally modeling as many processes as possible (Maunder and Punt, 2013).
Within integrated assessments where growth is modeled internally the temporal variation
in growth is often not taken into account (Stawitz et al., 2019). That paradigm is increas-
ingly being challenged (Lorenzen, 2016) as more studies are reporting issues of bias
or imprecision with misspecifiation in growth (Stawitz et al., 2019); however, having
an understanding of if and how growth varies across time, and identifying potential

mechanisms, is crucial for further development.

A number of variables can induce growth plasticity and variability across both time and
space such as: fisheries-induced evolution (Heino et al., 2015), environmental forcing
(Brander, 1995; Clark and Hare, 2002), and population density (Mehl and Sunnana,
1991). In turn, the assumption of using either time-varying or constant growth can have
a substantial impact on the outcome of assessment or management advice (Whitten
et al., 2013). It is important to have an understanding of how growth changes across time
in managed stocks. In addition, spatial variation in growth has been noted in G. morhua
and other species (Brander, 2000, S. Campana pers. comm). There could be a number of
reasons why growth in G. morhua might change across time. Increases in temperature

have been shown to increase growth in G. morhua up to a certain extent (Brander, 1995;
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Bjornsson et al., 2007), and changes across time in the ocean temperature associated
with climate change (Wijffels et al., 2016) could lead to increased growth and/or growth
rate in G. morhua. Alternatively, increased fishing pressure over the past half-century
could lead to a decline in the number of fish at older ages (Hsieh et al., 2010) or
fisheries-induced evolution of life-history traits such as growth (Heino et al., 2015). In
this study we fit Bayesian models of the VBGF to length-at-age data from Atlantic cod
(Gadus morhua L.) caught in Icelandic waters and compare models to assess whether
growth varies across both time and space as well as between gender and compare the
results of these Bayesian models to potential explanatory variables to gain insight into

what drives time-varying growth in G. morhua in Iceland.

Within the past decade or so a number of studies have taken a Bayesian approach to
fitting the VBGEF to describe growth within fisheries (including bivalves, molluscs, and
other non-fishes often associated with fisheries; Zhang et al., 2009; Alés et al., 2009;
Jiao et al., 2010; Linde et al., 2011; Tang et al., 2014; Lopez Quintero et al., 2017).
This approach not only allows for an effective way to fit VBGF parameters to data, but
also provides a credible interval (CI) on parameter values (Gelman et al., 2014). While
there have been a number of studies that have fit growth data using Bayesian techniques,
most have described the growth of individual fishes using one of two methods. Fish are
either: a) measured for length throughout time using mark-recapture studies (Bal et al.,
2011; Tang et al., 2014) along with a variant of the VBGF known as the Fabens version
(Fabens et al., 1965), or b) harvested destructively, measured for length, and the otoliths
(or other aging parts) used to back calculate age and length from measurements of
annulii in the growth rings (Alds et al., 2009; Linde et al., 2011; de Zarate and Babcock,
2016; Contreras-Reyes et al., 2018; Harris et al., 2018). Surprisingly, not that many
studies have fit a basic growth model to direct conditional length-at-age data using a
Bayesian framework (i.e. individuals measured directly for both length and age at a

single time point, but see Thorson and Minte-Vera, 2016; Lopez Quintero et al., 2017);
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however, in many cases a wealth of this data exists from standardized surveys and there

is useful information to be garnered from this.

Here, we present point estimates and CIs of parameters for the VBGF associated with G.
morhua found in Icelandic waters. In addition we analyze point estimates of parameters
against possible explanatory variables to determine correlations that might influence the
growth of G. morhua. These results are important for understanding the growth of cod

in Icelandic waters, which is necessary for management of the stock.

Parameter estimates and Cls from these models could be especially useful as the VBGF
is commonly used to predict growth within stock assessment models where growth
parameters are often estimated as part of an optimization procedure (Begley, 2012) or
by using Bayesian Markov chain Monte Carlo (MCMC, Methot and Wetzel, 2013).
Therefore, when fitting a stock assessment on a species it would be useful to have CIs
of growth parameters to guide the setting of upper and lower parameter bounds (if
optimizing an objective function) or to have a distribution for growth parameters to use

as a prior if performing MCMC estimation of the parameters.

8.2 Materials and Methods

The Icelandic Marine and Freshwater Research Institute (Hafrannséknastofnun) has
performed standardized bottom trawl surveys for groundfish every spring since 1985
and autumn since 1995 (Hafrannséknastofnun, 2018). Given the temporal extent of this
data, twelve variations of growth models for G. morhua were explored and compared.
These multi-level models included aspects accounting for time-varying growth (by

either year or cohort), spatial differences, and gender differences. The most basic is
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a simple VBGF fit to the mean length-at-age for all data (M0O). VBGF models were
also fit to mean length-at-age for each year, cohort, spatial division, gender, and all

combinations thereof except for year by cohort (Table 8.7).

8.2.1 Data Collection

The data used for this study was sampled from both standardized trawl surveys dating
to 1985 and commercial catch samples dating to 1960. Trawl surveys were originally
designed to assess the abundance of G. morhua, and a random subsample of fish caught
in each trawl are measured for age and length. Age of fish (at time of sampling) from
these surveys was determined by counting annuli growth rings in the otolith of sampled
fish. Fish caught in the standardized trawl surveys are typically 1-12 year old fish, so to
supplement the data to include older ages we also included length-at-age data sampled
from commercial catches of G. morhua caught in Icelandic waters, which often includes

larger fish of older ages.

Data on length-at-age from fish caught on vessels other than standardized trawl sur-
veys (i.e. commerical vessels) for G. morhua have been sampled dating back to 1899
(Hafrannséknastofnun, 2018). Samples are taken throughout each year from commer-
cially landed fish as port samples and are measured for age and length. Commercial
fishermen are often interested in catching larger fish to maximize their fishing efforts
and offset costs. This additional data supplements the standardized trawl survey by
providing length-at-age at older ages. However, this data must be used with caution as
it is neither standardized nor randomly sampled due to commercial interest. The use
of commercial catch sample data could introduce bias into the growth models in this
study because of the targeted nature of commercial catches (i.e. if schools of fish tend
to aggregate by length rather than age and are spatially disjunct, then vessels would

likely target schools of greater length, assumed to correlate with biomass, regardless of
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whether they are older or not). In addition, commercial catch samples would be more
likely to not contain younger fish due to selection on larger fish, and younger fish that
are caught by commercial vessels are also likely to be longer than the mean for that
age class as selectivity curves tend to sample fish larger than the mean of a respective

yearclass for those sizes where the selection curve is steepest (Sampson, 2014).

Despite these biases in the data there is useful knowledge to be gained from them. For
instance, all of the length-at-age data for older fish (i.e. 15-20 years old), which greatly
aids in the estimation of the parameter for maximum length, come from commercial
catch samples. In addition, including these data extend the range of sampling back
to the earlier part of the 20th century which allows for a comparison of growth in G.

morhua across time.

As will be shown below we fit models of VBGF to length-at-age data for both sexes;
therefore, we subset data to those entries where gender was known. In addition, we
calculated the year class of each measured fish by subtracting the age from the year
sampled. For example, if a fish was aged to be 16 years in 1986, then that fish is from the
1970 cohort. This is not a perfect solution for calculating the year a fish was born given
that error in age measurements exists, but we were interested in looking at trends over
longer time periods so the proposed method should be sufficient for the objectives at
hand. The number of samples prior to the 1960 cohort were variable and generally low,
so only data from the 1960 cohort and afterward were used. In addition, the number of
older fish in more recent cohorts is few as fish have not yet aged older than the number
of years before the current sampling date (i.e. fish born in 2010 can be no older than
5 years if sampled in 2015). Given these constraints only data from cohorts between
1960 and 2007 were used. Within this timeframe some years or cohorts consistently
resulted in VBGF parameter estimates that were unrealistically high (e.g. L.. > 300),
so these years or cohorts were removed. In addition, a few years or cohorts in the late

1970s/early 1980s were drastically skewed by initial sampling design created by the
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Icelandic Marine and Freshwater Research Institute. The years and cohorts that were
removed from the models for these various reasons were: year = (1968, 1981); cohort =

(1966-1967, 1976-1977, 1984-1985)

Data subset to known gender and the above specified years and cohorts were used
for all models. This resulted in 363,904 individual samples measured for age, length,
and gender across 46 years representing 40 cohorts and among 14 ecologically and

hydrologically unique areas (Fig. 8.23).

8.2.2 Models

We set up a series of Bayesian models to assess growth in G. morhua across both time

and space and between genders. The growth curve used is the basic deterministic VBGF

Ly = Leo(1 —exp(—k(a—10)))

where L, is mean length at age a, L. is the length as age approaches infinity (i.e. the
maximum theoretical length attainable by fish), & is a steepness parameter controlling
how quickly the curve reaches L., and fy is a scaling parameter that controls the length

at age 0.

Given that some age classes had skewed or heavy-tailed distributions (especially both
old and young see Supporting Information (SI) Fig. 8.26) a log-normal distribution was

used to model the data. Therefore, the data distribution for a single length L, was:

P(La|Leo, k10, @, 62) = 10g-N(Ly|L(Leo, k, 0, @), G2)

where 0, was treated as a nuisance variable, but was modeled internally. Fish often
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exhibit an asymptotic relationship between variance in length and age, and our data were
no exception (see dispersion plots in SI; Figs. 8.27-8.31).) However, when variance of
log length is plotted against age the relationship tends to be more hump-shaped (see
example R code in SI). To appropriately model this we used a modified Ricker curve
which consisted of the basic Ricker curve plus an intercept: 6, = ((xae’ﬁ @)+ c, where
a is age, o and B the parameters of the Ricker model, which were modeled internally,
and ¢ was an intercept (also modeled internally). The intercept was added as not all
hypothetical variances at age 0 are equal to 0 — similar to the 7y parameter of the VBGF.

Parameters for modeling o, as a Ricker function are not reported here.

Since G. morhua is such a heavily studied species we were able to find enough data
on growth to use informative priors for the parameters of the VBGF. We obtained data
on growth parameters from Fishbase (see Gadus morhua growth on Fishbase, Froese
and Pauly, 2017b) to use as prior distributions for the VBGF parameters . Parameter
values for L., k, and fy were pulled from FishBase and subset by country to obtain
recorded values of these parameters for G. morhua in the North Atlantic Ocean (i.e.
we subset to include only values from Iceland, Norway, Faroe Islands, and Greenland).
From these parameter estimates we chose distributions that appeared to well match the
densities for each parameter to use as prior distributions. For L., and k we decided to
use gamma distributions (Figs. 8.32-8.33), but the histogram for 7y did not fit a standard
distribution (i.e. data density was multimodal and skewed, but generally centered around
0; Fig. 8.34). t9 should generally be close to 0, so we decided to use an uninformative
prior represented as the uniform distribution from -3 to -0.01 (setting o directly to O
caused issues with the log-normal data distribution as log(0) = —eo). For L., and k we
obtained prior density parameter estimates by minimizing the negative log-likelihood
for the respective distributions using the opt im function in R. This resulted in the

following prior distributions
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26 .22 -18 14 -10

Figure 8.23. Map of Iceland and surrounding waters with areas used in the models
delineated. These areas are formally known as divisions and are those originally
described in (Stefdnsson et al., 1997)

Lo, ~ Gamma (22.61,0.187)
k ~ Gamma (4.499,25.761)
to ~ Unif(—3,-0.01)
Models were parameterized using the above prior and data distributions. The base case
model (MO) was fit using all data combined. Models were then fit to data resolved to
time (cohort or year), area (division), or gender (M/F) as well as combinations of these

factors (e.g. M1 - Year; M5 - Year x Area; M10 - Gender x Year x Area; ) and separate

parameters were fit for each particular data subset respective to the model. The exception
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to this was that cohort and year were not combined as these both represent aspects of
time-varying growth. These combinations of factors resulted in twelve distinct models

(Table 8.7).

Posterior distributions for the models were obtained using Markov Chain Monte Carlo
(MCMC) to estimate parameters. To perform MCMC estimation we utilized JAGS
within R (v3.4.3, R Core Team, 2017) with package R2jags (Su and Yajima, 2015).
For each model, four MCMC chains were run for 50,000 iterations with a burn-in of
5,000 and a thinning rate of 10. Gelman-Rubin statistics (R) were obtained from jags
output to ensure values were close to 1, which is a metric for convergence in MCMC
chains (Gelman et al., 1992, 2014). Effective sample sizes were also obtained to assess
convergence (Gelman et al., 2014). Models were compared to assess the goodness of fit
using DIC (Lunn et al., 2013), which was also obtained from the output of the jags

function. The model with the lowest DIC is considered to have the best fit to the data.

8.2.3 Analyzing Model Parameters

To assess drivers of deviations in model parameters across time and space we performed
a redundancy analysis (RDA) of model parameters against potential explanatory vari-
ables. RDA is essentially a constrained principal components analysis (i.e. where
dependent variables are constrained on the explanatory variables in multivariate space)
and is useful for determining correlations among multiple dependent and independent
variables. Since parameters of the VBGF are notorious for being correlated with each
other this method is well-suited for describing correlations of VBGF parameters with
explanatory variables while taking into account the correlation among parameter values
themselves. The variables that we included in the RDA were: sea surface temper-
ature (SST'), measured zooplankton biomass (Zoo), deviations in temperature (7y,,)

and salinity (Sg.,), mean fishing mortality F,., cod landings in Iceland, estimated cod
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recruitment (Rec,,;) and spawning stock biomass (SSB,,.), and estimated capelin re-
cruitment (Rec,p) and spawning stock biomass (SSB¢,p). Values for SST were monthly
mean estimates (°C) pulled from NOAA ESRL (2019) and were spatially resolved to
1° latitude x 1° longitude. This data was used to compute mean annual SST for each
year and area, which was used in RDA models. Zoo, Tg.,, and Sy, were all values
taken on an annual basis from five stations at the Siglunes section north of Iceland
(Hafrannséknastofnun, 2019a). Zoo was measured as the average zooplankton biomass
(g dry weight m~2), and both T,, and S,,, are the deviations in temperature (°C) and
salinity (PSU) from the 1961-1980 average. Unfortunately, data on Zoo, Ty,,, and Sz,
were not as spatially resolved to the extent that cod length-at-age data were collected,
so they each represent a single reading per year (i.e. no area mean). Cod landings in
thousands of tonnes was collected each year by the Icelandic Marine Research Institute.
Reccod, SSBeod, Receqp, and SSB.,, were estimated by the Icelandic Marine Research
Institute each year as part of the country’s assessment procedure. Data on cod landings
and estimates of recruitment and SSB were also single values per year. In the RDA
models parameter values were scaled and centered (using the scale () function in R).
This was done because VBGF parameter values tend to be quite disparate and scaling

made visualization and interpretation of the RDA results easier.

8.3 Results

Most MCMC chains for the models converged appropriately based on the Gelman-
Rubin statistic (R, Table 8.7). Models with higher average R tended to also have a
greater standard error for R as well as a greater model DIC. In general, the two factor

models (i.e. M5-M9), but also M1, the model that only incorporated year, seemed to
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have a greater average R indicating that these models likely did not converge as well
as some of the others. The three factor models, M10 and M11, had some of the lowest
values for average R, and these models also had the lowest DIC. M10 and M11 are the

models that are considered best-fitting and will be the only models further analyzed.
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Both M10 and M11 incorporated time, area, and gender into fitting the VBGF. M 10

used year as the time-varying component in the model, and M11 used cohort. The

median R value for both of these models was 1.001, and the standard error of R values

for both of these models was lower than any other model. When plotting parameter

values from these models across time, area, and gender there appear to be difference

across all of these components (Fig. 8.24). Note that for both M10 and M11 some of

the divisions had very little data in certain years (e.g. division 113 prior to 1980). In

these particular time-area combinations parameter values tended to take on the values

of the prior distribution rather than establishing a posterior distribution based more on

the data.
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Figure 8.24. Posterior distributions for the values of the k parameter in M10 - gender x
year x area where parameter values vary across time. Each panel represents a different
region around Iceland corresponding to the divisions shown in Fig. 8.23. This figure
does not explain what is causing spatiotemporal variation and differences in growth
between gender; merely reflecting that it exists.

Results of the RDA for both M10 and M11 indicated that parameter values L., k, and
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RDA2

RDA1

Figure 8.25. Biplots of first and second ordinate components of a redundancy analysis
(RDA) for scaled and centered parameters of the VBGF fitted for models: (A) Gender x
Year x Area (M10), and (B) Gender x Cohort x Area (M11). The k parameter of the
VBGF is highly correlated with estimated capelin SSB in both M10 and M11 and with
estimated capelin recruitment in M11. L., is highly correlated with cod landings in
M10 and is correlated with estimated recruitment of cod in M11.

to were correlated with each other, but after accounting for this there were certain
explanatory variables that were highly correlated with certain VBGF parameters. In
M10, SSB..p was highly correlated with k, and cod landings was highly correlated
with L. (Fig. 8.25A). SST also seemed to be negatively correlated with 7y in M10.
In M11, the k parameter for the VBGF was correlated with SSB¢,, and was highly
correlated with Rec, (Fig. 8.25B). L., was also correlated with Rec.,q, and fp was
highly correlated with Sy, and negatively correlated with SST in M11. The proportion
of variance explained by the RDAs was low for M10 (4%), but was higher for M11
(12%). The results from both RDAs indicate that prey abundance has a strong influence
on the k parameter of the VBGF, density dependence is a potential driver for L... In
addition, SST seems to be negatively correlated with #y indicating that G. morhua at age

0 will be longer when sea surface temperatures are greater.
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8.4 Discussion

This study assesses fit of the VBGF to length-at-age data from G. morhua in Icelandic
waters using Bayesian models and DIC. Models that incorporated some aspect of time-
varying growth (i.e. year or cohort), spatially-varying growth, and differences between
gender (models M10 and M11) had the best fitting models both in terms of DIC and R
values. Models that used one or none of these specifications tended not to fit the data
too poorly, but models that only used two out of these three factors seemed to have the
poorest fit to the data both in terms of DIC and average R. Here, we show that growth
not only varies across time in G. morhua, but also across space and between genders.
In addition, we show, using constrained ordination, that estimated capelin abundance,

density dependence, and SST are potential drivers of growth in cod.

Growth plasticity across time is increasingly recognized in fishes (Thorson and Minte-
Vera, 2016) and can be attributed to both ecological and evolutionary forces (Lorenzen,
2016). Temperature has been shown to have a direct and substantial impact on the
growth rate of G. morhua (Brander, 1995; Bjornsson et al., 2007). The impact of this
environmental forcing combined with increasing ocean temperatures (Seidov et al.,
2017) could reasonably lead to the hypothesis that growth rate steepness (k), maximum
length-at-age (L), or both would increase across time. However, we did not see this
trend in our data. The k parameter in the best fitting models, however, was highly
correlated with estimated recruitment and SSB of capelin. Capelin is a key prey item
and major food source for G. morhua in the North Atlantic (Bogstad and Gjgseter, 2001;
Rose and O’driscoll, 2002; Vilhjalmsson, 2002). The liver condition of northeast Arctic
cod has been linked to capelin biomass (Yaragina and Marshall, 2000), and other studies
have indicated that capelin biomass could be important for growth of cod (Dalpadado
and Bogstad, 2004). Additionally, density dependence has been shown to impact the

growth of G. morhua with higher abundance leading to depressed growth (Sinclair and
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Swain, 1996; Anderson et al., 2002). We found a correlation among L., and either cod
landings (in M10) or Rec.,q (in M11). Both of these correlations are coherent with
their respective models. In the model that uses cohort to address time-varying growth
(M11) Recpq is correlated with L., but in the model that uses year (M10) landings is
highly correlated. The strong recruit classes that are driving L. in the cohort-based
model are likely ending up as greater landings in the year based model. In either case
the abundance of cod is positively correlated with L.. This is counterintuitive to the
hypothesis that increased abundance depresses growth in G. morhua. This is likely
an artifact of either sampling or model fit. In years with greater landings there are
likely to be more fish caught that are larger and of older age simply due to probability.
These older, larger fish would have a strong effect on driving the estimate for the L
parameter as there are not always large samples for these older, larger fish. Hence,
when abundances are high, more fish are caught in fisheries and in surveys, and the L
parameter is estimated larger. An alternative to this explanation is that abundance of
G. morhua is driving growth more so in younger fish, which influences estimates of
the k parameter. That is, greater abundance of G. morhua leads to slower growth at
young ages, which corresponds to a lower value for k in that year (or cohort). Since £ is
correlated with L., in the VBGEF, then a lower k will likely be associated with a higher
L., making it appear as if abundance of G. morhua is positively correlated with Le.. This
negative correlation between abundance of G. morhua and estimated k parameter values
seems more parsimonious as density dependence would likely have the greatest effect

on growth of G. morhua at younger ages, which would be captured by the k parameter.

Lastly, the #y parameter was negatively correlated with SST. There has been much
research on the effects of temperature on growth of G. morhua (Brander, 1995) with
optimum growth generally occurring at some intermediate temperature (Bjornsson and
Steinarsson, 2002; Bjornsson et al., 2007) for larger sized fish. However, smaller fish

tend to have an increased growth rate with increasing temperature (Brander, 2000). The
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negative correlation between 7o and SST falls in line with these previous findings as
estimation of the fy parameter is going to be largely driven by fish in the youngest age
classes and smallest fish. Bjornsson and Steinarsson (2002) and Bjornsson et al. (2007)
found a negative relationship between optimum temperature for growth and size of G.
morhua whereby smallest fish tended to have higher optimum temperatures for growth.
Our results seem to fall in line with this. A negative relationship between #y and SST
would translate to a greater length at age 0 at warmer SST (i.e. length at age 0 increases

as to decreases).

In addition to the effects of environmental forcing, fishing has also been shown to play
a role in driving the evolution of life history traits in fish (Andersen and Brander, 2009)
including growth (Sinclair et al., 2002b; Enberg et al., 2012; Hidalgo et al., 2014). G.
morhua is a species with a long history of heavy exploitation (Cook et al., 1997), so an
effect of fishing on heritable traits controlling growth seems plausible. We did not find
evidence of an effect of fishing on growth of G. morhua as F,,, was not correlated with

any of the VBGF parameters in our RDA models.

Based on our Bayesian models and the constrained ordination of estimated VBGF
parameters on explanatory variables it seems that the growth of G. morhua is limited
or affected by different drivers throughout the different stages in life. At the youngest
ages temperature seems to have the greatest effect, whereas at young-middle ages prey
abundance and possibly density dependence seems to matter most. It is not clear what
is driving the differences in L. as this parameter was correlated with abundance of G.
morhua, but it is possibly an artifact of either the model (i.e. correlation with k) or

sampling.

The paradigm shift in thinking about growth in fishes is important. Time-varying growth
is speculated to have a large impact on the population dynamics and overall biomass

of a stock (Shin and Rochet, 1998; Rice, 2011), and it is increasingly suggested that
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plasticity of growth be recognized and accounted for in stock assessment and fisheries
management (Kuriyama et al., 2016; Lorenzen, 2016; Stawitz et al., 2019) as it can

have potentially large and far-reaching impacts on management decisions.

The results of our Bayesian models are similar to those found by Thorson and Minte-
Vera (2016) who performed a similar analysis on 25 species of marine fishes and found
that a majority of them exhibited variation in year effects for growth. This model was
parameterized slightly differently than that of Thorson and Minte-Vera (2016) as they
looked at weight-at-age data and used a re-parameterization of the VBGF. However, in
the discussion section of that paper they state that results might change if the model
was parameterized differently. We look at length-at-age data in the current study and
both cohort and year effects and the model parameterization is different from that of
Thorson and Minte-Vera (2016). We did still find that the best-fitting models included
time-varying growth. This lends credence to the shifting paradigm that time-varying
growth is present (and possibly ubiquitous) in fishes (Lorenzen, 2016). Growth plasticity
has also been previously shown for other groundfish stocks as well (Mehl and Sunnana,
1991; Clark and Hare, 2002), and growth and condition in G. morhua has even been
shown to be correlated with stock collapse (Brander, 2007; Morgan et al., 2018). A
general theory of the causes of time-varying growth in fishes has not been established,
but has been attributed to temperature (Brander, 1995), food availability (Weatherley,
1990; Gjgseter et al., 2002) and density dependence (Swain et al., 2003) among other
things (Lorenzen, 2016). The present study found that growth in G. morhua is possibly
driven by different causes at different points in a fishes life with temperature having
the greatest impact at the youngest ages and density dependence and prey abundance

driving growth at young-middle ages.

There are two sources of concern with the study that we have presented here. The first
is that data from commercial catch samples are used to fit VBGF models. The second is

that the estimated parameters for VBGF parameters are correlated with each other. We
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address each of these in turn.

This study makes use of data from commercial catch samples. These data are therefore
not random and are likely to be inherently biased as fisheries generally desire to
maximize profit in any given outing. This will most likely lead to the data being
comprised of not only older fish, but also data skewed towards larger sizes at younger
ages (Sampson, 2014). This happens because the fishery tends to be size selective
rather than age selective (e.g. size selectivity due to mesh or hook size). This is not
likely to be much of an issue for older fish, but the younger fish that are harvested in
commercial catch will likely be larger than the population mean at a given age. Despite
this apparent bias the use of commercial catch data allows the time span of this study to
greatly exceed what it would have been otherwise. Whereas standardized surveys in
Iceland date to 1985 the data from commercial catches allowed us to analyze cohorts
back to 1955 and years to 1960. We saw the use of this data as complementing and
extending the standardized survey data available not only temporally but also across
ages as standardized trawls only tended to catch fish up to about 12 years of age (which
makes them somewhat biased in their own right). The commercial catch samples
provided age data up to 20 years in some cases, which can greatly aid in fitting the L.
parameter. Combining gear types such as scientific surveys and fishing catches has
also been shown to reduce bias and increase precision of growth parameter estimates

(Wilson et al., 2015).

The other source of concern in this study, the correlation of VBGF parameters, is
somewhat troubling as it could lead to the appearance of differences in growth across
cohorts when perhaps the parameters for each cohort simply shifted in the MCMC:s. It
is visually notice-able that the L., parameter for the 1976 and 1977 cohorts are greatly
inflated compared to all other cohorts. Additionally, the k value for these cohorts are
the two lowest estimated values for k among all cohorts. The results for these two

cohorts likely stems from a relative paucity of data within those cohort years, which is
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reaffirmed by their relatively large credible intervals on the L., parameters. However,
the results are not sensitive to these two particular cohorts years. The DIC in the cohort
model is substantially reduced when they are excluded from analyses, but M2 is still the
best-fitting model even when they are included. Correlated parameters in the VBGF
are nothing new, and alternative parameterizations have been suggested (Ratkowsky,
1986). We decided to use the traditional form of the VBGF as this is used in many
stock assessment models (Begley, 2012) and one of the objectives for implementing
this exercise was to produce a guide for bounds or prior distributions for potential use
in stock assessment models. It would be interesting to test alternative parameterizations
of the VBGEF to see if all lead to time-varying growth. The alternative parameterization
used by Thorson and Minte-Vera (2016) also led to time-varying growth (as a year
effect) having the lowest DIC in the majority of stocks, but alternative parameterizations
were not tested in that study. However, they also mention that their results could possibly
change with different model formulation. We recommend implementing such a test
with different model parameterizations to see if alternative formulations of the VBGF

suggest or deter evidence towards time-varying growth.

Conclusions

This paper reports results of fitting the VBGF to length-at-age data for G. morhua
caught in Icelandic waters. Using a Bayesian approach and DIC model comparison we
found that a model fit to individual cohort length-at-age data was the most parsimonious
approach to describing the growth of G. morhua while maximizing fit to the data. This
study reveals the presence of time-varying growth in this stock and lends evidence to
the importance of recognizing time-varying growth as present and possibly prevalent in
fishes. We hope that these results will be of use to future studies on G. morhua growth

as well as assessment and management of this stock.
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8.5 Supporting Information

8.5.1 Data Distributions
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Figure 8.26. Histograms of length for each age in Atlantic cod from Icelandic waters.
These were the data used to fit the VBGF in each model.
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8.5.2 Dispersion Plots
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Figure 8.27. Dispersion plot of overall data. Each point represents an age.
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Figure 8.28. Dispersion plot of data for each year included in the models. Each point
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Figure 8.29. Dispersion plot of data for each cohort included in the models. Each point
represents an age and each panel a cohort.
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Figure 8.30. Dispersion plot of data for each year included in the models. Each point
represents an age and each panel a division.
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Figure 8.31. Dispersion plot of data for each year included in the models. Each point
represents an age and data are facetted to gender.
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8.5.3 Prior Distributions
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Figure 8.32. Prior distribution used for L. based on data for the parameter collected
from FishBase. Black line is the density of the L., parameters collected from FishBase;
the red line is the NLL minimized values of the log-N distribution fit to those data
(u =4.775;6 = 0.204); the blue line is the NLL minimized values of the gamma
distribution fit to those data (o0 =22.61;3 =0.187).
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Figure 8.33. Prior distribution used for k based on data for the parameter collected
from FishBase. Black line is the density of the k parameters collected from FishBase;
red line is the NLL minimized values of the log-N distribution fit to those data
(L = —1.86;0 = 0.495); blue line is the NLL minimized values of the gamma
distribution fit to those data (o0 = 4.499; 8 = 25.761).
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Figure 8.34. Prior distribution used for ty based on data for the parameter collected

from FishBase. Black line is the density of the ty parameters collected from FishBase;

red line is the the standard normal distribution (L = 0;0 = 1); blue line represents an
uninformative prior of a uniform distribution from (-3,-0.01).
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8.5.4 Example Showing Variance in log Length at Age

library (tidyverse)

# define ages and von Bertalanffy growth function
age <- 1:10
vb <- function(linf, k, t0, age) {return(linf * (1 - exp(-k =*

(age-t0))))}

set.seed (123)

# simulation length-at-age data to simple age-structured
population
len_dat <-
lapply (age, function(x) {
# creates N_a and assigns length

len <- round(rnorm(1000 x exp(-0.2%x), vb(125, 0.25, -0.5,

x)
sd = ifelse(x <= 5, x, 5)))
return (data.frame (age = x, length = len))
}) %>% do.call("rbind", .) %>%

mutate (log_length = log(length)) %>%

gather (key = type, value = length, -age) %>%
group_by (age, type) %>%

summarize (mnlen = mean (length),

varlen = sd(length))

# plot variance in length at age and variance in log lenth at

age
lenvar_plot <-
ggplot (data = len_dat, aes(x=age, y=varlen)) +

geom_line () + facet_wrap(~type, scales = "free")
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9. Paper IV - Systematically testing the relative importance of age and length composition data in
an integrated assessment model

9 Paper IV - Systematically testing the rel-
ative importance of age and length com-
position data in an integrated assessment

model

Paul N. Frater' Gunnar Stefansson'

!'University of Iceland, Dunhaga 5, 107 Reykjavik, Iceland

Abstract

The effects of composition data sample size on performance and bias of integrated
assessment models has been well studied. However, past research projects in
this realm focus on the performance of models using simulations of sampling
scenarios from different fisheries around the world. While this approach is useful for
determining composition data collection scenarios that have the best performance
or minimize bias, a systematic and comprehensive approach is lacking. We test
the relative importance of composition data by systematically altering sample sizes
of both age and length data across three life-history types and for three fishery
harvest scenarios. We found that both age and length data are important, but that
adding even a small amount of age data reduced bias in both cod and capelin
life-history types even when length data was relatively lacking. Model results for

flatfish tended to be relatively unbiased, so increasing sample size of age and/or
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length data in this life-history type changed model performance relatively little.
These results are important in showing that more data is better at fitting fisheries
integrated assessment models, but perhaps finding an appropriate balance between

age and length data sample sizes is more important.

9.1 Introduction

Composition data (i.e. age-, length-, and conditional age-at-length data) have been
shown to be important in stock assessment modeling and integrated analysis (Ono et al.,
2015; He et al., 2016; Monnahan et al., 2016). Particularly, composition data are crucial
for internal estimation of parameters for biological model components such as growth
(Lorenzen, 2016), recruitment (Maunder and Punt, 2013; Maunder and Piner, 2015), and
natural mortality (Lee et al., 2011; Sippel et al., 2017). In addition, composition data
can be important for estimating selectivity of both fisheries and standardized surveys
(Maunder and Punt, 2013; Crone and Valero, 2014; Maunder and Piner, 2015). Recently,
a flurry of simulation studies have emerged that test the importance of composition data
on various aspects of stock assessment performance or component estimation (Ono
et al., 2015; He et al., 2016; Minte-Vera et al., 2017; Stewart and Monnahan, 2017,
among others). Many of these studies are performed via simulation and are tested
under various fishery and fishery research development scenarios (i.e. quasi-realistic
scenarios of fishery-independent data collection). While this type of setup is beneficial
for understanding the importance of age and length data under various research regimes.
it does not necessarily afford a systematic comparison. In addition, many of these
types of studies have been carried out using the integrated analysis platform Stock
Synthesis 3 (SS3; Methot and Wetzel, 2013). While it is incredibly beneficial and
informative to have such a broad working knowledge of integrated analysis based on a

single, common platform it would also be beneficial to understand similar effects across
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modeling platforms as well. Stock assessment models differ in terms of performance
and estimation (Ralston et al., 2011; Deroba et al., 2015), and it seems reasonable to
expect that various outcomes relating to the effects of composition data might differ
across model types. In the present study we carry out a systematic test of the relative
importance of age and length composition data in the integrated assessment environment
Gadget. The impact of age and length data sample size is tested via simulation under a
range of data collection scenarios whereby sample sizes are decreased from a supposed
data-rich scenario and the effect on parameter and biomass estimation bias in the model

is measured.

Gadget (the Globally applicable Area Disaggregated General Ecosystem Toolbox) is
an integrated analysis framework for fitting single species stock assessment or multi-
species community models (Begley, 2012). It is widely used throughout Europe and is
gaining in popularity elsewhere as well (Taylor and Stefansson, 2004; Plaganyi, 2007;
Taylor et al., 2007). However, it has been recommended that if Gadget is to be used
more widely it should undergo rigorous testing similar to the suite of simulation studies
undertaken with SS3 (Elvarsson et al., 2018). This study represents the first of what
will hopefully be a long line of simulation studies testing various aspects of Gadget and

its component data on model performance.

Gadget is an age- and size-structured statistical model that can incorporate a wide
variety of data types such as landings, relative abundance indices, age, length, and
conditional age-at-length data as well as tagging data (Taylor et al., 2007). While it
is very similar to other stock assessment models certain differences exist (Elvarsson
et al., 2018) and further testing should be done within Gadget to see if differences
exist in model performance under different scenarios of data inclusion or model mis-
specification. At its core Gadget is an age structured model that implements size-based
processes on the population(s). Growth and mortality are both directly related to age,

but processes such as selectivity, maturity, and predation are length-based. In this study
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we use Gadget as both operating model (OM) and estimation model (EM) to test the
effects various sample sizes of both age and length data on model performance under

time-varying recruitment.

Numerous aspects of stock assessment or integrated analysis have been tested with
regards to the effects of composition data. Tests involving some aspect of composition
data can be generally placed into one or more of four categories: 1) importance of
data quantity and/or quality, 2) data conflict/identifying appropriate weighting schemes,
3) model mis-specification, and 4) model structure. Studies under the first category
generally focus on model performance under different data scenarios and assess the
importance of composition data by looking at how model performance improves (or
degrades) with more/better (or less/poorer) data (e.g. data-rich vs. data-poor or some
other sampling scenario Wetzel and Punt, 2011; Ono et al., 2015; He et al., 2016). Those
that assess data conflict or attempt to identify appropriate weighting schemes usually
focus on how composition data conflicts with abundance data and how to properly
weight compositional data to avoid such conflict (Francis, 2011; Crone and Valero,
2014; Minte-Vera et al., 2017; Maunder et al., 2017; Punt, 2017; Stewart and Monnahan,
2017; Wang and Maunder, 2017). Designs for studies aimed at understanding the effects
of model mis-specification on model performance are seemingly almost limitless. The
mis-specification itself is usually related to either structural differences in models (e.g.
assessing an age-size structured model with only an age-structured model Punt et al.,
2017) or by misspecifying certain processes within a model (e.g. replacing asymptotic
with dome-shaped selectivity Crone and Valero, 2014; Ichinokawa et al., 2014; Wang
and Maunder, 2017). Composition data are often incorporated into these studies under
different categorical scenarios of data quantity or quality. Lastly, studies undertaking
the assessment of model structure look at model performance under different struc-
tural setups and also often include scenarios of composition data quantity or quality

(Monnahan et al., 2016; Kuriyama et al., 2016; Szuwalski, 2016).
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This study can be placed under the first category — the importance of composition data.
Here we test the relative importance of age and length data by altering length data

sample sizes and the proportion of those data that are also sampled for age data.

Previous tests studying the effects of different scenarios of age data have tended to
focus on small sample sizes along scenarios of common sampling schemes (Wetzel
and Punt, 2011; Ono et al., 2015). In this study we were interested in testing how the
sample sizes of age and length data contribute to bias in the parameter and biomass
estimation of models. This was achieved by sampling operating models under the same
sampling scheme but altering the sample sizes of composition data that were sampled.
In many ways this could be thought of as strictly a data-rich scenario as we look at
consistent sampling over the final 30 years of the OM; however, we believe this sort of
study still offers important insight into the importance of composition data. The OMs
that we use to systematically test the importance of age and length data are based on
three different life-history types (cod-like, flatfish-like, and the small, pelagic baitfish
capelin) as well as three different fishery development scenarios. Life history types
were based on life-history parameters from: Atlantic cod (Gadus morhua), European
plaice (Pleuronectes platessa), and capelin (Mallotus villosus). We will hereafter refer

to these different life history types as: cod, flatfish, and capelin.

While many other simulation studies present different scenarios of sampling history
or frequency (for example, Ono et al., 2015) we opted not to do this as it can make
interpretation of results seem less systematic. The objectives for this study were rather
to study the effect of age and length data sample size in a systematic way by maintaining
a consistent sampling scheme for all scenarios and only adjusting age and length data
sample size. This type of setup allows for a direct comparison of different sample sizes

of age and length data to one another.
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9.2 Methods

To test the effects of composition data sample size we used a simulation-estimation
approach using Gadget as both an OM and EM. Using different models for OM and
EM makes model fitting notoriously difficult so we used Gadget as both OM and EM to
remove any potential bias induced by structural differences in models, which makes
interpretation of the effects being tested more straightforward. For both OM and EM
we used Gadget 2.2.00 (Begley, 2012). Additionally, we developed an R package,
gadgetSim (Frater, 2018a), that easily connects R and Gadget for OM and EM setup
as well as reading results using the R statistical software environment (R Core Team,

2017).
Operating Models

Operating models were based on the three life-history types described above. Parameters
for these models were loosely based on data and assessments for the respective species
from the Icelandic Marine and Freshwater Research Institute (Hafrannséknastofnun,
2018). Parameter values needed that were not available were supplemented either from
the literature or using FishBase (Froese and Pauly, 2017b) in cases where the literature

was not informative (Table 9.8).

Gadget is an age- and size-structured model where fish in each cohort are reduced

according to fishing and natural mortality.

—F,_1—M,
Na—l,y—le y—17%a, a < Amax

Nyy=
5y
No—yyre Bt Map N, oo B1Ma g =g,

where N, are numbers at age a in year y, M, is the age-specific natural mortality, and

F is asymptotic length selective fishing mortality.
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Spawning in the OMs for each year was based on the Beverton-Holt spawner-recruit
function (Beverton and Holt, 1957) but included multiplicative error as follows to create

time-varying recruitment:

HSy  N(0,0r)
R, = . eN(0:0r
YT s, ¢

where R, is the mean recruitment in year y, S, is SSB in year y, it and A are species
specific parameters controlling the steepness and maximum level of R, and o is a
species specific error term used to introduce time-varying recruitment. The value of og
for each species was chosen to induce enough process error to be clearly evident, but not
so much that it masked the trajectory of each respective fishery development scenario
(or = 0.1 for cod og = 0.15 for flatfish; and og = 0.2 for capelin). The resulting values

were used to fix a recruitment value for each year within the OMs.

Growth was implemented as a variant of the von Bertalanffy growth curve:

AL = (Lo — L;)(1 — e 749

where L. is the mean length L as time ¢ approaches infinity, and k is the usual
Brody growth coefficient. Variation in mean size-at-age was implemented using
a beta-binomial distribution, and weight was based on the length-weight relation-
ship: W = aLP. Initial numbers of fish for each age class at year 1 was given as
N = 1e08e~>@_ For further details on how populations are structured in Gadget, see

Begley (2012).

For each life history type and fishery development scenario we simulated a model that
ran for 120 years with the first 20 years serving as a burn-in period to allow OMs

and EMs to stabilize. For ease of interpretation the burn-in period was discarded and
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hereafter each year is referred to as the respective year minus 20 (i.e. the final year is

100 and the beginning year at the end of the burn-in period is 0.

The fishery development scenarios were the commonly used fishing trajectories two-
way-trip, fish down, and flat MSY. These trajectories were created specific to each
life-history type by calculating the fishing mortality at maximum sustainable yield
(Fysy) and setting up the development scenarios in relation to that. We calculated Fy;sy
by computing yield curves across values of F' and defined Fyssy as the value for F
that resulted in the maximum yield. Other reference points used to determine fishery
development scenarios will be referred to as Fp;,, and Fj,,, which were defined as the
values for F that resulted in yield being 0.8 times the yield at Fyssy, where Fy,,, < Fysy
< Fpign (Table 9.9). Fishing for all fishery development scenarios began in year 20. For
the fish down scenario, the fishery began with an F of 0 and increased linearly to a high
of Fgp, in year 100. The two-way-trip scenario began similarly, but reached an F of
Fjig, in year 68 and then decreased to Fyysy in year 100. The flat MSY scenario began

fishing in year 20 at Fj;sy and remained there for the duration of the model.
Sampling the OM

We used output from the OMs as “data" on which to minimize the objective function in
the EMs. OMs were sampled with asymptotic selectivity similar to the fishery selectivity,
but with an inflection point scaled lower in order to sample a greater number of smaller-
sized fish. Starting in year 70 we sampled OM output biannually by applying asymptotic
selectivity on absolute numbers at year, timestep, age, and length combinations up to a

maximum of 0.001% and with multiplicative error as follows:

[ytal = SlNytaleN(u’Gx u=0,0=0.2

where I, is the index of abundance at each year (y), timestep (¢), age (a), and length
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Table 9.8. Parameters used in the operating model for each life-history type. Dots for
the Lengthsp. . parameter indicates a repitition of the final value until maximum age of

init

the stock. Parameters for the growth, maturity, spawning, and fleet selectivity
parameter types refer to the Gadget functions “lengthvbsimple”, “exponential” length
selection in the spawning file, Beverton-Holt spawner-recruit process, and

“exponentiall50” suitability curve, respectively.

Parameter Parameter Type Cod Capelin Flatfish
Min. Age Stock 1 1 1

Max. Age Stock 20 5 30

Min. Length ~ Stock 1 1 1

Max. Length  Stock 150 25 100
Lengthgp, ., Stock 2,4,6,8,10,... 1,1.5,2,... 2,4,6,..
M Mortality 0.2 1 0.1

L. Growth 125 20 55

k Growth 0.15 0.6 0.14

to Growth -0.35 0 -1.3

orw L-W Rel. 6.7e-06 7.1e-06 9.6e-06
Brw L-W Rel. 3.1 3.15 3

Oypat Maturity -0.2 -2 -0.25
Lso,,., Maturity 64 12.5 30

ABH Spawning 1.07e+08 5e+07 1.07e+08
UBH Spawning 3e+08 8e+10 2e+08
Ofleer Fleet selectivity 0.1 1 0.2

Lsg fieer Fleet selectivity 45 7 30

(D), S; is the selectivity at length up to a maximum of 1% of total numbers N.

We used these values as abundance data in our EMs. Composition data was sampled
as a subset of the abundance index data in sample sizes of 1000, 500, 200, 100, 50, 25,
and 10. Both age and length data were sampled at these levels, but age data sample size
were never greater than length data sample size for a given scenario. This was to reflect
common sampling scenarios where age data is usually sampled from fish that have been
measured for length. Length samples were randomly sampled from the samples selected
for abundance indices and age samples were randomly selected from the length samples.
Additionally, a scenario was included with no age data samples (Length Only). This

resulted in a total of 35 unique age and length data scenarios.

Catches from fleets were recorded without error, and output from OM commercial fleets
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Table 9.9. Fishing mortality (F ) values used to determine fishery development
scenarios. Both Fi,,, and Fj;e, are the F values that produce 80% yield compared to

Fysy.

Species  Fysy  Flow  Fhign
Cod 0.22 0.11 045
Flatfish 0.12 0.06 0.22
Capelin 1.08 0.53 1.82

were sampled similarly to survey sampling for composition data, but a size-selective
curve was not applied as the fishery already implements length-based selectivity. Rather
0.001% of fishery output were sampled and used as length data regardless of size.
Sampling these values to use as age data in the EMs was based on the appropriate
scenario in accordance with the fishery-independent sampling described above. Survey
and fishery samples were performed 100 times with random multiplicative error for
both survey and fishery samples (therefore the length and age value inherit this sampling
error — separate aging error was not placed on age values). This process produced
100 unique data sets for each life-history, fishery development, and sampling scenario,

which resulted in a total of 31,500 estimation models.
Estimation Models

EMs were set up for each independent data set under each scenario and fit using the
iterative re-weighting procedure described by Stefansson (2003) and implemented by
Taylor et al. (2007) and Elvarsson (2015). This procedure consists of performing a
separate optimization run for each likelihood component (e.g. indices of abundance,
each composition data set, etc.) using a heavy weight on that component. Variance for
that component optimization is estimated as the overall likelihood score (SS,) divided

by degrees of freedom (d f,) 63 = 5}% where the number of non-zero data points (df})

serves as a proxy for d f. (Elvarsson, 2015). After all component-weighted optimization
runs have finished a final optimization run is performed using the inverse variance from

above as the weight on that respective component (w. = 1/672). We used the R package
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Rgadget (Elvarsson and Lentin, 2018) to automate this procedure. The likelihood that
was used for composition data was the sum-of-squares function in Gadget. Abundance
indices were fitted using a log-linear regression of estimated to observed values with a

slope fixed at 1 and intercept estimated internally.

All model parameters except for M, were estimated. These include parameters for
growth (simplified von Bertalanffy function), growth implementation (beta-binomial),
initial starting values, Beverton-Holt spawner-recruit parameters, spawning maturity,
and selectivity parameters for surveys and fleets. It should be noted that spawning
maturity was implemented as the proportion function in the Gadget spawning file and

not as a separate stock that matures into a spawning stock.

For each data scenario, life-history type, and fishery development scenario we optimized
100 separate models each consisting of a different randomized data set. All models were
assessed for convergence by ensuring that the convergence criteria in the optimization

procedure was met.
Performance Assessment

We assessed the performance of EMs under each scenario using relative error (RE)
and median absolute relative error (MARE) of estimated parameters, spawning stock

biomass in the terminal year (SSB1¢g ), and depletion (DEP = SSBy/ SSB10 ).

RE=(6-6)/6

MARE = median(|6 — 6)|/6)

RE values for each model are used to assess bias whereas MARE accounts for bias and

precision simultaneously.
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9.3 Results

Estimation of Depletion and SSB1oo

Greater sample sizes of composition data showed a clear trend towards reduced bias as
sample sizes of both age and length data increased. This was particularly evident for
SSB1go in both capelin and cod (Fig. 9.35). Terminal biomass exhibited the greatest
median bias and overall variance in bias when age data was absent and length data had
the lowest sample sizes. However, when even slight increases were made to age data
sample sizes this drastically improved the fit of the EM to the OM. Scenarios with age
and length data of 25 or greater seemed to have a median bias fairly similar to even
the most data rich scenarios. This same pattern was also apparent for depletion, but
continued increases in composition data sample size seemed to continuously decrease

bias in depletion at least for cod and capelin (Fig. 9.36).

The importance of composition data also seemed to rely somewhat on fishery devel-
opment scenario as well. Median bias was highest in the fish down scenario for both
cod and capelin, and having greater sample sizes of both age and length data decreased
bias more noticeably in these scenarios. Median bias and variance in bias tended to be
less, and increase to a lesser degree with low composition data sample sizes with the

flat MSY and two-way-trip fishery development scenarios.

None of these results seemed to hold true for flatfish, which seemed to perform fairly
similarly across composition data scenarios for both depletion and SSBjqg . Bias in both
of these metrics seemed to be about the same across all scenarios of age and length data

sample size and no detectable trends appeared across fishery development scenarios.
Estimation of Parameters

Most estimated parameters did not show much variation across the different scenarios.
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Figure 9.35. RE values for SSB1oo across composition data sample size scenarios and
for various life-history and fishery development scenarios. Composition data scenarios
are listed along the x-axis, and each level of age sample size data are plotted as
different colors.
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This did not hold true for estimated recruitment parameters, though. ugy showed
considerable variation as age and length data sample sizes decreased (Fig. 9.37. This is
likely also the cause for increased depletion and SSB1go for those scenarios as well. This
pattern was most evident in all fishery development scenarios for capelin and in the flat
MSY and, to some extent, the fish down scenarios for cod. The two-way-trip scenarios
for cod, and all fishery development scenarios for flatfish actually showed increased
bias in Upy estimates with increasing composition data sample size. Estimates of Agy
did not exhibit increased bias at lower composition data sample sizes (not shown), but
relative error in the ratio of f{;%: did decrease as composition data sample sizes increased

(Fig. 9.38.)

Bias in estimates of growth parameters remained relatively constant across different
sample sizes of age and length data. In addition, maturity parameters did not seem to
drastically change among the various scenarios. Neither of these parameter types are

shown here.

9.4 Discussion

We found that increasing composition data sample sizes decreases bias in biomass and
parameter estimation in an integrated assessment model. This was as expected and is
consistent with other studies that have tested the effects of composition data (Chen et al.,
2003; Wetzel and Punt, 2011; Ono et al., 2015). Unlike many other studies that have
tested the effects of composition data, though, we did not have fishery specific type
sampling schemes, but rather opted for a consistent sampling strategy (i.e. biannual
surveys for the last 30 years of model) while only altering the sample size of age and

length data. This revealed some interesting and unexpected results. Firstly, age and
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length data seemed to have a greater impact on reducing bias in biomass estimation
(i.e. depletion and SSBj( ) for capelin the most, an intermediate impact on cod, and
ostensibly no impact on flatfish whatsoever. These results are contrary to other studies
that have assessed the importance of age and length data. Ono et al. (2015) found that
age data improved stock assessment accuracy for all life-history types (which were
similar to those used in this study) and did so particularly for a flatfish life-history type,
but they noted that increasing the sampling frequency and sample size did not greatly
affect the performance of estimation models. Similar results have also been produced
by Wetzel and Punt (2011) and Chen et al. (2003) which show that inclusion of at
least some fishery-independent age data is enough to greatly improve stock assessment
performance. He et al. (2016) also performed a study simulation that is similar to the
present one, but which did not include variable recruitment, and found that greatly
reducing the amount of age data had minimal influence on accuracy of estimation
models for some life-history types. In the above cases the authors noted that reducing
age data tends to not affect estimation model results for life-history types that exhibit
strong year-class signals in the length-frequency data (i.e. fast growing life-history
types with high recruitment variability; Ralston and Ianelli, 1998). For long-lived, slow
growing species age data tends to be important for estimation accuracy. Our results
are similar to the above studies in showing that the inclusion of fishery-independent
age data decreases bias in estimates of both parameters and biomass, but our results
differ from many of the previously concurred results with regard to the differences in
the importance of composition data among life history types. Other studies that have
tested the importance of composition data argue that it is more important for life history
types that are slow growing with much overlap among lengths between age classes (i.e.
ages are easier to distinguish using length data alone for fast-growing species with low
variance in length-at-age Ono et al., 2015). In this study we actually found the opposite.
Composition data seemed to be most important for capelin, of intermediate importance

for cod, and of almost no importance whatsoever for flatfish. These results are contrary
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to previous findings that explain the importance of length and, especially, age data via
its ability to distinguish age classes when length-at-age is highly overlapping. There
could be several reasons for the differences in trends among life histories with regards
to composition data. Firstly, prior studies have concluded that the importance of age
data were attributable to the ability of such to distinguish age classes and that it is less
important for life history types that show little overlap in lengths among age classes.
This is certainly a reasonable and tenable explanation, but the life-history types in this
study had similar characteristics to other studies (especially Ono et al., 2015). Former
studies have relied on more realistic sampling schemes, whereas here we used a single
sampling scheme and altered the sample size of composition data. Given this systematic
test of the importance of composition data and the accompanying results it is therefore
plausible that the trend among life-histories is related to an aspect other than overlap in
length data among age classes. Here we identify three potential mechanisms that could
drive the trend found in the current study. The first is related to parameters driving the
recruitment in the OMs. Although capelin had a much higher ugy than the other life
histories, and both cod and flatfish OMs were set up with a upy equal to each other,
the ratio of upy:Apy was high for capelin, much lower for cod, and lowest for flatfish.
While upy in the Beverton-Holt stock recruit function drives the overall number of
recruits for the most part (Beverton and Holt, 1957), the ratio between the two alters the
steepness of the curve. A high ratio will result in a steep stock-recruit curve, which will
leave little contrast among different year classes and make overall determination of SSB
and number of recruits more difficult. Having a greater sample size of composition data
would certainly aid with this. Alternatively, a shallower stock-recruitment curve would
yield good contrast among number of recruits, which would likely make determination
of year classes more distinguishable thereby reducing the need for higher composition
data sample sizes. The reliability of estimates in stock assessment has been shown to
depend on contrast in the stock recruit curve (Magnusson and Hilborn, 2007). This

trend of increasing importance of composition data with increasing steepness is also
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somewhat followed by Ono et al. (2015) as flatfish in the OMs presented in that paper

had the greatest steepness parameter (#) for the stock-recruit function.

An alternative to importance of the stock recruit curve is natural mortality M, although
this seems much less plausible. In the present study, capelin had the highest mortality
(M = 1), followed by cod (M = 0.2), and flatfish (M = 0.1). The importance of compo-
sition data increasing with M seems implausible due to a similar, but opposite, reason
as the effect of ’/{:%Z on the importance of composition data. That is that increasing M
would cause a greater contrast among age groups, whereas a low value for M would
create a more homogenous age-structured population leaving little contrast among age
groups. To our knowledge no studies have been done which test the effect of different
values of M on the importance of composition data. However, it seems likely that other

factors such as contrast in biomass via exploitation or through stock recruitment would

have a greater effect than M.

Lastly, the differences seen between this study and others could simply be a result of
using different modeling platforms for the OMs and EMs. Most studies of this nature
have been performed in Stock Synthesis 3 (Methot and Wetzel, 2013; Elvarsson et al.,
2018), and while SS3 is similar to Gadget differences do exist (Elvarsson et al., 2018).
More generally, different integrated and stock assessment models tend to model stocks
with different results (Ralston et al., 2011). As mentioned in the introduction this is the
first true simulation study for Gadget, and the trends seen here can only be truly verified

with more simulation testing.

The present study is different than that of others which tend to set up scenarios based on
more realistic sampling scenarios that represent common collection frequency schemes
(i.e. scenarios with annual vs. intermittent sampling, scenarios that increase sample
size throughout time, etc. Chen et al., 2003; Wetzel and Punt, 2011; Ono et al., 2015;

He et al., 2016). We opted to test the effects of age data sampling size in a more
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systematic manner by having the same sampling frequency (i.e. beginning in year
70 and sampling twice annually in every year thereafter) across all scenarios while
only manipulating sampling sizes. The sampling scheme used in this simulation study
is based on fishery-independent surveys performed in Iceland (Hafrannséknastofnun,
2018), and while this is probably a relatively data-rich sampling scheme in terms of
frequency of observations it allows for a clean, systematic test of the performance of
different sample sizes. Even though this makes direct comparisons to other studies (i.e.
Wetzel and Punt, 2011; Ono et al., 2015) more difficult, it is reassuring that, using this
systematic approach, we arrived at many of the results that are consistent with other
such studies testing similar aspects of stock assessment (i.e. that increasing composition

data beyond a certain point did not drastically improve model performance or fit).

This study carries the same drawback as many of the studies that assess various aspects
of assessment models, and that is using the same model for both OM and EM. It is well
known that fitting an EM to output from an OM that is a different modeling platform
is rife with problems. The difficulty of estimating a model that implements different
assumptions is often impractical for the investigation and inspection of certain aspects
of assessment models. This drawback is attached to most simulation studies as most
are performed using the same model for both OM and EM due to the aforementioned
reason. However, readers should not take this lightly as a good deal of knowledge about
stock assessment models are based on such studies. Another limitation of this study is
the relative paucity of testing performed with our stock assessment modeling software,
Gadget. Although Gadget has been fully developed for a number of years, there have
not been a great deal of simulation studies testing aspects of the model as there has been
with other modeling platforms such as ADMB (Fournier et al., 2012) or Stock Synthesis
(Methot and Wetzel, 2013). For example, these software platforms use automatic
differentiation to minimize an objective function and are able to estimate uncertainty

using MCMC methods, while for this study we used basic nonlinear minimization
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algorithms of Simulated Annealing and Hooke and Jeeves. However, recently there
has been a call for more testing of Gadget (Elvarsson et al., 2018) and there seems
to be more synergy for research and development of the Gadget modeling software.
Hopefully in the future Gadget will continue to be tested and further developed to keep

pace with other technologies and new advances in stock assessment science.

In future studies it would be ideal to implement the sort of systematic framework used
here to test stock assessment models in an effort to achieve generalizations about various
aspects of and data used by them (e.g. such as the generalization garnered in other
studies of the relative triviality of age data used for life-history types exhibiting strong
year-class signals). While looking at specific case studies and scenarios offers great
insight into a particular stock assessment, species, or sampling regime, generalizations
that lead to a broader understanding of stock assessment are difficult to interpret with
such studies. For studies that are interested in gaining understanding about broader,
more general impacts of various aspects of stock assessment or data that go into such
models we recommend that simulation studies be set up in a systematic manner such as
this one. Indeed, researchers could also go far beyond the type of setup here and look at,
for example, how a single particular aspect of life history might affect stock assessment
performance across some facet of data or model misspecification. For example, one
could adjust growth rate and variance in length-at-age in the OMs and use different
samples sizes of age data to determine how these life-history characteristics impact the
effect of age data improving stock assessment performance. Given the complexity of
these models (Cotter et al., 2004; Bolker et al., 2013) it would be useful to have some
general guidelines as to the different aspects of data or model misspecification that
might interact with the various processes in stock assessment models (e.g. such as rapid
growth leading to strong year-class signals). Similarly, it would be ideal to establish
some general and standardized life-history types that could be used systematically

for such studies. Cod, flatfish, and some sort of small pelagic species (i.e. sardine,
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anchovie, etc.) seem to be fairly common. However, it would also be good to add truly

slow-growing, long-lived species such as certain species of redfish (Sebastes spp.).
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9.5 Appendix — Parameter RE values
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assessment model

Paul N. Frater! Gunnar Stefansson’

University of Iceland, Dunhaga 5, 107 Reykjavik, Iceland

Abstract

Age data has been shown to greatly improve point estimates of parameters and
estimated biomass of integrated assessment models in fisheries. The effects of age
data on uncertainty estimates of parameters and model output is less well-studied,
though. We perform a simulation study as well as look at an example from Atlantic
cod Gadus morhua to determine the effect of age data on uncertainty estimates
using a spatial resampling bootstrap approach. In general, age data narrows the
confidence intervals associated with bootstrapped models; however, the effect is
more noticeable for some life-history types and fishery development scenarios than
others. Model output for cod did not see this same trend, though, as confidence
intervals for model output either remained the same across age data proportions or

actually increased.
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10.1 Introduction

Age and length data (also known as composition data) are crucial for fitting accurate
and dependable integrated assessment models in fisheries (Wetzel and Punt, 2011; Ono
et al., 2015; He et al., 2016). They have been shown to be important for determining
growth (Francis, 2016; Lorenzen, 2016), estimating recruitment parameters (Magnusson
and Hilborn, 2007; Ono et al., 2015), and essential for any hope of estimating natural
mortality (M) in fish (Lee et al., 2011; Sippel et al., 2017). Much attention has been
appropriately devoted to the importance of composition data for accurately and precisely
determining model parameters as well as estimated stock biomass. While it is mostly
unambiguous that composition data aid in the fitting of stock assessments, it is also
generally agreed upon that an overabundance of composition data is not needed to
improve model fit (Wetzel and Punt, 2011; Ono et al., 2015; He et al., 2016). Many
studies that assess the effects of composition data show that at least some fishery-
independent age and length data are needed to reduce bias in parameter estimates and
accurately fit stock biomass, but beyond a certain point more data do not necessarily
decrease bias. This paints a rosy picture for stock assessments especially for stocks
that have some composition data but are otherwise relatively data-poor, but the effect
of composition data on parameter and biomass uncertainty estimates has not been
rigorously tested. While the relationship between more composition data and better
model fit is thought to be asymptotical, the effects of composition data sample size on

uncertainty estimates has not been thoroughly explored.

Several different methods are used to estimate uncertainty (e.g. 95% confidence or
credible intervals) in integrated assessment models (Magnusson, 2016). These methods
are generally Markov-chain monte carlo (MCMC), the Delta method, and the bootstrap.
While each of these methods has its strengths and weaknesses all of them rely on

available data to estimate uncertainty intervals. MCMC explores an area around the
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minimum of the objective function to determine credible intervals (Gelman et al., 2014),
and the Delta method uses the inverse-Hessian matrix of partial derivatives from the
objective function to determine confidence intervals for parameters (Fournier et al.,
2012). There are several bootstrap methods all of which utilize a resampling of the data
a number of times and re-calculating the model to gain an understanding of how wide
or narrow a range of results would be achieved (Efron and Tibshirani, 1993). One way
this is commonly done is by resampling a number of times the estimated distributions
of various data sources that go into the model (Magnusson et al., 2013). Another more
recently introduced method is the spatial-resampling bootstrap method of Elvarsson
et al. (2014). This method takes advantage of spatial disaggregations in the data (i.e.
data taken from different spatial areas) and randomly resamples data from these different
areas with replacement. Given that composition data feed into all of these uncertainty
methods it seems a reasonable argument that data of greater quality and quantity would

result in greater confidence in the model assuming that the model is correctly specified.

In this study we use the spatial resampling bootstrap method of Elvarsson et al. (2014)
to assess how decreased composition data (esp. age data) impact confidence intervals.
This method works by taking spatially disaggregated data (i.e. data sampled in spatially
discrete regions), randomly selecting available areas (with replacement), and using this
resampled data from these areas to fit a model. This procedure is then performed some
number of times and the middle x% of estimated parameter values from the » iterations
are used to estimate the x% confidence interval. For example, let both the fishery-
independent and non-fishery-independent data come from 100 spatially discrete areas.
At each iteration in the spatial resampling bootstrap method 100 of these units would
be randomly sampled with replacement, and the data from these randomly sampled
areas would be used to fit a model (with data from some areas being duplicated and data
from others not used at all). This procedure would then be repeated some number of

times (typically either 100 or 1000) and the resulting range of parameter and biomass
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estimates used as a confidence interval on the estimates.

This method is wholly different than the typically used bootstrap method introduced
by Efron and Tibshirani (1993) and tested by Magnusson et al. (2013). However, the
resulting confidence intervals very much rely upon the appropriate data going into the
model (i.e. better data and more data should lead to greater confidence in the proposed
model). Decreasing composition data is likely to result in a lower confidence of the
representation of the underlying processes that created the data, which we fully expect
to see. The objective of this study is to determine how confidence intervals become
tighter as composition data increases. Therefore, the main objective of this study is to
determine if the width of confidence intervals continues to decrease with increasing
composition data or if the level of confidence asymptotes with increasing composition
data similar to the way that bias in parameter estimates does. Additionally, a secondary
objective is to determine how confidence interval changes with composition data differ
among life-history types. We compare different life-history types using simulations
for life-histories that are based on a cod-like stock, a flatfish-like stock, and a small
pelagic stock. We also compute confidence intervals on a stock assessment using data
from Atlantic cod in Iceland whereby composition data are sequentially removed and
bootstrap confidence intervals estimated. This is used as an approach to explore how
confidence intervals change in a real-world example as data are removed. We use the
integrated assessment modeling platform Gadget (Begley, 2012) to test the effects of

reduced composition data on estimate of uncertainty in stock assessment.
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10.2 Methods

To test the effects of reduced composition data on uncertainty estimates we created three
operating models based on simulated life-histories and one operating model based on a
real stock (Atlantic cod) from Icelandic waters. The three simulated operating models
were based all based on fish that are present in Icelandic waters: Atlantic cod (Gadus
morhua L.), European plaice (Pleuronectes platessa), and capelin (Mallotus villosus).
To differentiate the simulated cod operating model from the stock assessment model
for Icelandic cod we will refer to the former as cody;,;, and the latter as cod;... The
other simulated operating models will be referred to as flatfish and capelin, respectively.
Gadget was used as both an operating and estimation model in order to remove any
potential biases that might exist among different types of models, which makes interpre-
tation of the effects being tested more straightforward. For both OM and EM we used
Gadget 2.2.00 (Begley, 2012). Additionally, we developed an R package, gadgetSim
(Frater, 2018a), that easily connects R and Gadget for simple OM and EM setup as well

as reading results using the R statistical software environment (R Core Team, 2017).

10.2.1 Operating Models

Operating models were based on the three life-history types described above. Parameters
for these models were loosely based on data and assessments for the respective species
from the Icelandic Marine and Freshwater Research Institute (Hafrannséknastofnun,
2018). Parameter values needed that were not available were supplemented either from
the literature or using FishBase (Froese and Pauly, 2017b) in cases where the literature

was not informative.

Gadget is an age- and size-structured model where fish in each cohort are reduced

according to fishing and natural mortality.
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where N, are numbers at age a in year y, M, is the age-specific natural mortality, and

F is asymptotic length selective fishing mortality.

Spawning in the OMs for each year was based on the Beverton-Holt spawner-recruit
function (Beverton and Holt, 1957) but included multiplicative error as follows to create

time-varying recruitment:

Ry = 1Sy . eN(0.0r)
A+,
where R, is the mean recruitment in year y, Sy is SSB in year y, it and A are species
specific parameters controlling the steepness and maximum level of R, and o is a
species specific error term used to introduce time-varying recruitment. The value of
o for each species was chosen to induce enough process error to be clearly evident,
but not so much that it masked the trajectory of each respective fishery development
scenario (og = 0.02 for cod and flatfish; g = 0.04 for capelin). The resulting values

were used to fix a recruitment value for each year within the OMs.

Growth was implemented as a variant of the von Bertalanffy growth curve:

AL = (Lo — Li)(1 — e ¥

where L. is the mean length L as time ¢ approaches infinity, and k is the usual
Brody growth coefficient. Variation in mean size-at-age was implemented using
a beta-binomial distribution, and weight was based on the length-weight relation-

ship: W = aLP. Initial numbers of fish for each age class at year 1 was given as
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N = 1e08e~>@_ For further details on how populations are structured in Gadget, see

Begley (2012).

For each life history type and fishery development scenario we simulated a model that
ran for 120 years with the first 20 years serving as a burn-in period to allow OMs
and EMs to stabilize. For ease of interpretation the burn-in period was discarded and
hereafter each year is referred to as the respective year minus 20 (i.e. the final year is

100 and the beginning year at the end of the burn-in period is 0.

The fishery development scenarios were the commonly used fishing trajectories two-
way-trip, fish down, and flat MSY. These trajectories were created specific to each
life-history type by calculating the fishing mortality at maximum sustainable yield
(Fysy) and setting up the development scenarios in relation to that. We calculated Fy sy
by computing yield curves across values of F and defined Fysy as the value for F
that resulted in the maximum yield. Other reference points used to determine fishery
development scenarios will be referred to as F;,j, and Fj,,, which were defined as the
values for F that resulted in yield being 0.8 times the yield at Fy;sy, where Fj,,, < Fysy
< Fjig, (Table 10.13). Fishing for all fishery development scenarios began in year 20.
For the fish down scenario, the fishery began with an F of 0 and increased linearly to a
high of Fj;g;, in year 100. The two-way-trip scenario began similarly, but reached an
F of Fpgp, in year 68 and then decreased to Fysy in year 100. The flat MSY scenario

began fishing in year 20 at Fj;sy and remained there for the duration of the model.

10.2.2 Sampling the OM

We used output from the OMs as “data" on which to minimize the objective function
in the EMs. To estimate confidence intervals we used the spatial resampling bootstrap
method of (Elvarsson et al., 2014). This method randomly samples spatially defined

sampling units with replacement and uses the samples from these spatial units (with
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Table 10.12. Parameters used in the operating model for each life-history type. Dots
for the Lengthgp, . parameter indicates a repitition of the final value until maximum
age of the stock. Parameters for the growth, maturity, spawning, and fleet selectivity
parameter types refer to the Gadget functions “lengthvbsimple”, “exponential” length
selection in the spawning file, Beverton-Holt spawner-recruit process, and

“exponentiall50” suitability curve, respectively.

Parameter Parameter Type Cod Capelin Flatfish
Min. Age Stock 1 1 1

Max. Age Stock 20 5 30

Min. Length ~ Stock 1 1 1

Max. Length ~ Stock 150 25 100
Lengthgp, ., Stock 2,4,6,8,10,... 1,1.5,2,... 2,4,6,..
M Mortality 0.2 1 0.1

L. Growth 125 20 55

k Growth 0.15 0.6 0.14

to Growth -0.35 0 -1.3

o L-W Rel. 6.7e-06 7.1e-06 9.6e-06
Brw L-W Rel. 3.1 3.15 3

Oyat Maturity -0.2 -2 -0.25
Lso,,., Maturity 64 12.5 30

ABH Spawning 1.07e+08 5e+07 1.07e+08
UBH Spawning 3e+08 8e+10 2e+08
Oflcer Fleet selectivity 0.1 1 0.2

Lsg fieer Fleet selectivity 45 7 30

replacement) to calculate a confidence interval on model parameters. Since our OMs
were defined as single area models we created pseudo-areas in the OM output by
defining 100 false units and dividing the number of fish from each year, step, and age
into these false units using a Poisson distribution to calculate the proportion of each fish

that should be divided into each unit.

Pa
Nyra’l = Nytl

Zpa”

a/

Pa ~ POiS(3)

where Ny, is the number at each stage of the model as before and p,, is the Poisson

distribution modeled with 6 = 3.

Each bootstrap replicate sampled the OM with asymptotic selectivity similar to the
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Table 10.13. Fishing mortality (F) values used to determine fishery development
scenarios. Both F,,, and Fj;g, are the F values that produce 80% yield compared to

Fysy.

Species  Fysy  Flow  Fhign
Cod 0.22 0.11 045
Flatfish 0.12 0.06 0.22
Capelin 1.08 0.53 1.82

fishery selectivity, but with an inflection point scaled lower in order to sample a greater
number of smaller-sized fish. Starting in year 70 we sampled OM output biannually by
applying asymptotic selectivity on absolute numbers at year, timestep, age, and length

combinations up to a maximum of 0.001% and with multiplicative error as follows:

Iytal = SlNytaleN(u’o)a = 0,0 =0.2

where 1,4 is the index of abundance at each year (y), timestep (¢), age (@), and length

(D), S; is the selectivity at length up to a maximum of 1% of total numbers N.

We used these as abundance data in our EMs. Composition data was sampled as a
subset of the abundance index data. Length data were randomly sampled from the
abundance indices at either 50 or 200 samples per year and step, and age samples were
randomly selected from the length samples at the following rates for each scenario: 1
(i.e. all length data also aged), 0.75, 0.5, 0.25, 0.1, or O (i.e. length data only). This
resulted in a total of 12 different models for each of the 3 life-history types and 3 fishery

development scenarios for a total of 108 different scenarios.

Catches from fleets were recorded without error, but commercial sampling of composi-
tion data was bootstrapped and sampled similarly to survey sampling for composition
data, but a size-selective curve was not applied as the fishery already implements length-
based selectivity. Rather 0.001% of fishery output were sampled and used as length data

regardless of size. Sampling these values to use as age data in the EMs was based on
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the appropriate scenario in accordance with the fishery-independent sampling described
above. For each of the 108 distinct scenarios we performed the spatial resampling

bootstrap method from above 100 times.

10.2.3 Estimation Models

EMs were set up for each independent data set under each scenario and fit using the
iterative re-weighting procedure described by Stefansson (2003) and implemented by
Taylor et al. (2007) and Elvarsson (2015). This procedure consists of performing a
separate optimization run for each likelihood component (e.g. indices of abundance,
each composition data set, etc.) using a heavy weight on that component. Variance for
that component optimization is estimated as the overall likelihood score (SS,) divided

by degrees of freedom (d f,) 63 = 3]% where the number of non-zero data points (df)

serves as a proxy for df. (Elvarsson, 2015). After all component-weighted optimization
runs have finished a final optimization run is performed using the inverse variance from
above as the weight on that respective component (w. = 1/672). We used the R package
Rgadget (Elvarsson and Lentin, 2018) to automate this procedure. The likelihood that
was used for composition data was the sum-of-squares function in Gadget. Abundance
indices were fitted using a log-linear regression of estimated to observed values with a

slope fixed at 1 and intercept estimated internally.

All model parameters except for M, were estimated. These include parameters for
growth (simplified von Bertalanffy function), growth implementation (beta-binomial),
initial starting values, Beverton-Holt spawner-recruit parameters, spawning maturity,
and selectivity parameters for surveys and fleets. It should be noted that spawning
maturity was implemented as the proportion function in the Gadget spawning file and

not as a separate stock that matures into a spawning stock.

For each data scenario, life-history type, and fishery development scenario we optimized
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the 100 bootstrap replicates each consisting of a different randomized data set. All
models were assessed for convergence by ensuring that the convergence criteria in the

optimization procedure was met.

10.2.4 Performance Assessment

We assessed the performance of EMs under each scenario using relative error (RE) and
median absolute relative error (MARE) of estimated parameters and both spawning
stock biomass in the terminal year (SSBjoo ) as well as depletion (DEP = SSBy/ SSB100

).

RE=(0-0)/6

MARE = median(|6 — 0)|/6)

10.2.5 Cod Assessment Example

In addition to the above simulations we also performed a similar procedure on the stock
of Atlantic cod Gadus morhua from the waters around Iceland. An integrated stock
assessment for cod was created similar to that of Taylor et al. (2007), but updated to
include the years 1985-2015. This stock assessment was then bootstrapped 100 times
at each of the same age data proportions as the simulation models above (i.e. 1, 0.75,
0.5, 0.25, 0.1, and O — length only). 95% CIs were calculated for estimated parameters
and model output and compared across the different age data sample size scenarios to

assess how age data affects CIs in this particular stock.
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10.3 Results

10.3.1 Simulation Scenarios

Parameter estimate bias and confidence intervals of the parameter estimates both de-
creased with increasing age data. In addition, confidence intervals were tighter in
scenarios with greater quantities of length data. These results were most notable for the
upg parameter (Fig. 10.39). Other parameters showed results either similar to ugy or
no differences across the age and length scenarios. The results for ugy were especially
evident for both cod and capelin. Median estimates of g for flatfish were relatively
similar across both age and length scenarios, but confidence intervals were generally
tighter for scenarios with at least 25% of the full age data present. Beyond this level of

age data it was difficult to distinguish any differences in confidence intervals for flatfish.

The trend of lower bias and tighter confidence intervals was perhaps even more notable
in measures of both depletion and terminal biomass (Figs. 10.40-10.41). Depletion
estimates and confidence intervals of those estimates decreased with increasing pro-
portion of age data samples for both cod and capelin. Bias also seemed to decrease
and confidence increase with greater quantities of age data to a greater degree in the
scenarios with greater length data sample sizes. That is, in the scenarios with only 50
length samples per year increased age data samples did not seem to decrease bias or
increase confidence of depletion estimates as much as the scenarios with 200 length
samples per year although this pattern seemed to hold more for depletion estimates than
for measures of terminal biomass. Estimates of biomass in the terminal year seemed to
follow the trend of higher confidence with greater quantities of age data for capelin, but

not nearly as much for cod and especially flatfish (Fig. 10.41).
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Figure 10.39. Median parameter estimates and 95% confidence interval from
bootstrapped models for six different age proportion scenarios and two length
scenarios for the | parameter of the Beverton-Holt stock recruit equation.
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10.3.2 Cod Assessment Scenarios

Decreasing age data samples sizes proportionally to the full data available from surveys
generally increased the estimated number and biomass of fish in the Icelandic cod
stock (Fig. 10.42-10.45). The 95% CI were not largely affected by decreasing the
age data sample sizes in proportion to the full data available. 95% CI for numbers
perhaps decreased slightly with greater availability of age data (Fig. 10.42), but actually
increased for biomass with greater sample sizes of age data. This is reflected in the
parameter estimates. The 95% CI of recruitment parameters decreased with greater age
data sample sizes (i.e. higher confidence with more age data—Fig. 10.46) whereas the
95% CI of the both the L., and to some degree the k parameters decreased with increasing
age data sample sizes (i.e. lower confidence with more age data—Fig. 10.48). The 95%
CI on selectivity parameters seemed to be relatively unaffected by the proportion of age

data samples in the model.
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Figure 10.42. Number of fish and 95% confidence interval of bootstrapped cod
assessment models across age data sample size proportions.
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Figure 10.43. Same as Fig. 10.42, but with log,, scale on the y-axis.
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Figure 10.44. Number of fish and 95% confidence interval of bootstrapped cod
assessment models across age data sample size proportions.

10.4 Discussion

The decreased bias and tighter Cls in a number of parameters and biomass estimates
associated with proportionally higher sample sizes of age data is unsurprising. There
is a rich field of study within statistics that is dedicated to the relationship between
sample size and model certainty (i.e. power — Cohen, 2013; Kraemer and Blasey, 2015;
Aberson, 2019). Additionally, and specific to fisheries stock assessment, a number of
studies have shown decreased bias with higher sample sizes of composition data (Wetzel
and Punt, 2011; Ono et al., 2015; He et al., 2016). The results from our simulation study
are novel as they show the importance of composition data to uncertainty estimates in

integrated assessment models. The effects of sample size on confidence intervals in
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Figure 10.45. Same as Fig. 10.44, but with log, scale on the y-axis.

nonlinear models has been explored more generally (Htjet et al., 1990), and increased
sample size has been shown to decrease confidence interval width to a certain point
(Royston, 2007). While methods of uncertainty estimates have been previously studied
in fisheries models (Magnusson et al., 2013; Magnusson, 2016), the effects of sample
size (esp. composition data) on uncertainty estimates in fisheries models is not well

studied.

A result from this study that are rather more surprising is the uniformity in confidence
intervals across age data sample sizes for estimates of total numbers in the cod assess-
ment and wider confidence intervals with increased age data for biomass. The scenario
with no age data whatsoever in the cod assessment had the narrowest CIs for biomass,
whereas those with full age data had the widest. It seems that even just 25% of the full
available age data is enough to stabilize estimates in the median values of both numbers
and biomass in the the cod assessment, while models using 50% of available age data
were almost indistinguishable from those with higher age data sample sizes (in terms
of median value estimates for both numbers and biomass). The CIs, however, did not
follow the same trend as the median point estimates of numbers and biomass. The 95%
CI for numbers in the cod assessment model with full age data were almost just as wide
as those with no age data, and the width of the 95% CI for biomass just decreased as

age data was removed.
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Figure 10.46. 95% CI range of annual recruitment parameters across age data sample
size proportions. Each dot represents the 95% range for the recruitment parameter of a
particular year from 1985-2015. The blue line is a loess-smoothed line across age data
proportions.

The static width of the CIs across models for numbers of fish in the cod assessment
was especially surprising given the increased confidence in recruitment parameters with
increasing age data. It would make sense that if recruitment parameter CIs were tighter
with increasing age then so would be the confidence on estimates of numbers. He and
Field (2018) showed that greater recruitment variability can lead to high uncertainty
in estimation of recruitment parameters, so perhaps the recruitment variability in the
example stock of Icelandic cod used here is high enough that uncertainty in estimates of

numbers are doomed to be high no matter how much age data is present.

Our results show that, at least in certain scenarios, fitting integrated assessment models
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Figure 10.47. Estimates and 95% confidence intervals growth parameters across age
data sample size proportions.
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Figure 10.48. Range of 95% confidence intervals for growth parameters across models.

using higher sample sizes of age data leads to narrower confidence intervals. However,
in other scenarios confidence intervals were relatively unchanged across sample size
proportions of age data. This study represents an initial attempt at trying to understand
the effect of age data, and composition data more generally, on confidence intervals in
integrated assessment. This study should be extended using other integrated assessment

models (i.e. Stock Synthesis 3, etc.) and other methods of uncertainty estimation.
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Figure 10.49. Estimates and 95% confidence intervals selectivty parameters across age
data sample size proportions.
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