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ARTICLE INFO ABSTRACT

Handled by: Jie Cao Simulation testing is fundamental for evaluating which features to include in a next-generation stock assessment
model. One feature, contemplated but rarely adopted, is to extend the standard age-only population array to
estimate population numbers dynamically by both age and length-within-age. This allows the model to capture
changes over time in the shape of the length-at-age distribution when mortality is asymmetric with respect to fish
body length. Here we use simulated data from an individual-based fishery model to evaluate three assessment
models. Two are versions of Stock Synthesis (SS3), one employing a standard formulation and a second using
‘platoons’ to account for dynamic numbers by length-within-age. The third model, using a ‘slice partition’ to
model numbers by length-within-age, was designed for assessing fisheries with a knife-edge truncation of the
catch at a regulated legal minimum length. Platoons produced substantially better estimates of mean length-at-
age, selectivity, and biomass than SS3-age for the simulated fishery scenarios with a higher level of individual
growth variation. SS3 with platoons also produced better estimates than the slice model for these high growth
variation scenarios, primarily when selectivity was estimated and was not knife-edged. The three assessment
models performed well, and similarly, for lower individual growth variability, except that the slice model per-
formed modestly better under knife-edge selectivity for which it was designed. Incorporating dynamic popula-
tion numbers by length-within-age can be ranked as a medium priority for a next generation assessment model.
Incorporating platoons in SS3 showed a clear performance gain, with moderate improvement evident, when
there is high individual variation in growth. If length-within-age is incorporated, platoons are preferable to slices
for implementation flexibility: by specifying the use of only one platoon, the model reduces to a standard age-
based form, leaving all other model features unchanged.
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1. Introduction numbers in the upper range of each cohort’s length-at-age distribution

changes its shape. This length-asymmetric mortality reduces the pop-

Since the 1980s, fishery assessment models have generally repre-
sented change in fish population number by age and cohort, but not also
by fish length within each age class. The distribution of fish lengths
about the mean is usually assumed not to change over time, in particular
under differing levels of fishing mortality. However, this ignores that
faster growing fish incur higher rates of fishing mortality sooner than
slower growing fish because faster growing fish reach legal or gear-
selected size at a younger age. This more rapid reduction in fish
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ulation’s mean length and its standard deviation, leading to a bias called
the Rosa Lee phenomenon in age-only models (Lee, 1920; Kraak et al.,
2019.)

The Rosa Lee phenomenon can only be addressed within assessment
models that dynamically represent both age and length. This can be
done by representing the spread of fish by length in each cohort as a
continuous distribution or partitioning each cohort into discrete length
bins. The models of Deriso and Parma (1988) and Parma and Deriso
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(1990), and those, both steady-state (Smith and Botsford, 1998) and
dynamic (Banks et al., 1991; Kristensen et al., 2006), that analytically
solve the von Foerster equation, model a continuous distribution of
lengths at age. In practice, the von Foerster equation can be solved only
for a limited range of special cases. Discrete length bins are used in
assessment models that apply growth-transition matrices to each cohort
(e.g., Froysa et al., 2002; Allen Akselrud et al., 2017), which is compu-
tationally expensive. While advancements with the growth transition
approach continue to be made (Zhang and Cadigan, 2022), ‘growth
groups’ (see below) provide a more computationally efficient break-
down of a cohort by growth trajectory (Punt et al., 2002).

Punt et al. (2020) note that much of stock assessment science is
focused on the use of ‘integrated’ methods of assessment. These methods
separate the development of the hypothesized model of the population
dynamics (time-dependent equations) from the likelihood sub-model
that relates model predictions to the data (see Maunder and Punt,
2013 and Punt et al., 2013 for reviews of integrated model frameworks
based on age-structured and size-structured population dynamics
models). Punt et al. (2020) highlight several areas that need further
development as part of the ‘next generation’ of stock assessment pack-
ages, including the need to capture age and size/stage dynamics
simultaneously yet computationally efficiently. Of the major stock
assessment packages used worldwide, GADGET [Globally applicable
Area Disaggregated General Ecosystem Toolbox] (Begley, 2014) in-
tegrates age-length dynamics using a computationally intensive
approach. Stock Synthesis (SS3; Methot and Wetzel, 2013) and Casal2
(Doonan et al., 2016) include age-length dynamics approximately using
‘platoons’ (SS3) or ‘growth paths’ (Casal2). The latter two approaches
are computationally efficient (for SS3, see Taylor and Methot, 2013), but
their performance has not been evaluated in detail. In this paper we
evaluate two methods to model dynamic length-within-age: platoons
and slice partitions.

The slice method for partitioning the continuous length-at-age dis-
tribution (McGarvey et al., 2007) was developed for fisheries whose
catches by length are truncated under a regulated legal minimum length
(McGarvey and Fowler, 2002). The cohort lengths-at-age are partitioned
into bins (slices) that vary in width and grow with the cohort. With each
time step a single new slice is defined as that portion of the length-at-age
distribution that grows across the legal minimum length into harvest-
able size. The number of fish in each slice is accounted for as the cohort
grows and animals die. The more rapid removal of faster growing fish is
modelled by the right-hand (larger fish) slices reaching harvestable size
sooner and incurring higher (fishing) mortality over more model time
steps. Rosa Lee bias is thereby addressed because the model accounts for
the more rapid removal of the faster growing fish in the population (and
the length selectivity of the catch) when fitting to catch length-at-age
samples. Since the early 2000s, slice partition models have been used
to assess three fish stocks off South Australia, all regulated by legal
minimum length, King George whiting Sillaginodes punctata (Fowler and
McGarvey, 1999), southern garfish Hyporhamphus melanochir (McGar-
vey et al., 2007), and snapper Pagrus auratus (McGarvey and Feenstra,
2004).

SS3 models size-specific survivorship by representing the overall
distribution of length-at-age as the sum of several overlapping length-at-
age normal distributions called growth platoons (Taylor and Methot,
2013).  Platoon-specific  selectivity-at-age is derived from
selectivity-at-length then used when applying fishing mortality, such
that the larger platoons experience higher F at an earlier age and the
Rosa Lee effect is addressed. Details of the slice and SS3 assessment
models are provided in these cited references, and in Sections 2.4 and
2.5 below.

The overall goal of this study is to evaluate the relative gains of
including length-within-age in next generation stock assessments. The
study had two objectives: (1) to compare the estimation performance of
the standard version of SS3 (here termed SS3-age) to that of an SS3
configuration that incorporates platoons, and (2) to compare the
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estimation performance of the SS3 platoon approach to that of the slice
approach. The first objective quantifies the benefit of accounting for
length-within-age for assessment purposes, and the second compares
two methods of doing so.

2. Methods

We used an individual-based model (IBM), originally developed to
assess the value of data sets that added catch in number to the usual data
of catch in weight and effort (McGarvey et al., 2005), to create simulated
data sets based roughly on a South Australian snapper stock. The
quantities of this simulated fished population serve as the true values
that the assessment models are intended to estimate. The sets of true
values are fourfold: (1) the suite of input parameters to the IBM, for
recruitment, growth, mortality, and length selectivity; (2) the changing
numbers in the simulated population by cohort year, age and length for
each monthly time step of the IBM; (3) the output data sets generated by
the IBM to which the assessment models are fitted or conditioned on,
catch total by weight, catch rate, and yearly random samples of the catch
by age and length; and (4) management quantities of recruitment,
population number, and biomass. Data sets (3) are summed over IBM
months to give semester-time step resolution used by the semi-yearly
assessment models. The assessment models’ yearly estimates of (4) are
compared to IBM true as the primary basis for evaluating assessment
model performance. Fishing mortality, growth variability, and selec-
tivity are modeler-specified to generate each of the eight scenarios used
here for performance comparisons among the three assessment models.

This simulation model is not based on any of the three assessment
models and so offers an independent way to evaluate biases in estimates
of management quantities from these models and to compare them. It
thus extends, and improves on, previous evaluations of the effects of
individual variation in growth such as Punt et al. (2017) by modelling
individuals rather than platoons (which would match one of the esti-
mation methods).

Eight scenarios were created by changing the values of the param-
eters of the IBM, then 100 simulated data sets were created from each
scenario. Each data set was analyzed by three assessment models: the
standard version of SS3 using length selectivity but only one platoon
(labelled as “SS3-age"), an SS3 version that incorporates five platoons
(“SS3-platoons”), and an assessment model using slices (“slice model”).
Performance was evaluated by calculating relative errors from the IBM
“truth” for four yearly management quantities: recruitment, total fish-
able population numbers, fishable biomass, and fishing mortality, in
addition to estimated selectivity by length and mean length-at-age.

2.1. Individual-based data simulator

The IBM had a monthly time-step, and covered 30 years (nominally
“1990” to “2019”), spanning a plausible range of time when age-length
data might be available for modern fisheries. In each monthly time step,
all fish grow and may die due to either natural causes or fishing. The
probability of being caught depends on logistic length selectivity and
user-specified yearly instantaneous maximum F. There is no maximum
age imposed. The population is initialized at the start of 1990 by
assuming that all animals grow according to the same growth curve and
mortality is constant during a ‘burn-in’ period of 30 or 48 years (see
Section 2.2). The IBM produces simulated catch and effort totals, and
samples of the catch by age and length. Annual true values for biomass
and population number were taken as those at the start of the first month
of each year. The specified 12 IBM values for F were held constant
through each 12-month year. The following sections summarize key
features of the IBM.

2.1.1. Recruitment
A single recruitment time series with no trend or spawner-
recruitment relationship was used for all simulated datasets, with a
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mean of approximately 10,000 age-0 individuals born each year. A
single recruitment time series was used (Fig. S1) to avoid an unworkably
large number of scenarios. Recruitment had four peak years, 1990,
1998, 2005, and 2009 (Fig. S1). The length at birth was sampled from a
normal distribution with a mean of 1 cm and a standard deviation of 0.1.
Recruitment during the pre-1990 burn-in period was fixed at 10,000 fish
per year.

2.1.2. Growth
Growth was modeled using a von Bertalanffy monthly growth
increment formula, i.e.:

Liac =Lt (Lo — L) (1 —e2) M

Individual variation in growth was modeled by randomly assigning
values for K and L, to each animal at birth. These individual K and L,
values were sampled from a bivariate normal distribution (Williams and
Shertzer, 2005) with mean (uy, y;_) and covariance matrix defined by
(o2, of_, p). The variances, oz and o , were computed from
scenario-specific CV’s, i.e., ox = ji-CVg and o1, = y;_-CV,_, with the
covariance between K and L., calculated as ox-or_-p. The input ‘true’
growth parameter values are given in Table 1.

2.1.3. Length selectivity and mortality

Fishery selectivity was a logistic function of fish length parameter-
ized in terms of lengths at 50% and 95% selectivity. Probabilities of
death were calculated for each monthly time step given user-specified
fully-selected fishing mortality F and natural mortality M. The
monthly probability of capture, Fs, given each fish’s length, was
calculated as £ multiplied by logistic length selectivity, while the
monthly probability of death by natural causes was . A random num-
ber was drawn for each simulated fish to determine whether it dies,

based on an overall mortality probability of (% +%> in a monthly time

step. If death occurs, a second random number determined the cause of
mortality with respective probabilities of ﬁ and W%M)
2.1.4. Data generation

Age and length data were obtained by taking a random sample from
all the captured fish in each year. The age, length, month, and year of
capture were recorded from each sampled individual. The sampled fish
were aggregated by half year to compute catch proportions by age and
length (or for the slice model, length moment statistics) to produce data
sets from each half-yearly time-step (“semester”) used by the assessment
models. Total catch in weight and a measure of total effort over each
semester were summed from the IBM. Monthly effort was computed as
catch weight divided by fishable biomass, and CPUE by semester as the
total catch biomass divided by effort. No additional observation error
was added beyond the demographic stochasticity in individual monthly
death and growth processes because the focus of this study is on the
dynamics of size-survivorship.

Table 1
The values for the IBM simulation parameters not varied in the
scenarios.

Parameter Value

Recruitment Time series in Fig. S1
Natural mortality 0.1yr?

Growth

e Mean of L, Hr, 100 cm

e Mean of K, yy 0.1yr!

°ep -0.4

Weight at length

o Coefficient 3.0E-8

e Power exponent 2.86
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2.2. Scenarios

The eight IBM scenarios (1A to 4B; Table 2) comprise all combina-
tions of (1) two assumed yearly time series of fishing mortality (F), (2)
two logistic length-selectivity ogives, and (3) two CV values for indi-
vidual growth variability. Unlike previous studies such as that of Punt
etal. (2017), all eight scenarios include individual variation in growth as
this is realistic for most actual fished populations.

The two F time series were (1) a time-invariant F = 0.4 yrfl, and (2)
a “one-way trip” with a gradual rise in F over the first 10 years (nomi-
nally 1990-1999) from 0.025 to 0.25 yr™! in increments of 0.025 yr™?,
with F from 1999 onward set to 0.25 yr L. As ‘burn-in’, the IBM was run
for 30 years prior to 1990 at F = 0.4 yr! for the constant-F option, and
for 48 years prior to 1990 at F = 0 under the one-way trip option
(Table 2). The longer duration for F = 0 provides more information on
older fish.

All length selectivity scenarios used Lsy = 40 cm, but logistic
steepness was varied by the choice of Lgs: (1) a ‘knife-edge’ scenario was
run to simulate the effect of a fishery managed under a legal minimum
length (Lgs = 41 cm), with the (2) ‘less steep’ (Lgs = 45 cm) logistic
scenario modeling selectivity for a fishing gear. Fishable biomass and
fishable population numbers were defined as fish of length greater than
the Lsy of 40 cm for knife-edge selectivity and greater than 30 cm for
“less steep” selectivity because the size range of fish in the harvestable
stock varies for the two selectivity scenarios.

Two scenario options were considered for individual growth vari-
ability, which determines the variation of K and L, for individual fish at
birth. The two growth variability options were (1) CV = 0.1 (A sce-
narios) and (2) CV = 0.2 (B scenarios), where CV = CVx = CV,_.

2.3. Behavior of the IBM simulator

In order to better understand the data generated by IBM, we exam-
ined (1) how well effort represents trends in fishing mortality (where F is
assumed to vary in proportion to effort in the slice model), (2) how well
CPUE represents trends in biomass (biomass is fitted to CPUE in both SS3
models), and (3) how strongly the Rosa Lee phenomenon affects the
mean length-at-age and the length-at-age probability density functions
(pdfs).

The IBM-computed fishing effort (catch weight divided by fishable
biomass) agreed well with the specified ‘true F’ (see Fig. S2 showing one
replicate for two scenarios). The monthly variation shown in Fig. S2
reflects the demographic stochasticity that arises from the individual
probabilities for fishing and natural mortality. Similarly, and as ex-
pected given how effort was defined in the IBM, the IBM biomass
matches the generated CPUE nearly identically (see Figs S3 and S4 for
annual and semester values for two replicates and two scenarios). This
low error is intended because the goal of this paper is to evaluate the
impact of how growth and length-at-age are modelled.

The Rosa Lee effect reduces the apparent mean length-at-age of co-
horts in the fishable-size population because fishing mortality selec-
tively removes larger, faster growing fish. Thus, the (true) population
mean length-at-age will be less than the hypothetically unexploited
population mean length-at-age, the latter determined here by the von
Bertalanffy growth of individual fish specified by sampled K and L.

The magnitude of the Rosa Lee effect is explored under varying levels
and time patterns of fishing mortality and different choices for the
steepness of logistic selectivity by tracking the IBM monthly lengths of
all fish created in a cohort of 10,000 recruits, selectivity knife-edged, for
three constant levels of fully-selected fishing mortality. Mean length-at-
age was computed and plotted for every twelfth month of age. The
dashed lines in Figs S5 and S6 are the means of length-at-age computed
directly from the true mean values of the von Bertalanffy parameters (u
=0.1yr!and 1, = 100 cm) while the colored dots plot mean length-
at-age of the IBM cohort for fishing mortality rates of 0, 0.25 and
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Table 2
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Parameter values or functions specifying the eight IBM scenarios (scenario 1A, scenario 1B, scenario 2A, etc.).

Scenario Variation in growth Fishing mortality Length selectivity Lso (cm) Los (cm) Burn in time (years)
parameters
1A CV =0.1 F: constant Length selectivity: knife-edge 40 41 30 (F=0.4yr")
1B V=02 03 1.00f
0.4
0.751
03
0501
0.2
0.251
01
0oL | | | | | | 0.00+ - - | | | | |
1990 1995 2000 2005 2010 2015 2020 300 350 400 450 500 550 600
2A CV=0.1 F: one-way trip Length selectivity: knife-edge 40 41 48 (F=0)
2B CV =02 B 1.004
04
0.751
03
0501
02
0.251
01
0,047 | | | | | | 0.00-: - | | | | |
1990 1995 2000 2005 2010 2015 2020 300 350 400 450 500 550 600
3A Cv=0.1 F: constant Length selectivity: less steep 40 45 30 (F=0.4yr )
3B CV =0.2 o 1000
04
0.751
03
0501
02
0.251
01
0.0k | | | | | | 0.00-: | | | | | |
1990 1995 2000 2005 2010 2015 2020 300 350 400 450 500 550 600
4A CvV=0.1 F: one-way trip Length selectivity: less steep 40 45 48 (F=0)
4B V=02 0= 1.004
04
0.751
03
0501
0.2
0.251
01
0.0 0.00-: ! | | | | |

1990 1995 2000 2005 2010 2015 2020

0.5 yr~1. Mean lengths-at-age for zero fishing mortality (red points in
Fig. S5 and S6) exactly match the curve based on the mean values for K
and L, in Fig. S5 and nearly match in Fig. S6. This confirms that using
discrete monthly growth increments and bivariate randomly sampled
individual parameters to model growth in the IBM results in the same
outcome as the von Bertalanffy formula for mean length-at-age. This
removes the way growth is modelled in the IBM as a potential extra-
neous source of bias. The two increasing non-zero levels of fishing
mortality lead to increasing differences between the expected mean
length-at-age above approximately age 7, with the effect very small for
CVg = CV_, = 0.1 (Fig. S5), but substantial for CVx = CV,_, = 0.2
(Fig. S6). A Rosa Lee leftward shift under increasing fishing mortality in
the pdf of length-at-age (Fig. S7; blue or green line for F = 0.25 and
0.4 yr ! compared with the red line for F = 0) is likewise evident from
about age 7, and becomes extreme for older fish. However, relatively
few fish survive to age 7 and older for F = 0.4 yr‘l (Fig. S8).

2.4. Assessment models

Three models were compared using two assessment platforms; two
versions of one platform, SS3, and the slice model.

2.4.1. Stock synthesis

SS3 is an age- and length-structured population dynamics model
fitted using ADMB (Fournier et al., 2012). It is capable of estimating
fishery selectivity-at-length, and time series of recruitments and fishing
mortality when supplied with time series of catch, fishery CPUE, and

fishery length compositions. Addition of conditional age-at-length data
(e.g., age data partitioned by each length bin) enables estimation of
growth parameters when other model assumptions are correctly speci-
fied (Lee et al., 2019). All recruits are assigned to a single group of fish
that all experience the same fishing mortality at age in an SS3 config-
uration without the platoons feature enabled (hereafter “SS3-age”). The
mean length-at-age of this group follows a trajectory defined by the
growth parameters. In each season, the standard deviation of
length-at-age distributes these fish among the population’s 2-cm length
bins. The product of this distribution and length selectivity produces the
mean selectivity at each age for each morph, which is used to distribute
fishing mortality across the ages. Similarly, body weight-at-age is built
from numbers and body weight at length for each length bin.

The SS3-platoons is an extension of the typical configuration. The
total recruitment is distributed among an odd numbered set of platoons
(5 in this study), rather than a single platoon. Two additional controls
need to be specified to use multiple platoons.

e An input vector specifies the distribution of recruits among the pla-
toons. The vector is typically chosen to approximate a normal dis-
tribution. Here that is set to: 0.031, 0.237, 0.464, 0.237, and 0.031.

e The second SS3 control is the ratio of the standard deviation in
length-at-age for each platoon to the standard deviation among the
platoon means. A high ratio creates broad overlap between the pla-
toons and a low ratio makes them more separated. The parameters of
the growth model specify the mean length-at-age for the central of 5
platoons, with the mean lengths-at-age of the other platoons
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calculated as offsets from those for the central platoon. The value of
the overall standard deviation of length-at-age and the assigned ratio
of within-to-between platoon standard deviation is used to calculate
the offset between platoons (i.e., the between-platoon standard de-
viation) and the standard deviation of length-at-age within each
platoon. For each platoon, the distribution of length-at-age is
convolved with length selectivity to calculate that platoon’s selec-
tivity-at-age.

Early work on this project used a ratio of 1.0 and found little dif-
ference between the results for SS3-age and SS3-platoons. This is
because high ratios create more overlap between the platoons. Subse-
quently, the ratio was set at 0.40 to provide more separation between
the platoons (Fig. S9) and better fits to the simulated data. In the dis-
cussion we explain how this difference in performance led to changing
the ratio factor into a parameter such that the SS3 model could estimate
its value when suitable data are provided. That estimation capability
was not available when we conducted the current study.

2.4.2. Slice model

In the slice model, mortality varies with fish length by acting sepa-
rately on subintervals of the lengths-at-age of each cohort. This model
keeps track of fish number within each subinterval (each ‘slice’) as an
added dimension (length slice within age cohort) in the model popula-
tion array. The distribution of fish by length prior to the effect of length-
dependent mortality is assumed to be normal, and the mean length-at-
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age, L(a), follows a von Bertalanffy growth curve:

L(a) = Lo,-(1 — exp( — K-a)), 2

where L, and Kare estimated, and age a is in units of years. The standard
deviation of the cohort length-at-age pdf is assumed to increase with age
and is modelled as a linear or power function of model-expected mean
length, i.e.

or(a) = oro-L(a)™, 3)

where o679 and o7 are estimated. The number of recruits of each cohort
at its age of creation (two years of age for the slice model) is an estimated
parameter.

The algorithm for assigning fish numbers by slice (Appendix A of
McGarvey et al., 2007) takes advantage of two features of a normal pdf:
(a) it is fully specified by its mean and standard deviation, and (b) nu-
merical subroutines based on polynomial approximations (Abramowitz
and Stegun, 1970) are available in ADMB to compute the z-scores along
the length axis that define the upper and lower bounds of each slice, and
hence the slice probabilities. The slice model can be implemented
assuming other length-at-age distributions (e.g., gamma, lognormal) but
this requires numerical methods to compute slice probabilities. Thus,
the use of normal z-scores greatly improves computational efficiency,
particularly when growth is estimated within the assessment as is the
case here. Slices grow with the cohort because the length range of fish in
each slice is defined by its position relative to the normal mean. In each
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Fig. 1. Estimation performance for scenario 1: F constant through time and near-knife-edge length selectivity. Two choices for individual growth variability are
presented: (A) CV = 0.1, and (B) CV = 0.2. Three assessment models are evaluated: SS3-age (Age-only, left column of panels), SS3-platoons (Platoons, middle column
of panels), and slice model (Slices, right column of panels). Yearly values shown are fractional deviations from IBM-simulated true values summarized as mean
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time step, one slice is created (and its z-score computed), as that pro-
portion of the normal length-at-age pdf that newly grows across legal
minimum length. A vector of z-scores is computed, defining the length
partition into slices, as a cohort grows to each higher age, as illustrated
in Figs. 1 and 2 of McGarvey et al. (2007).

The slice model was “effort-conditioned” with fully-selected fishing
mortality F related to monthly effort E according to F = gE, where g is an
estimated catchability parameter. Total catch in weight by semester was
fitted assuming a Gaussian likelihood with an assumed sigma (Table 3).
Catch proportions-at-age were fitted assuming a multinomial sampling
process. However, it is not convenient to fit slices to lengths-at-age data
aggregated into fixed length bins (as in a multinomial likelihood)
because slice bin partition lengths increase with time step as a cohort
grows and also depend on the values for the growth parameters. Instead,
slices are fitted to lengths-at-age following Fournier and Doonan (1987)
who fitted to the absolute central moments of length-at-age. In the slice
model, the ‘moment properties’ (mean, standard deviation, skewness
and kurtosis) of the sampled length-at-age distribution are fitted for each
age group based on a gaussian likelihood with the same variance
parameter for all four moments. Moment properties are fitted in each
time step for which there are sufficient numbers of animals sampled and
aged for these statistics to be informative (1 aged fish for the mean, 2 for
the standard deviation, 4 for skewness, 8 for kurtosis), and for which the
number of model slices is also adequate (Eq. B8 of McGarvey et al.,
2007). An advantage of fitting length-at-age moments rather than bin-
ned multinomial proportions is that it avoids binning error since the full
precision of each length measurement is used to compute the data length
moments. However, approximation is made in the model-predicted
length moments by using slice midpoint lengths to compute model

mean length-at-age, model standard deviation, etc.
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Table 3
The dynamics, fitting method and estimable parameters of the two assessment
model approaches.
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Parameter

SS3

Slice

Yearly recruitment

Unfished

recruitment (Rg)

Growth

Fishing mortality

5 parameters estimated:
Lo, L, K, CV at Ly, and CV

at L,

Selectivity

e Knife-edge
e Less steep

Age-0; penalty on
deviations from the mean
Estimated

Calculated to match catch

Lso and Lgs known
Lso and Lgs estimated

Age-2; estimated
independently by year
N/A

4 parameters estimated: Ly, K,
o1 and o7

Related to fishing effort

Lso and Lgs known
Lso and Los estimated

Conditioned on Catch Effort
Likelihood
components
e Recruitment Lognormal, fixed sigma = N/A
deviation penalty 0.7; reduced lambda
e CPUE Lognormal N/A
e Catch N/A - F matches Catch Normal, fixed sigma = 500
e Age-composition N/A Multinomial
e Length- multinomial N/A
composition
e Length-at-age N/A Gaussian fit to length

Conditional age-
within-length

multinomial within 2-cm
length bin

moments, mean, SD etc, single
fixed sigma = 15

N/A

2.5. Features common to the assessment models

The remaining features of the three assessment models were
configured as similarly as possible. All models used a semester time step,
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Fig. 2. Estimation performance for scenario 2: One-way trip F and near knife-edge length selectivity. Figure description as for Fig. 1.
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monthly simulated data were aggregated into semester, and M was
assumed to be 0.1 yr ™. Selectivity was correctly assumed to be a logistic
function of length. Growth was estimated within the models, governed
by the correctly assumed von Bertalanffy equation with ty correctly
known to be zero. Table 3 lists the estimable parameters of the SS3 and
slice models, and some of the key differences, which are elaborated on
below.

The three estimation models pre-specified the values of the selec-
tivity parameters for the four scenarios employing knife-edge selectivity
(1A-2B), which simulates a fishery where selectivity is regulated by a
fixed (and therefore known) legal minimum length. The logistic selec-
tivity parameters were estimated for the ‘less-steep’ scenarios (3A-4B).
For the models with knife-edge selectivity, the slice model assumed the
known true values for Lsg = 40 cm and Lgs = 41 cm. For the SS3 models,
the values for the selectivity parameters were fixed to Lsg = 39.5 cm and
Los = 40.5 cm as an approximation to knife-edged selectivity, although
this resulted in a small offset relative to the slice estimation approach
due to SS3 selectivity being evaluated for bins with width of 2 cm.

2.6. Evaluating estimation performance

The three assessment models were evaluated in terms of their ability
to estimate yearly time-series of four management quantities: recruit-
ment, total fishable population numbers, fishable biomass, and instan-
taneous fishing mortality, F. Numbers and biomass for the two SS3
models were taken from the start of the first semester, while for the slice
model, an average across the first semester was taken assuming Baranov
continuous decline. Annual F was the average of the estimates for the
first and second semesters. The yearly relative errors were calculated as
Gy — Iy) /Iy, where Iy is the true (IBM-known) value and Ty is its corre-
sponding model-estimate. A yearly time series of each management
quantity {Ty; ¥ =1990,...,2019} was estimated for each combination
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of scenario, assessment model, and data set.

Bias by year for each management quantity was calculated as the
mean of relative errors over the 100 replicate runs (MRE,, plotted as the
main solid line with dot markers by year in Fig.s 1-4. The MRE,’s were
time-averaged over all years to give the overall mean relative error
(OMRE) to provide an overall measure of bias for each management
quantity, assessment estimator and scenario. The yearly plotted MRE,’s
and the OMRE statistics presented in Figs. 1-4 were the primary mea-
sures of model performance.

In addition to the main statistical performance measures in Figs. 1-4,
we present model-estimated and IBM outputs for a single replicate in
Fig. 5, the first of 100 data sets for scenario 4B. Multiple replicate
comparisons are also presented in Supplementary Files S11-S13 for
Scenario 1A.

The assessment model population mean length-at-age (prior to any
Rosa Lee effect), L(a), was calculated for each replicate using Eq. 2. Eq. 2
was also used to calculate the true population mean length-at-age, using
the true mean values for L, and K (i.e. L= y;_, K = ). Similarly, the
estimated selectivity ogive for each replicate was calculated using the
estimated values for Lsy and Los. Selectivity varies between 0 and 1, so
differences between estimated and true values were plotted as actual
rather than relative differences. Performance in terms of estimating the
value for L, is also presented because this parameter was expected to be
particularly sensitive to size-selectivity.

3. Results

Overall, all three assessment models had very little bias for the sce-
narios with low growth variability (“A”) - OMRE values were less than
0.08 in absolute magnitude (Figs. 1-4). However, several models had
OMRE values > 0.1 for the high growth variability “B” scenarios. SS3-
platoons, with a peak absolute value for OMRE of 0.13, was
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Fig. 3. Estimation performance for scenario 3: constant F and less-steep logistic selectivity. Figure description as for Fig. 1.
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Fig. 4. Estimation performance for scenario 4: one-way trip for yearly F and less-steep logistic selectivity. Figure description as for Fig. 1.

consistently less biased at estimating biomass, numbers and F than SS3-
age or the slice model, which had OMRE values as high as 0.38. The bias
for SS3-age and the smaller bias for SS3-platoons was opposite in sign
relative to the bias for slice for scenarios 1 and 3 (constant F), and had
the same sign for scenarios 2 and 4 (one-way-trip). As expected, when
biomass and age were estimated low, F was estimated high, especially in
the constant F scenarios (1 and 3). Among high-growth variability B
scenarios, SS3-platoons was more biased for the constant F scenarios (1
and 3) with OMRE > 0.1 for some indicators, while the one-way-trip
scenarios (2 and 4) had OMRE < 0.05. The SS3-platoons bias was of
the same sign as that of SS3-age and opposite in sign to that for the slice
model for the constant F scenarios. Thus, the yearly pattern of F had a
larger effect on estimation performance than the steepness of the logistic
selectivity ogive.

The SS3 models had a noticeable time-dependent bias in recruitment
estimates for all scenarios (Fig. 1A-4B) - recruitment numbers were
consistently overestimated by SS3 for four years with low recruitment
(1991, 1999, 2006, 2010) (Fig. 1A-4B - years in which low IBM
recruitment followed a high year (Fig. 5 and S1). These contributed to
higher OMRE for SS3 than the slice model for low growth variability.
However, the OMRE for the slice model was as high or higher than that
for SS3 due to low frequency patterns in deviations for scenarios with
high growth variability and sloped selectivity (3B and 4B). Overall, the
slice model performed well with knife-edge selectivity, notably for these
scenarios with CV = 0.1 (1A and 2A). This is unsurprising because this
method was specifically designed for fisheries regulated by a legal
minimum length. The slice model did much less well for higher growth
variation (CV = 0.2), and SS3-platoons was best, although all three
models had some bias.

Selectivity estimates exhibited a distinct pattern for the SS3 models
with knife-edge selectivity (scenarios 1 and 2) because of the way the
values for selectivity parameters were set for this selectivity pattern (see

Table 3). SS3-platoons was least biased for less-steep selectivity and the
slice model most biased when there was high growth variability (3B and
4B).

Length-at-age, which is calculated from the estimated growth pa-
rameters, was most biased for SS3-age for scenarios 1B and 3B with
OMRE near 0.21. SS3-platoons was least biased with OMRE near 0.03
and was unbiased for the older ages. The slice model was intermediate,
with OMRE near 0.08 but had larger bias for the older ages with constant
F. SS3-age and the slice model had lower bias and were nearly unbiased
for the older ages for the one-way trip scenarios 2B and 4B. The differ-
ence between SS3-platoons and the slice model is consistent with SS3-
platoons performing best at estimating L, (Fig. S10). The model esti-
mate of L, from SS3-platoons was within 20 mm of the true value of
1000 mm whereas SS3-age estimates were closer to 700 mm with no
overlap with 1000 mm.

While the summary statistics of Figs. 1-4 reveal moderate bias for
some combinations of scenario, assessment model and indicator, the
plotted yearly estimates and true IBM values shown in Fig. 5 and S11-
S13 indicate that the assessment models capture the general trends
and absolute levels over time and versus length or age.

3.1. Scenarios 1A and 1B: constant F and near-knife-edge selectivity

The outcomes for lower and higher individual growth CVs differ
substantially, with generally much greater bias evident for higher in-
dividual variation in growth (Figs. 1A, 1B). There is good agreement
with true of mean length-at-age for the lower individual growth CVs
(Fig. 1A).

Recruitment outcomes were similar for the higher CV data sets
(Fig. 1B), although the SS3 estimates at the end of the time series are less
precise because SS3 defines recruitment at age O so is estimating two
more recruitments than the slice model, which defines recruits at age 2.
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The three models provide biased estimates of biomass for the high-CV
scenario (Fig. 1B), with the two SS3 models under-estimating
(Fig. 1A) and the slice model leading to more substantial over-
estimation (Fig. 1B). Mean length-at-age is less well estimated by the
three models for CV = 0.2, although SS3-platoons produced nearly un-
biased values, substantially outperforming SS3-age. This may also
explain the notable improvement in the ability to estimate biomass and
population numbers by SS3-platoons.

3.2. Scenarios 2A and 2B: one-way trip and knife-edge selectivity

Unlike scenario 1, a large reduction in performance was not evident
for higher growth variability (Fig. 2B). The three models performed well
for the low CV (Fig. 2A) scenario. For scenario 2B, SS3-platoons led to
substantially less biased F estimates than SS3-age (Fig. 2B), while the
slice model had a slight positive bias for F. SS3-platoons also improved
estimation performance for biomass and population numbers (Fig. 2B).
The slice model under high CV (Fig. 2B) showed modest under-
estimation of biomass and over-estimation of F.

3.3. Scenarios 3A and 3B: constant F and less-steep selectivity

Overall, the results for scenario 3 were similar to those for scenario 1.
For the low growth CV case (Fig. 3A), the slice model again performed
better overall, primarily showing more accurate recruitment, as in sce-
nario 1. Despite yearly variability in the deviations from true of SS3
recruitment, biomass and population numbers were close to unbiased
for all three models, with the SS3 models showing less variation in
relative error over time. Likewise, with low growth variability, all three
models provided excellent estimates of selectivity and mean length-at-
age, especially SS3-platoons. For the high growth CV scenario
(Fig. 3B), all three models had appreciable bias in biomass, population
numbers and fishing mortality. Moderate reduction in these biases was
achieved by SS3-platoons relative to SS3-age.

3.4. Scenarios 4A and 4B: one-way trip and less-steep selectivity

The relative errors for the two SS3 models are similar in patterns to
scenario 2, especially for biomass, population numbers, and fishing
mortality. Biomass and population numbers from SS3 are nearly unbi-
ased for the low-CV scenario (Fig. 4A), while the slice model was
somewhat biased for recruitment, biomass and fishing mortality,
notably during the early years when F was increasing.

4. Discussion

4.1. Overadll patterns in results — ability to estimate management
quantities

The bias in estimates of management quantities differed among
scenarios and assessment models. The general trend was for the two SS3
models to overestimate F and underestimate biomass and population
number, while the reverse trend was evident for the slice model.

The most general result is that higher individual variation in growth
leads to substantially greater amounts of bias in estimates of biomass
and fishing mortality. This reflects, at least in part, the focus of this
simulation study on individual growth variation and the distributions of
length-at-age, where other sources of variation and error were omitted,
with the true value for natural mortality known, CPUE tracking biomass
(effort tracking F) closely, and the functions for growth and selectivity
known a priori. While the random variation among fish in their indi-
vidual K and L, values was substantial, Figs S7 and S8 show that the IBM
length-at-age pdfs and histograms are approximately normal, suggesting
the IBM is not producing highly unrealistic growth and lengths-at-age.
Thus, even with only length-dependent processes varying in our simu-
lated fishery and estimated by the assessment models, meaningful biases

10

Fisheries Research 276 (2024) 107039

worth addressing were observed. This supports the case for more fully
(dynamically) accounting for length-dependent mortality and growth
processes in assessment modelling.

The second general result, observed only for the high-CV scenarios, is
that SS3-platoons improved estimation performance substantially
compared to SS3-age and the slice model. Biomass and population
numbers were more accurately estimated when the assessment model
included platoons. This is due at least in part to improved estimates of
mean length-at-age under high individual growth variation. It is not
clear why the biases for biomass and population numbers are negative
for the two SS3 models while those for the slice model are positive.

The slice model performed better under the fishery management
regime for which the slice model was created, of a regulated legal
minimum length (scenarios 1 and 2), simulated here by setting selec-
tivity to near knife-edge with a priori known parameters. However, these
benefits were modest under low growth CV, with all three models per-
forming relatively well. With high individual growth variability, slices
showed greater bias when selectivity was estimated (scenarios 3B and
4B).

Finally, there is relatively little inter-replicate variation (Figs. 1-4;
S11-S13), which can be attributed to the relatively low demographic
variability, the lack of environmental stochasticity other than recruit-
ment variability, and the fact that the simulated data from the IBM have
relatively low sampling variability.

4.2. Overall patterns in results — ability to estimate population parameters

4.2.1. Length selectivity

Length-selectivity was not estimated for the knife-edged scenarios (1
and 2), with the selectivity parameters set to their true values (for the
slice model) or nearly true values (for the SS3 models) to represent
fisheries where selectivity is regulated by a legal minimum length. The
SS3 models outperformed the slice model in estimating length selectivity
for the less-steep selectivity scenarios (3B and 4B). This could be due to
higher length resolution achieved by the thinner 2-cm bin width of the
SS3 models. The bin width of each slice in the slice model is inversely
related to the number of annual time steps, with the result that these bins
were relatively wide given a semester time step, and so presented a
relatively coarse resolution for numbers versus length. It may also be
that the moment method for fitting to lengths-at-age used by the slice
model is not as accurate in resolving changes in the observed catch
length samples as the cohort passes through the Lsy when selectivity is
acting strongly.

4.2.2. Population mean length-at-age

The ability to estimate fish growth, quantified by population mean
length-at-age is important given the question of whether to include
dynamic length-within-age in a next generation assessment package.

The slice model generally performed well at estimating population
mean length-at-age, except for scenarios 1 and 3 under high variation in
growth where the biases were similar in direction but smaller than for
the SS3-age model. Greater individual variation in growth led to less
reliable estimates of population mean length-at-age.

SS3 was able to nearly alleviate the negative bias in estimates of
mean length-at-age using platoons. Improved growth estimation with
platoons, achieved by accounting for dynamic population numbers by
length within each age cohort, was expected insofar as this addresses the
Rosa Lee phenomenon. This improvement with platoons was most
noticeable for the scenarios with higher growth variability. This is also
expected because a wider spread of lengths means more time steps over
which fishing mortality acts more strongly on faster growing fish.

We conjecture that there is a strong interaction between error in
estimating selectivity and the estimates of mean length-at-age. For
example, the growth estimates will mistakenly be adjusted if Lsg is
underestimated, such that there are more fish of given age in the catch
lengths between estimated Ls( and the higher true Lsp. This interaction is
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most noticeable in the results for scenario 4B for the slice model where
the biases in management quantities are greater for the slice model
showing relatively large errors in estimated selectivity, specifically for
the high growth variation scenarios (Figs. 3B and 4B). Future work
might seek to determine the F scenarios that lead to better separation of
selectivity from recruitment patterns.

The ages at which underestimation of true mean length occurred
differed between constant-F and one-way trip scenarios. This bias was
greatest for older fish for the constant-F scenarios (Figs. 1B and 3B,
mainly evident for SS3-age and the slice model) while bias was primarily
evident at younger ages for the one-way trip F scenario (Figs. 2B and
4B). We hypothesize that data from the one-way-trip scenarios 2 and 4
contain more large fish early in the time series when F starts off near
zero, and more older fish over all years due to this one-way trip leveling
at a lower long-term level of F (0.25, versus 0.4 for Scenarios 1 and 3), so
yielding more accurate estimates of the mean length of older fish.
Testing this hypothesis could be explored in future work.

Overall, platoons showed better performance, at least in part owing
to more accurate mean length-at-age, which provides correction for
Rosa Lee bias.

4.2.3. Effects of the choice of simulator

The IBM simulator was not based on any of three assessment models
being evaluated because one goal of the paper was to compare alter-
native assessment models. Simulated data are sometimes generated from
one of the models being evaluated in studies of assessment model per-
formance. For example, SS3 has been extensively tested using simulated
data when the operating model is SS3 (e.g., Anderson et al., 2014), as
well as with independent simulators (e.g., Li et al., 2021). Using the
same model framework to generate simulated data may tend to indicate
better estimation performance than when the simulator and assessment
model are structurally different.

Some of the results in this study may be caused by the way individual
variation in growth was simulated in the IBM (i.e., bivariate normal for
K and L,, with a correlation between K and L, of —0.4). Other ways to
represent growth variation may lead to different estimation outcomes.

4.3. Which approach to modelling length-within-age?

The slice model generally outperformed SS3 in terms of estimating
yearly recruitment, with SS3 over-estimating recruitment in four years
(Figs. 1-4). This result was initially thought to be due to the penalty
imposed on the SS3 deviations in recruitment about the expected value,
which tends to reduce the estimates of large recruitments and vice versa.
In contrast to the slice model, SS3 implemented a recruitment-deviation
penalty, which Methot and Taylor (2011) showed reduced excessive
variation in estimated recruitment for years prior to commencement of
age sampling. However, trial estimations with the penalty effectively
eliminated did not alleviate the recruitment estimation bias.

It also is possible that the difference is due to the slice model’s use of
moments for length-at-age as a primary data source whereas SS3 fits to
overall length distribution and the conditional age-at-length data. A
preliminary comparison between the distribution of length-at-age
calculated using SS3 with that produced by the IBM suggested a
broader distribution in SS3 such that the length distribution of a large
recruitment would “bleed” into the length range of adjacent small re-
cruitments. This would tend to make SS3 balance underestimation of
large recruitments against overestimation of the adjacent weak re-
cruitments whereas the moment approach in the slice model was less
susceptible to the effect. This difference warrants future investigation.

SS3-platoons provided more accurate estimates of length-at-age,
which interacted with estimated selectivity to produce more accurate
time series of biomass, numbers and F. The differences were small for the
low growth variability scenarios, but the SS3-platoons outperformed the
others for high growth variability.
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4.4. Caveats and future work

The bias due to the Rosa Lee phenomenon was relatively small, with
estimated mean lengths-at-age differing little between the two SS3
models, suggesting that standard models may be able to provide suffi-
cient accuracy for assigning probable ages given a fish’s measured
length. However, the impact on estimated L., was very strong, with the
platoon approach leading to much more robust estimation of this
parameter (Fig. S10). This is important because it impacts the calculated
length-at-age in an unfished population which is used for reference
points. This should be explored further, particularly for stocks for which
data on age-composition are generally lacking (e.g., tunas).

The method of fitting to lengths-at-age can potentially be as impor-
tant to the accuracy of an assessment model as adding dynamic length-
within-age. The models tested here used two distinct approaches: the
moment property method used in the slice model, and a fixed-bin
multinomial method in the SS3 models. The moment property method
is closer in approach to a minimum statistic estimator than a fixed-bin
multinomial, but is less flexible, and cannot work, for example, if the
length-at-age distribution of individual cohorts is, for example, bimodal.
Nevertheless, maximum likelihood estimators lead to highest precision
when a sufficient statistic can be identified and used as the basis of
estimation, as Chapman (1961) showed for tag time-at-large mortality
estimation (reviewed by McGarvey, 2009), invoking the statistical the-
ory of complete minimum sufficient statistics (Lehmann and Scheffe,
1950; Lehmann, 1983, p. 80). This suggests that fitting to fewer, but
more directly informative, statistics can yield more precise estimates
when fitting to raw lengths-at-age. Most of the length-at-age distribution
information is conveyed by the mean and standard deviation, with
skewness and kurtosis quantifying deviation from a normal shape. If
lengths-at-age by cohort are exactly normal, then estimating that dis-
tribution’s parameters using the mean and standard deviation provides a
minimum variance estimator. If cohort lengths-at-age are roughly
normal, the moment approach might still afford a more efficient esti-
mator compared to the typically larger number of statistics fitted using a
multinomial, namely the number of relative proportions by length bin.
This could be investigated in future work. How use of a moment esti-
mator might address another ongoing limitation of multinomial fits to
lengths-at-age, namely estimating the sampling error variance (which
has led some authors to adopt a Dirichlet distribution), also remains an
additional topic of investigation. We also speculate that this funda-
mental difference in estimation approach may be the source of SS3’s
inaccurate estimation of weak recruitment following a strong recruit-
ment, but investigation was beyond the scope of this paper.

Extensions of these eight fishery scenarios could be of interest in
future simulation study. The IBM simulator here assumed standard
forms for selectivity and growth, with fixed natural mortality. But nat-
ural mortality has been observed to decrease inversely with body length
(Lorenzen et al., 2022) and so decline also with age (Lorenzen, 2022).
Domed-shaped selectivity was investigated when platoons were first
proposed (Taylor and Methot, 2013). Selectivity can also vary season-
ally, which could be investigated by allowing IBM parameters of selec-
tivity to vary by semester time step. These realistic alterations of the
simulated fishery can be implemented to evaluate their impact on
incorporating dynamic length-within-age on assessment performance.
Another challenging scenario for estimating mean length-at-age occurs
with fisheries where Lsg is not much below L, since most cohort growth
would have occurred prior to reaching harvestable size and thus prior to
the ages when most age-length data is collected in catch samples. Our
assumption of a negative correlation (p = —0.4) between K and L, could
likewise be changed to a zero or positive correlation, where Vincenzi
et al. (2014) observed a positive correlation among individual trout in
streams.

The conclusion of this paper that the use of SS3-platoons improves
estimation performance substantially compared to SS3-age when there
is considerable variability in growth matches that of Punt et al. (2017).
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Punt et al. (2017) noted that assessments based on size-structured or
age-size-structured population dynamics models may perform even
better than SS3-platoons when there is individual variation in growth,
and showed this based on the simulated data sets they used. Future work
should therefore explore whether size- or age-size-structured assessment
methods outperform SS3-platoons for the scenarios developed for this
paper.

4.5. Sensitivity to model estimation settings

In building the assessment models, we found that performances were
quite sensitive to relatively subtle changes in the control parameters and
other fixed inputs.

For the slice model, several modifications to the simulated fishery
and slice model were made to identify potential causes of the observed
biases: (1) the slice model was fitted to catch-in-number as well as catch-
in-weight because together these data sets provide information on the
mean weight of the catch, but no meaningful reduction in bias was
observed. Catch-in-number total, when divided through the catch-in-
weight total, gives the exact mean weight of a fish in the catch. This
result may imply that age samples contain sufficiently more information
about population structure than a single measure of mean body weight,
that adding the additional information of catch-in-number is unnec-
essary. (2) The slice estimator time step width was reduced to quarterly
and monthly, but no appreciable gain in performance was observed. In
the future, further testing could be undertaken to search for the source of
these biases. If identified, the changes needed to rectify the biases can be
applied.

Improvements in model performance for the SS3 models were ach-
ieved by several slow iterations of modifications to the model specifi-
cations for data binning, selectivity and recruitment variability. In
hindsight, a general challenge with a simulation study having good
separation between the data generation team and the estimation team is
that the estimation team may not start with as thorough of a data
investigation and sensitivity studies as might occur for a real assessment.

One challenge in applying platoons lies in selecting the ratio that
controls the standard deviation of length within each of the platoons and
their relative separation distances (Taylor and Methot, 2013). This ratio
was initially set to 1.0 and resulted in little difference between the re-
sults for SS3-age and SS3-platoons. Analyses (not shown here) demon-
strated that the ratio had a substantial effect on goodness-of-fit of the
model to the data and guided us to use a value of 0.4 for the results
presented here. The model constant representing the ratio has been
changed by the SS3 team into a model parameter such that future in-
vestigations will have more flexibility of analysis.

4.6. Conclusion

None of the three assessment models led to unbiased estimates of all
management quantities, and the estimation performance varied among
scenarios, with the SS3 models generally estimating biomass most
accurately and the slice model estimating recruitment most accurately.
Including platoons substantially improved estimation performance for
biomass and population numbers, and yielded much better estimates of
population mean length-at-age, presumably by resolving the Rosa Lee
bias. Even the platoon model still had overall bias in biomass estimation
for the constant-F scenario. This is perhaps not surprising given the low
contrast a constant-F (and biomass) scenario provides regarding the
absolute size of the population. Overall, given the extent of improve-
ment in assessment performance by the platoons SS3 model compared
with the traditional age-based SS3, including dynamic length-within-age
can be recommended as a feature worth including in the next-generation
stock assessment package. This improvement was evident primarily for
the high-growth-variability scenarios. Bias was reduced using platoons
for biomass, population number and fishing mortality, which likely re-
flects, at least in part, the better (Scenarios 2B and 4B) or much better
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(Scenarios 1B and 3B) estimates of mean length-at-age using platoons.
The improvements in L, estimation are striking.

We recommend platoons over slices if dynamic length-within-age
were implemented in a next-generation stock assessment package. One
disadvantage of slices is that the length resolution, specifically the
average width of slice length bins, is bound to the number of time steps
per year. A long time step means fewer and wider slices because a new
slice is created with each model time step, which can result in exces-
sively wide bins for a yearly model, or even, as here, with a half-yearly
time step. A second practical advantage of using platoons is that it can be
simply and reliably reduced to a standard SS3 assessment model. Within
that model platform, platoons work even with other forms of model
complexity like time-varying growth. This makes platoons the logical
choice for application in a next-generation stock assessment package.
With platoons, users can be given the choice of whether or not to adopt a
dynamic length-within-age formulation. By simply choosing to use one
platoon, the model reduces naturally to the standard formulation where
the cohort length-at-age distributions are always normal.
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