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Abstract

Stock assessments are critical to modern fisheries management, supporting the calculation of key
reference variables used to make informed management decisions. However, there is still
considerable uncertainty as to which class of assessment models is appropriate to use under
different circumstances. A common class of models used when age data are available are statistical
catch-at-age assessment (SCAA) models, which track annual cohorts through time. When age data
are unavailable, as is often the case in invertebrate fisheries where the lack of a bony structure such
as otoliths makes aging difficult, statistical catch-at-size assessment (SCSA) models are more often
employed, tracking fish or invertebrates through time by size-classes rather than ages. Do SCAA
models actually perform better than SCSA models when age data are available, or is this just an
assumption we make in fisheries research and management? We examined this question by
evaluating the effectiveness of both SCAA and SCSA models in characterizing cisco, Coregonus
artedi, population dynamics in Thunder Bay, Ontario. Both models were fit using an integrated
framework with multiple sources of data including hydroacoustic estimates of spawning stock,
fishery-dependent and -independent age/length compositions, and harvest data. Our results suggest
that for cisco in Thunder Bay, data-limitations related to lack of size-composition data over the
size range for which cisco growth is rapid resulted in difficulty estimating relative year-class
strength within a SCSA. This led to parameter confounding and ultimately the inability to estimate
natural mortality within a SCSA. This hampered the utility of a SCSA model in comparison with
a SCAA model when age-composition data were available.

*Corresponding author: fischnic@msu.edu
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1. Introduction

Stock assessment is a critical aspect of fisheries research and management, supporting the
calculation of key quantities such as spawning biomass, abundance, exploitation rate, recruitment,
and their associated uncertainties. Most assessments conducted in the United States are based on
age-structured assessment methods (Punt et al., 2017), which, when statistically fit, can be referred
to as statistical catch-at-age assessment (SCAA) models. SCAA models are based on the
assumption that most population processes are a function of age, and they work by tracking cohorts
of fish through time, using observations of catch-at-age and auxiliary information to estimate
population parameters (Fournier and Archibald, 1982; Deriso et al., 1985). When catch-at-age data
are unavailable for a species of interest, as is the case in many invertebrate fisheries where lack of
a bony structure such as an otolith makes aging difficult, size-structured assessment methods are
often employed (Punt et al., 2013). Similarly, when statistically fit these types of models can be
referred to as statistical catch-at-size assessment (SCSA) models. SCSA models, contrary to
SCAA counterparts, are largely based on the assumption that most population processes are a
function of size rather than age. Sullivan et al. (1990) developed and applied a framework for
SCSA, which differs from SCAA in that it utilizes observations of catch-at-size and tracks fish in
size bins rather than age-classes through time, often making use of a growth model that determines
transition probabilities of size bins in subsequent time steps. Although age-structured models can
be fit using harvest size-composition data, generally by using a model to convert predicted age-
compositions to size-compositions (Fournier et al., 1990, 1998), contemporarily the use of SCSA
is preferred when the sole or primary harvest composition data are for sizes rather than ages (Punt
etal., 2013).

Each method offers distinct advantages and disadvantages. For size-based methods, the model
can directly account for the size structure of removals from a population (Punt et al., 2017), it thus
can more appropriately model some fishery processes such as selectivity as size-based, and
importantly, size-composition data is almost always more abundant because it is both easier and
cheaper to collect. While the observation model of a SCAA can account for size-based selectivity,
accounting for how size-at-age of the survivors is altered by fishing is more challenging (see
Methot (2000) for one approach). SCSA models can considerably decrease the number of fish that
need to be aged, as age-compositions of the catch are not required. SCSA is not without its
challenges. Primary among them is the need for a growth model to determine transition
probabilities through size bins for each time step, where additional aspects such as time-varying
or density-dependent growth can add complexity. Although growth models are often specified
outside of SCAA models to convert abundances-at-age to biomass, their derivation is not critical
to model fit as they are often not used to predict data (provided yield is predicted using mean
weights-at-age from harvest data). The transition of fish from one year to the next is much simpler
within SCAA models, which benefits from the fact that a fish must be a year older in the next
(yearly) time step; a caveat being that our ability to observe ages is not perfect, as there is
measurement error involved in aging organisms, and ignoring this error can result in biased
assessment output (Coggins and Quinn, 1998; Reeves 2003; Bertignac and Pontual, 2007).
Although aging error is not always accounted for in SCAA models, it can be (Thompson et al.,
2011; Methot and Wetzel, 2013). In addition, the effects of aging error can be minimized using
quality control in aging techniques (Campana, 2001).

Perhaps due to the deterministic transition of fish through age bins, and advantages associated
with this, very seldom are SCSA models developed for species when age data are available.
Additionally, few studies have compared the two methods. One such study, Punt et al., (2017),
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used simulation analysis to compare the performance of age-, size-, and age- and size-structured
assessment methods and concluded, based on an age- and size-structured operating model, that
size-structured and age- and size-structured assessment methods performed best, while age-
structured methods performed poorest. A key factor specified in the operating model for this study
was that growth was modelled using a size-transition matrix, which likely gave the size structured
approaches an advantage. This highlights that this study was done, as are most simulation studies,
based on known population dynamics pre-specified by researchers. The advantage of this approach
is the ability to compare assessment results to what is pre-specified in the operating model as the
true population dynamics of the stock. This specification of the operating model can also limit the
applicability of results, if the researchers’ conception on the dynamics of the stock and fishery
(e.g., survey selectivity as age-based process in Punt et al., 2017), do not actually reflect underlying
processes. Fitting alternative models to empirical data can be highly useful in helping to better
define plausible processes and informing the direction of future simulation studies.

We develop and fit both integrated SCAA and SCSA models for a stock of cisco, Coregonus
artedi, in Thunder Bay (Lake Superior), Ontario. Our objective was to compare and contrast
performance of the different assessment methods when applied to an actual stock and to provide
recommendations on which type of model may be preferred under different scenarios. We were
specifically interested in the overall question: “Does the collection of age-composition data, and
its use in a SCAA lead to an improvement in assessment performance over what could be obtained
using a size-structured model, without using age composition data?” Given the expenses
associated with collecting age-composition data, it is important to know if as good or better results
can be obtained with size models, perhaps because they better model fishery processes. To our
knowledge, only one study has performed a comparison between age- and size-structured models
on a actual stock with true dynamics unknown (Akselrud et al. 2017, concluding that age-
structured fit data best). In a time of shrinking natural resource agency budgets, it seems these
comparisons could provide managers with valuable information on how they might implement
their overall assessment programs.

2. Methods
2.1. Study species

Cisco are a planktivorous species native to the Laurentian Great Lakes. They are largely
pelagic and form annual spawning aggregations during the month of November in nearshore bays
and areas of western Lake Superior, where contemporary spawning stocks are primarily located
(Stockwell et al., 2009). These aggregations support a lucrative commercial roe fishery, as fishers
generally target spawning fish during November using suspended gillnets (Ebener et al., 2008).
Additionally, since 2005 these aggregations have been surveyed annually using hydroacoustic
surveys in Thunder Bay. Current management in Thunder Bay relies on a fixed exploitation rate
control rule where 10% of spawning biomass estimated from the hydroacoustic surveys are
allocated as quota in the subsequent year to a limited number of fishers. No formal assessment
models have previously been developed for this or any other stock in western Lake Superior.

2.2. Stock area

We treated Ontario Ministry of Natural Resources and Forestry (OMNRF) Quota Management
Areas 1-4 (QMAs; Fig. 1) as the stock area for Thunder Bay cisco. This stock has been
hypothesized to be discrete because cisco in an adjacent embayment (i.e., Black Bay) have not
shown any sign of recovery since a collapse in the 1980s. If cisco from Thunder Bay belonged to
a non-discrete spawning stock that inhabited a broader geographic range, it is expected there would

3
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have been some level of recovery in Black Bay over the last 30+ years (Ebener et al., 2008).
Additionally, this area was chosen based on coverage of the hydroacoustic surveys, which
generally sample over QMAs 1-4 in Thunder Bay.

2.3. Data

The SCAA and SCSA models made use of six main sources of observed data in the fitting
process (Table 1): (1) Number of cisco > 250 mm in Thunder Bay estimated from hydroacoustic
surveys (2005, 2007-2015), age- or size-composition of cisco caught in fisheries-independent (2)
mid-water trawls (2005, 2007-2010, 2015) and (3) multi-mesh gillnets (2009, 2013-2015), (4) age-
or size-composition of the commercial fishery catch subsamples (1999-2015), and (5) male and
(6) female biomass harvested by the fishery each year (1999-2015). The SCSA made use of one
additional source of data; (7) individual growth increments of cisco back-calculated from otolith
increment data. Details on how data were processed for input into assessment models can be found
in Fisch (2018).

2.4. Process model

Predicted quantities needed to compare to the observed data listed above were calculated using
a variety of equations describing the stock and fishery. The assessment models ran from 1999 to
2015, with parameters estimated using a Bayesian framework. The ages in the SCAA model ages
began at 2 and ended at a plus group age of 15 (denoting all cisco older than 14) while the SCSA
model size bins were divided in 10 mm increments beginning at 170 mm and ending at a plus
group of 410 mm (denoting all cisco > 410 mm). The SCSA model starting size bin of 170mm
was chosen as this is effectively the minimum size for age 2 fish (Online Supplemental Fig. 1).

Age or size bins are referenced throughout the manuscript with subscript J . Given the fishery

operates primarily as a roe fishery, it captures a disproportionate number of females in Thunder
Bay each year (81% on average; Online Supplemental Fig. 2). For this reason, it was decided to
make the assessment models sex-specific, tracking the numbers of male and female fish separately
through time. This is presented in subsequent equations with the subscript S, denoting sex. We
generally utilized model comparison criteria PSIS-LOO (Pareto smoothed importance sampling
leave-one-out; Vehtari et al., 2017) to select between different parameterizations within fitting the
SCAA and SCSA. PSIS-LOO is an efficient approximation of the exact cross-validation model
comparison criterion, and has been shown to be asymptotically equal to the Widely Applicable
Information Criterion (WAIC; Watanabe, 2010). In addition, it is more robust in cases with weak
priors or influential observations (Vehtari et al., 2017), both of which occur in assessment
modeling. Online Supplemental Table 1 contains an overview of different parameterizations
attempted for each model and the reason some were not included in the final parameterization for
either the SCAA or the SCSA.

To initialize the SCAA model, we estimated sex-specific cisco numbers at age as individual
parameters for each sex/age-class combination in the first year of the assessment model. For the
SCSA, sex-specific cisco abundance in the first year was estimated through a combination of size

and abundance components; two estimated parameters of abundance, y, (one for each sex),
multiplied by an initial size composition (non sex-specific) derived using a gamma distribution

s BT px
N 1000, :WS*L*,S F(a) x“ e A*dx 1)
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where @ and f are the estimated shape and rate of the gamma distribution, and j= is the
midpoint of size bin j. We fit models with alternative parameterizations including assuming a
separate initial size composition for each sex and estimating one value of abundance, in addition
to estimating two size-compositions and two abundance values, each of which did not outperform
the chosen parameterization (identified above) in terms of model comparison criterion PSIS-LOO
(Online Supplemental Table 1).

Sex-specific numbers of cisco at each age or size in each year were calculated from the
exponential survival equation

_(Fj,y,s+Ms)

SCAA N jHLy+ls N j,y,se 2)

J'l
_ _(Fj,y,s+Ms)
SCSA Nj',y+1,s h ZPJ',J'Nj,y,se + Rj'.y+1,s (3)
j=1

where N, . denotes the number of cisco in age or size bin J alive at the start of year y ofsex S
. P, ;. Is the size transition matrix, denoting the probability that a fish in length bin j will grow
iy 1S the sexand year specific number of fish that recruit

into length bin - in the next time step. R
into length bin . F represents the sex-specific instantaneous fishing mortality during year

J,y.s
y for a given age or size bin. M is sex-specific instantaneous natural mortality, and is assumed
constant over time and ages or sizes. We decided to allow natural mortality to vary by sex because
previous studies indicated male cisco may experience higher natural mortality than females
(TeWinkel et al., 2002; Yule et al., 2008). In the interest of numerical stability, we added an
informative prior on each natural mortality parameter based on the updated Hoenig linear model
surrogate equation from Then et al. (2014).

We calculated the size transition matrix, with typical elementp, ., using growth

parameters L and K to model an average growth increment and parameters & and b to model
the variance in growth increment as a function of the expected growth increment

E(A)=(L,—j)1-e") 4)
Var(A;)=a+b*E(A)) (5)

We assumed sex-invariant growth because preliminary analyses indicated negligible differences
in growth between the sexes both as a function of age and as a function of size. We assumed that
these growth increments followed a gamma distribution and for our parameterization of the gamma
probability density function (pdf; eg. 1), the relationship between the expected value and the

a. a.

variance and variance is given by E(A j) = Fj and Var(A j) = ﬂ—Jz , respectively. The probability
j i

of remaining in the same length bin in the next time step, Pj’j (the diagonal elements of the matrix),

was calculated by integrating the gamma pdf (g(A, | «;, ;)) from 0 to 5 mm (assumes fish are at

midpoint of the length bin). Assuming no negative growth, the rest of the transition matrix
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elements, Pj,j- (J#]"), were calculated by integrating from the growth increment required to

reach the lower bound of length bin J' (A"}) to the growth increment required to reach the upper
bound of that bin (A',).

Py :Iizg(Aj |, ;)dA, (6)

In calculations of the probability density, «; and p, were first solved for using the E(A;) and
V(A,) obtained from egs. 4 and 5. The size transition matrix was started at the 60-70mm size bin

(instead of model starting size of 170mm) so as to facilitate calculation of the recruitment size
distribution, further described below. The size transition matrix was also derived using data on fish
smaller than the model starting size.

For the SCAA, we modeled recruitment in each year as multiplicative deviations about a
median recruitment level (u):

R, = uo, (7)
The log of the deviations, log(s, ), was assumed to be normally distributed with mean 0 and

variance o°.
log(5,) ~ N(0,57) ®)

We assumed equal sex ratios at recruitment, apportioning 50% of the recruitment each year to
the model starting age of each sex.

N =0.9R, (9)

2,y,s

where N, . denotes the number of cisco age 2 (model starting age) in year y of sex s . Note that

this model does not assume any prior relationship between the magnitude of recruitment and stock
size. We modeled recruitment in the SCSA model with an added length-based component p,,

representing the proportion of recruits going into each size class.
R,, =R,p; (10)

where R, is modeled in the same fashion as in the SCAA. We calculated the proportion of recruits
going into each length bin, p, , by specifying a size distribution of fish smaller than the model

starting size and growing them (within the assessment) one time step into the future according to
the growth transition matrix (i.e., take a distribution of fish from bins 10-170 mm, how many of
those fish and what model size bins would they be in (> 170 mm) if they grew for one time-step
according to the size transition matrix). We calculated this pre-model size distribution (size
distribution of the cisco less than 170 mm) using the mean and variance in length-at-age of cisco
ages 0-2 (Online Supplemental Fig. 3). To account for depletion in abundance, we weighted
different ages using a natural mortality value of 0.3yr (i.e., age-0 = 1, age-1 = 0.74, and age-2 =
0.55). Within the SCSA, the pre-model size distribution is grown according to the size-transition
matrix for one time step and the proportion of fish in each model size bin (> 170 mm) divided by
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the total number in size bins greater than 170 mm is p,. Once again, we assumed equal sex ratios

at recruitment, and apportioned 50% of the recruitment each year to the model length bins of each

sex, R; . =0.5*R; . Other standard approaches to estimating the recruitment size distribution

in size-structured assessment models include specifying the distribution using a parametric
distribution such as a normal or a gamma (Punt et al., 2013). We initially ran the SCSA model
with the recruitment size distribution specified as a gamma distribution estimated using two
parameters. However, the resulting recruitment distribution was implausible given a steep drop in
the posterior distribution from length bin 170-180mm to 180-190mm. In addition, results of
recruitment and spawning biomass from this model were nearly identical to those resulting from
the SCSA parameterization described above, suggesting our results are robust to this specification
of the recruitment size distribution (Online Supplemental Fig. 4).
We calculated instantaneous fishing mortality for both models using

Fiys=5;T,, (13)

J
where s; is the fishery selectivity for cisco over ages or size bins and f__ is the fishing intensity

in a given y year for sex S. During preliminary analysis and in previous work for cisco from
Lake Superior (Rick Clark, Quantitative Fisheries Center, Michigan State University, East
Lansing, USA, pers. Com.), there was no clear relationship between hydroacoustic estimates of
abundance and gillnet catch or catch per unit effort (CPUE). Due to this, fishery effort was not
used when fitting the model. Instead we directly estimated fishing intensity in each year.

We modeled fishery selectivity using a two parameter gamma function as in Deriso et al.
(1985)

_ i
S

S.

i (14)

ref

where a and [ are gear selectivity coefficients and the denominator denotes the value that would

be obtained for the numerator for a reference category, made age 7 and size bin 380-390 mm for
each respective model. We initially estimated fishery selectivity parameters independently for each
sex. However, in the interest of parsimony, given near identical estimates we decided to assume
that the same selectivity function applied to both sexes. We chose to model fishery selectivity as
time-invariant as preliminary analyses found that mesh sizes used and mean sizes at age of fish
caught in the commercial fishery have remained fairly constant since 1999.

2.5. Observation model

Our basic approach was to use age-composition, but not size-composition data when fitting the
SCAA, and size-composition, but not age-composition data when fitting the SCSA. Based on a
reviewer suggestion, we also attempted to fit the SCAA only using size-composition data, as a
way to evaluate whether differences in performance were more due to the process model or the
data used. This alternative model failed to converge and thus is not considered further (see
Appendix for additional details).

Predictions of data source 1, the hydroacoustic estimates of the number of cisco greater than

A

250 mm, H,, were modeled using
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SCAA H, =e’ 3> P(Fish, > 250mm)N, e "¢ (15)
s ]
5

~ L -7,
1.Yy.s
SCSA H =e> >N e " (16)

s j=250

where P(Fish; > 250mm) is the probability that a cisco in age bin ] is greater than 250 mm, L
represents the terminal size bin, and 5 is the logarithm of the hydroacoustic survey calibration

coefficient (Hulson et al., 2008), which when presented as €', can be referred to as hydroacoustic
catchability. Given that selectivity of the hydroacoustic survey is assumed to be knife edged at 250
mm (based on a target strength cutoff), where all fish become fully selected to the gear,
hydroacoustic estimates of spawning stock are in theory absolute estimates of spawning stock, so
v was expected to be at or very near 0. The 250 mm cutoff is used for hydroacoustic surveys in
Thunder Bay as cisco of this size are generally mature (Yule et al., 2006, 2008). We applied

5
~Ziy s
mortality to numbers of fish-at-age or —at-length for the first 10/12ths of the year (N j,y,se " 6)

given the hydroacoustic surveys are performed during the spawning season in November. The
probability that a fish of a given age is greater than 250 mm, P(Fish; > 250mm), was calculated

outside of the model by characterizing the size distribution of each age of cisco using mean length
and variance in length at age of cisco. A full description of how this was done can be found in
supplemental files (Online Supplemental Fig. 5).
Predictions of the age or size composition of Thunder Bay cisco each year obtained from mid-
water trawls (data source 2) and multi-mesh gillnets (data source 3), were modeled using
i _Zj,y,s§
N s;N;,.e °
1Y,

; 5 a7

=
ZZS;NJ}y,se_ e
s

where S'j is the survey selectivity of gear i (midwater trawls or multi-mesh gillnets) for age or

size J. Pji,yys is the sex-specific predicted proportion at age or size caught from each survey gear

in a given year. Once again we applied mortality to numbers of fish at age or length for the first
5

_Zj,y,sf
10/12ths of the year ( N j’y’se ° ) given the survey bio-data are collected during the spawning

season in November. Survey selectivity was modeled to adequately characterize the selective
nature of mid-water trawl surveys and multi-mesh gillnets using a two parameter gamma function
identical to the formula described for the fishery, however without a denominator to standardize
the selectivity, given we were calculating relative values. We chose not to use the CPUE data from
midwater trawl or multi-mesh gillnet surveys as often the gears are deliberately set on schools of
fish seen from hydroacoustic gear so as to make an inference on species composition in the water
column for use in separating out hydroacoustic targets. Thus we did not think mid-water trawl or
multi-mesh gillnet CPUE would be reflective of abundance.
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Predictions of data source 4, the age- or size-composition of the fishery catch, was modeled
using the Baranov catch equation

A F.
_ J,y.s . —(Fjy,s+My)
jvyls - F + M vayls(l e ) (18)
J,Y,S S

A

F3f _ Cj,y,s
y.ss a 19
2 2.Chys 49)
s ]
where é

j.y.s is the predicted number of commercially caught cisco age or size J in year y of

sex S, and PjTy,s is the predicted sex-specific age or size composition of the fishery catch each
year. Predictions of data sources 5 and 6, the yield of each sex in each year, was modeled using

Yys = ch,y,swj.s (20)
j

where YAyYs is the predicted sex-specific fishery yield each year and w;, , is the mean sex-specific

weight of a commercially caught cisco age or size ] . For the SCSA, this term was obtained from

a weight-length regression (Fisch, 2018). For the SCAA, to account for age-length key fixed
allocation bin sampling bias in mean weight-at-age (Quinn and Deriso, 1999), we calculated the
adjusted average weight of a commercially caught cisco similar to P(Fish; > 250mm), using

Z(ni,j,s *Wi)
T (21)
: Zni,j,s
where n, ;. is the number of fish in bin i that are age J of sex s, and W, is the average of the

length bin endpoints converted to weight using the same weight-length relationship mentioned
previously. We used 10 mm bins, the same bin sizes used in the age-length key sampling
procedure.

Predictions of data source 7, the individual cisco growth increments, which were only used in
the SCSA, were calculated using

E(A) = (L. —)(@-e™) (22)
Var(A))=a+b*E(A)) (23)

where | represents the starting length of a cisco (length at start of annulus) and E(A,)denotes the
expected growth increment of a cisco given starting length.

2.5.1. Aging Error
Aging error was included in the SCAA model by multiplying the model-predicted catch-at-age
and the predicted relative catch-at-age from survey gear by an aging error matrix. The aging error

9
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matrix, was estimated by characterizing the expected coded age E(C;) given true age j and the
coefficient of variation of coded age given true age as linear functions.

E(C,)=c+d*]j (24)
CV(C)=e+f*]j (25)

where ¢, d, e,and f are estimated parameters. For ease of computation, given preliminary fits
suggested ¢ and f were = 0, further runs of the model fixed both parameters at zero. The
probability that a fish would be assigned coded age i given its true age ], the {i, j} element of

the aging error matrix, was computed using the difference in the cumulative distribution function
(CDF) of the lognormal distribution, between ages i+0.5 and i —0.5 based on E(C;) and

CV (C)) - The plus group was calculated as 1 minus the CDF of 14.5. The predicted “true” catch-

at-age matrix (i.e., without aging error), output by the model, was multiplied by the aging error
matrix to obtain the predicted catch-at-age matrix used in calculations of the predicted age-
composition of the catch. The same was done for the predicted relative catch-at-age from the
survey, which was multiplied by the aging error matrix prior to calculating predicted survey age-
compositions.

2.5.2. Likelihood
We calculated the log likelihood components, L;, for data sources 1, 5, and 6 (hydroacoustic

survey index and annual sex-specific yields) in each model through a lognormal likelihood (with
additive constants dropped)

L =-

> log(x,,)~log(%,,)f ~nlog(cr) (26)

where o; is the standard deviation for likelihood component i, x,, and %, are the observed and

model-predicted values for year y, and n is the number of observations.

The log likelihood components for data sources 2, 3, and 4 for the SCAA (i.e., the age
compositions) assumed a robust multinomial likelihood equation as in Starr et al. (1999)

_ T 2
L =ZZ°-5'09((1— pi,j,y)pi,j,y+%)—log exp (Pr p"’g)l — |+0.01|(@7)
y i 2((1— pi‘j‘y)pi’j’y+l\l.bj/Ni’y

where N; , denotes the effective sample size from data source i in year y, p.;, and p,; arethe

observed and predicted proportions of cisco in year y that are in age by sex category j from data

source i, and Nb represents the number of age by sex bins. Robust likelihoods aid in keeping a
small number of outlier composition data points from unduly influencing model fit (Fournier et al.
1990; Francis 2011). This is especially important given the nature of cisco year classes in western
Lake Superior, which exhibit a “boom-0r-bust” pattern where there may be a very large cohort
moving through the time series followed by many years of almost no recruitment (Online
Supplemental Fig. 6). For the SCSA, given we expect less outlier composition data points as
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disparity in year-class strength is reduced due to recruitment into size bins (Online Supplemental
Fig. 7), we utilized a regular multinomial likelihood

L :Zﬁi,yz Pijy log( pi,j,y) (28)
y j

where p,, and f,, are the observed and predicted proportions of cisco in year y that are in

size by sex bin j from data source i. We initially attempted to fit the SCSA using the robust
multinomial likelihood for composition data similar to the SCAA however found that it ultimately
led to implausibly low effective sample sizes and very poor fits to the fishery-independent size
composition data. For all composition data in the SCAA and SCSA models, both sexes went into
one likelihood for each i, meaning only one value of ﬁi,y was used for each data source. This

results in double the number of bins (compared to just size bins or age categories) for each i, to
account for both males and females.

Data source 7, the individual growth increment data, which was only used in the SCSA, were
assumed to come from a gamma distribution, with a gamma log likelihood

L, = Zgl log(z;) —1log(T'(s))) + (5, 1) log(A,) - 7,A, (29)

where and ¢, and 7, are the shape and rate parameters of the gamma distribution, and A, denotes

an observed growth increment of a cisco with starting length 1.

Log prior components for natural mortality and recruitment deviations that were not compared
to data, but rather to expectations specified as informative priors also contributed to the objective
function through a normal prior distribution

L === X (log(%, ) ~nlog(c;) (30)

20

where %, ; represents the model predicted deviations.

The objective function was then the negative sum of the log likelihood and log prior
components

L=-2L, (31)

2.5.3. Data weighting
Standard deviations, o;, in likelihood equations for data sources 1, 5 and 6, and for recruitment

deviations, were modeled as one estimated parameter and two assumed variance ratios, denoting
what we might expect the multiplicative difference in standard deviations to be. We expected the
fishery harvest (data sources 5 and 6, sharing a o) to have the smallest standard deviation (< 0.1),
based on a well-developed catch reporting system with extensive monitoring for Thunder Bay
cisco. We expected the hydroacoustic standard deviation to be < 1 based on within year CVs for
hydroacoustic data (variability among segments) being less than 1. Lastly, from meta-analyses of
recruitment deviation suggesting sd of =0.71 for the order Salmoniformes (Thorson et al., 2014),
we expected cisco recruitment variability to be greater given the substantial differences in cohort
strength among years (Online Supplemental Fig. 6). We estimated the standard deviation for

11



397
398

399

400
401
402
403

404
405

406
407

408

409

410

411
412

413
414
415
416
417
418
419
420
421

422
423
424

425
426

427
428
429

fishery harvest, while assuming variance ratios (Vr ) of 0.04 and 0.0004 for hydroacoustic
estimates of abundance and recruitment deviations, respectively.

1 5
o =.—0c 32
i Vr f ( )

where o, denotes the standard deviation for fishery harvests. During preliminary analyses, we

adjusted variances ratios so that the variances set by ratios were reasonable consistent with prior
expectations. The model results were largely insensitive to these.
Effective sample sizes, N, , for the composition datasets were calculated using the iterative

reweighting procedure T3.4 of Francis (2011):

z
[

z
2

(33)

where N, denotes the previous iterations effective sample size. w; was calculated using TA1.8
of Francis (2011):

-1 (61 y EI y)
(Wi) =Vary (V/T)OS (34)

- . -
where O, , —ZXJ O,;, and E,=>x*E,, are the observed and expected mean ages or
J i

lengths and V; , = Z(ijEi,j,y) - Efy is the variance of the expected distribution of age or length
i

calculated over sexes for each year. In these formulas, i denotes a composition data set (age or
size; commercial fishery, mid-water-trawl survey (MWT), or multi-mesh gillnet survey), ]
denotes age or size by sex bin, and x; is the age or length (bin midpoint) for bin j. The initial
effective sample sizes were set at the total number of fish sampled in a year. We fit the models
iteratively (changing effective sample sizes) using penalized maximum likelihood estimation until
effective sample sizes converged on values within one unit of the previous iteration’s value. Once
effective sample sizes converged, the models were run using Bayesian methods. All models were
run in Automatic Differentiation Model Builder (ADMB; Fournier et al., 2012). Effective sample
sizes for the SCAA converged on 62, 45, and 50 for the fishery, MWT, and multi-mesh gillnet
compositions, respectively. Similarly, effective sample sizes for the SCSA converged on 58, 22,
and 11 for the fishery, MWT, and multi-mesh gillnet compositions, respectively.

2.6. Model fitting/calibration/troubleshooting
2.6.1. SCAA
The SCAA model was unable to converge on an estimate of j, which denotes the logarithm

of hydroacoustic catchability. Essentially this parameter scales our entire population by
representing what proportion of spawning cisco the hydroacoustic survey is actually detecting. We

decided to assume a conservative scenario where ¥ =0, which assumes the hydroacoustic survey
is an absolute index of spawner abundance. By conservative, we mean that actual catchability is
likely lower and abundance is likely higher. This in turn means that quotas calculated when 7 =0
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will likely be lower than if the target exploitation rate were applied to an abundance estimate when
y <0. The hydroacoustic surveys are generally thought to be a conservative estimate of

abundance as all areas of the water column are not sampled effectively with the gear (Yule et al.,
2012). The MCMC sampler was run for 10 million iterations each saving every 500", dropping
the first 2,500 values from the saved chains as a burn-in period when summarizing posterior
distributions. Chain burn in was assessed visually and convergence determined using Geweke’s
convergence diagnostic (Geweke, 1991). Long single chains or multiple chains are alternative
reasonable approaches to checking MCMC convergence (Cowles and Carlin, 1994). We elected
for a long single chain because we had the computing power to do so. For long single chains,
Geweke’s diagnostic (Geweke, 1991) is a common statistic used to diagnose non-convergence of
a MCMC chain (Cowles and Carlin, 1994). In addition to results from the Geweke’s diagnostic,
we did start chains from alternative starting points and found that our results were not sensitive to
this.

2.6.2. SCSA

It became clear at the start of model calibration for the SCSA that the model was going to be
unable to output plausible estimates of natural mortality (M). The model would confound estimates
of recruitment, selectivity, and natural mortality. It was unable to converge on plausible estimates
of natural mortality even when given assumed known growth parameters at levels previously
estimated using fixed natural mortality at prior point estimates. The model would increase natural
mortality to an implausibly high value, inflate recruitment, and make larger fish more selected.
What the model was doing was creating many fish through recruitment, killing them off at high
rates through natural mortality in order to have enough fish at spawning sizes to fit the
hydroacoustic data. Few large fish were predicted to survive, but fishery selectivity was highest
for the largest fish to fit the fishery composition data. We confirmed the confounding of natural
mortality with selectivity and recruitment by fixing M at a range of alternative values (with
hydroacoustic catchability fixed), which led to substantial changes in recruitment and selectivity
but little overall change in model fit when M was increased. Similar to the SCAA, the SCSA was
also unable to converge on an estimate of hydroacoustic catchability. Given these issues, we
decided to fix natural mortality at its prior point estimates (0.283yr for males, 0.256 yr? for

females), fix hydroacoustic catchability at 1 (7 =0), and estimate growth. We ran the model for

double the number of samples (20 million) and also doubled chain burn in (first 5,000 iterations
of the saved chain). Likelihood profiles over y for each model and over M for the SCSA can be

found in Online Supplemental Fig. 8.

2.7. Comparison

Given different data used in each assessment, it was not possible to compare the final models
in terms of predictive accuracy/information theoretic measures such as PSIS-LOO, WAIC, or DIC.
Instead, final models were compared using a variety of criteria. First, we considered what
assumptions we had to make to fit each model. We also looked at retrospective patterns,
parameter/output uncertainty and model fit/residuals. We also fit an additional SCAA model with
fixed natural mortalities (at the same values fixed in the SCSA) so as to be able to compare
uncertainty and retrospective patterns for both models when natural mortality was fixed.
Retrospective analyses primarily focused on spawning biomass and exploitation rate. Mohn’s rho
(Mohn, 1999) was calculated for spawning biomass and exploitation rate as the mean relative error
for the last year of each peel compared to the corresponding year in the last assessment.
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YF p _YF ref J
p = —-— (35)
( YF,ref

where Y is the assessment output quantity, either spawning biomass or exploitation rate, ref refers
to the last assessment, and F refers to the final year of a given assessment peel, p . Five years
were removed from the assessment. We also calculated a mean final year absolute difference for
the retrospective analyses, as the mean absolute value of the relative error for the last year of each
peel compared to the corresponding year in the full assessment. This statistic considers the
difference in estimates in the final year of each peel to the reference assessment as opposed to
whether or not there is a consistent pattern.

. Nep —Ye (35)
YF,ref

We refer to 1 as a “precision indicator” because the last assessment is typically viewed as
producing more precise estimates than do the peels in their terminal years. Whereas p can provide

useful information to potentially diagnose model misspecification (Hurtado-Ferro et al., 2015), 4
can provide useful information on the quality of your model estimates based on how much they
change as data are removed, regardless of a consistent pattern. Statistics p and 1 were calculated

using medians of the posterior distribution as point estimates.

Residuals for common data sources were compared using the standard deviation of the
normalized residuals (SDNR, Breen et al., 2003; Francis, 2011; Carvalho et al., 2017). These were
calculated as the standard deviation of the normalized residual for each data point (formulas in
Table B1 in Francis 2011). A relatively good model fit is characterized by smaller residuals and a
SDNR near 1 (Carvalho et al., 2017), although Francis (2011) notes that a value much less than 1
is not a cause for concern, but rather means that the data set is fitted better than was expected. Due
to their correlative nature, composition data points cannot be compared using this metric (Francis,
2011), so these were compared visually.

3. Results

Point estimates of quantities output from the models are reported as medians of the posterior
distribution, with 95% highest posterior density (HPD) intervals reported in parentheses. The
SCAA estimated a total of 89 parameters while the SCSA estimated 67 parameters. All parameters
in each model indicated convergence based on Geweke’s diagnostic at an alpha level of 0.01. Two
parameters for the SCAA (one initial abundance and one recruitment deviation parameter)
compared to nine parameters in the SCSA (three fishing intensities, five recruitment deviations,
plus the male initial abundance scaler) produced a Geweke’s diagnostic that was significant at an
alpha level of 0.05. Natural mortality estimates within the SCAA for males and females were
0.285yr? (0.212-0.371) and 0.253 yr* (0.178-0.340) respectively.

3.1. Spawning biomass

SCAA spawning biomass, defined as the mature female biomass (>250 mm), began at 4.99
(2.07-11.12) million kg, initially declined then rose to an estimate of 4.90 (2.87-8.01) million kg
in 2006 and ended the time series at 0.95 (0.58-1.40) million kg (Fig. 2). For the SCAA model
with fixed natural mortality values, point estimates and 95% HPD intervals for spawning biomass
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in 1999, 2006, and 2015 were 5.26 (3.36-7.88), 5.02 (3.92-6.32), and 0.95 (0.64-1.33), respectively
(Fig. 2). SCSA spawning biomass increased from 2.04 (1.26-3.43) million kg at the start of the
time series to a peak of 3.01 (2.15-3.97) million kg in 2008 before decreasing to 1.45 (0.98-2.03)
million kg in the final year, 2015.

3.2. Exploitation rate

Exploitation rate was defined as yield divided by the biomass of fish larger than 250 mm.
Exploitation in the SCAA was modest throughout the time series, hovering around 3.5%, although
in 2010 began to increase resulting in a final year estimate of 9.1% (5.5%-13.5%; Fig. 2). This
resulted in fully-selected fishing mortality rate estimates of 0.08yr™ (0.04-0.12) and 0.20 yr* (0.11-
0.32) for males and females in 2015, respectively. For the SCSA, exploitation rate decreased from
8% (4%-13%) at the start of the time series to 3% (2%-4%) in 2007 and increased throughout the
rest of the time series to a final year estimate of 6% (4%-8%). Final year fully-selected fishing
mortality rates were 0.05 yr (0.03-0.08) and 0.17 yr (0.10-0.25) for males and females.

3.3. Recruitment

As expected, recruitment was highly variable throughout the time series, with evidence of ~4
“boom” recruitment years in the SCAA, belonging to 1998, 2003, 2005, and 2009 year classes.
Estimates of recruitment (age-2 fish) for these years (2000, 2005, 2007, and 2011) were 19.27
(7.08-41.86), 36.84 (18.76-64.99), 1.87 (0.87-3.32), and 4.40 (2.33-7.17) million fish, respectively
(Fig. 3). Recruitment was low for 10 of the years (i.e., estimated to be around 15,000 fish).
Recruitment for the 3 remaining years were estimated at modestly low values, with estimates
ranging from 0.86 (0 -1.89) million in 2004 to 0.21 (0-1.01) million fish in 1999.

Recruitment in the SCSA showed a similar trend to SCAA recruitment with 3-4 clear modes
most likely attributed to the introduction of fish >170 mm from the 1998, 2003, 2005, and 2009
“boom” year classes (Fig. 3).

3.4. Abundance

SCAA abundance echoed spawning biomass results, with intermittent spikes due to “boom”
recruitment years and an overall declining trend at the end of the time-series. In 1999 the model
predicted there were around 12.71 (5.30-28.53) million cisco, a high of 44.25 (23.36-77.21)
million estimated in 2005, and in the final year 3.90 (2.49-5.73) million (Fig. 2). SCSA-
predicted abundance began the time series at 8.02 (3.92-14.42) million fish, 30.95 (21.31-41.30)
million fish at its peak in 2005, followed by a decrease to around 5.60 (3.60-8.48) million fish in
2015.

3.5. Aging error

Very little aging error was estimated within the SCAA model. Approximately no bias was
estimated in aging as true age increased (d ~ 1.00, Table 2), and the estimated CV (e = 0.02,
Table 2) was very low.

3.6. Growth
L, and K were estimated at 428 mm (419-438) and 0.28 (0.25-0.31), respectively (Fig. 4).

Estimates for growth variance parameters a and b were 124.82 (32.25-252.62) and 2.68 (0.60-
7.19), respectively.
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3.7. Retrospective analyses

Retrospective patterns for the latter half of the time series for each model were very similar
(Fig. 5). Mohn’s p estimates for spawning biomass and exploitation rate were both ~ 0 for the
SCAA and 0.19 and -0.13 for the SCSA, respectively. All of these p values are within a range of
values deemed “not a cause for concern” in retrospective analyses (Hurtado-Ferro et. al., 2015).
Precision indicators (1) for spawning biomass and exploitation rate were 0.16 and 0.18 for the
SCAA and 0.21 and 0.16 for the SCSA, respectively. Retrospective statistics for the SCAA model
fit with fixed natural mortalities were ~ 0 and 0.02 for p and 0.11 and 0.14 for 4 with reference

to spawning biomass and exploitation rate, respectively (Fig. 5).

3.8. Model fit to data

Assessment model fits to the hydroacoustic data were very similar (Fig. 6). Both assessments
treated the observed hydroacoustic spawning abundance estimate in 2011 as an outlier. Outside of
that outlier data point, both models predicted a near linear decline in spawning abundance since
2005, in accordance with the observed data points. The median of the negative log-likelihood for
the fit to hydroacoustic data was lower for the SCAA (Table 3). SDNR values for the hydroacoustic
data were also closer to 1 for the SCAA, indicating better fit.

Fits to harvest data were nearly identical between the assessments (Online Supplemental Fig.
9). HPD intervals were slightly smaller for the SCSA model. The medians of the negative log-
likelihoods for male and female harvest were lower for the SCSA (Table 3), and the SDNR values
were smaller for the SCSA. Both model SDNR yield values were well below 1, indicating better
model fit than expected.

Both models fit the fishery composition data points well (see Online Supplemental Figs 10-
17). These two fits cannot be directly compared as they used different data.

3.9. Computational intensity

The SCSA was considerably more computationally intensive than the SCAA, requiring about
5x the run time for the same number of iterations (where the SCAA took =3.5 hours for 10 million,
the SCSA took =35 hours for 20 million).

4. Discussion

Overall both models showed similar trends in outputs and modest differences in final year
estimates (Fig. 2). However, the SCAA model had a larger degree of uncertainty during the first
half of the time series, which decreased throughout the second half of the time series to actually
end up being less than SCSA uncertainty in the final year (Fig. 2). This decrease in uncertainty
and the relative change for the SCAA relative to the SCSA is not just a scaling effect due to the
different stock size estimates. The coefficient of variation (CV, calculated as the MCMC-based
standard deviation divided by the median estimate) for spawning biomass declined from 0.6 at the
start in 1999 to values between 0.15 and 0.3 during 2010-2016 for the SCAA, whereas the SCSA
had a CV of about 0.3 in 1999, and similar CVs as the SCAA during 2010-2016. This disparity in
uncertainty at the beginning of the time series is likely due to differences in the initial
parameterization of each model, where much more flexibility was afforded to the SCAA by
estimating 26 initial abundance parameters (one for each age-sex combination above recruitment
age). Conversely, the SCSA estimated only four initial abundance parameters; two for the initial
size composition, and one for each sex as abundance scalars. Increased certainty in the SCSA
during most of the time series may also be driven by the assumption of known natural mortality
values. In fact, when we re-ran the SCAA with assumed known natural mortalities at their prior
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point estimates, uncertainty in model output decreased substantially (Fig. 2), indicating that the
certainty in output expressed by the SCSA is likely in some part due to assuming known natural
mortality values.

In terms of model fit, the SCAA had better fit to the hydroacoustic data while the SCSA had
better fit to the yield data [although the slightly better fit of the SCSA to yield may not be all that
significant, as all yield SNDRs were well below 1, indicating better fit than expected by each
model; Francis, 2011]. For the retrospective analysis, where p estimates were larger for the

SCSA, upon visual inspection the patterns appear comparable between the two assessments, if not
worse for the SCAA, specifically at the start of the time series (Fig. 5). The large discrepancies
between the two retrospective patterns prior to 2005 are likely due once again to the flexibility
afforded to the SCAA in initial abundance parameterization, resulting in highly variable initial
abundances for each peel in the SCAA. This result of smaller o estimates for the SCAA even

though patterns may appear more severe if not equal to those in the SCSA is driven by equally
large deviations in the terminal years of peels for the SCAA in opposite directions (i.e., not a
consistent pattern but equal numbers of over and under estimates). Given no p estimates are at

values considered “cause for concern” (Hurtado-Ferro et al., 2015), in this study it may be more
prudent to consider 4 in comparing retrospective analyses, which was larger for exploitation rate
and smaller for spawning biomass for the SCAA compared to the SCSA. Once again, it is likely
that assuming known natural mortality values at their prior point estimates led to both a smaller
A estimate for exploitation rate and the appearance of less severe retrospective patterns within the
SCSA. When we re-ran the SCAA retrospective analysis with assumed known natural mortality
values at their prior point estimates, the precision indicator (.1 ) decreased. In fact, all retrospective
statistics were lower (closer to 0 for p) for the SCAA with assumed known natural mortality than
the SCSA counterparts (Fig. 5).

An important result of our study is the inability to estimate natural mortality within the SCSA.
Given natural mortality is one of the most influential quantities in stock assessment and its
estimation within an assessment can be difficult (Lee et al., 2011; Brodziak at al., 2011; Sippel et
al., 2017), the ability to estimate this parameter in the SCAA certainly favors the SCAA as an
assessment model choice. An interesting note is the remarkable similarity of the prior natural
mortality point estimates (the fixed, assumed known SCSA M values; 0.283yr* and 0.256 yr?) to
the estimated natural mortality point estimates for the SCAA. This is not an artifact of an influential
prior; when we ran the SCAA model without specifying informative priors on natural mortality, a
similar result occurred (Male M = 0.284 yr'!, Female M = 0.252 yr'1), suggesting that the age-
composition data are providing crucial information on natural mortality. The similarity between
assumed known natural mortality in the SCSA and estimated natural mortality in the SCAA in
addition to the utilization of the same hydroacoustic and yield data likely led to similar output
between the two assessments.

The inability to estimate natural mortality within the SCSA due to its confounding with
estimates of recruitment and selectivity is not a new finding, as parameter confounding has been
noted to be potentially more serious in size-structured assessments (Punt et al., 2013). Where
parameter confounding here did not change growth parameters much (mainly influenced
selectivity, recruitment, and natural mortality), its underlying cause may have been variation in
individual growth, such that variation in size-at-age makes it hard for size-structured models to
discern cohorts from length-composition data (Punt et al., 2013). Even when we assumed growth
was known within the SCSA, the model still confounded selectivity, recruitment, and natural
mortality. Another aspect that may have led to the inability to estimate natural mortality within the
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SCSA is the range of vulnerability to the fishery for cisco in Thunder Bay, where by the time cisco
start to show up in the fishery length-compositions they are at or very near asymptotic size (Online
Supplemental Fig. 7). This results in similarity in fishery size-composition data between years
making it difficult to observe strong year classes pulse through the fishery composition data. While
the fishery-independent survey gear does select smaller fish and is, to some extent, able to discern
cohorts from its length-composition data (likely why recruitment in SCSA for 2003 and 2005
cohorts were approximated well), our survey composition data was limited, only having started in
2005 and missing critical years in 2006 and 2011-2012. The missing survey data pre-2005 and in
2011-2012 likely resulted in recruitment of the 1998 cohort being spread over ~5 years and
recruitment of the 2009 cohort entering the population in 2010 in the SCSA (as opposed to 2011,
Fig. 3). Where temporal variation in growth could have caused this, we find it less plausible
because for the years for which survey composition data are available length distributions given
age were fairly constant over time, and the mismatch of recruitment timing occurred when the
survey composition data were lacking but not when they were not (i.e., 1998 & 2009 vs 2003 &
2005 cohorts). Fishery-independent survey size-composition data throughout the full time series
would have likely resulted in a better approximation of year-class strength and possibly allowed
estimation of natural mortality within the SCSA. Alternatively, in the SCAA model, likely due to
the boom-or-bust recruitment pattern, the model was clearly able to distinguish 3-4 large year
classes moving through the fishery and estimate their associated depletion. Estimation of natural
mortality within the SCAA may also have been made possible by relatively light exploitation,
effectively making the major source of mortality and transition through the population-age matrix
one of natural depletion.

Estimation of natural mortality within size structured assessments is possible. Punt et al. (2013)
reviewed integrated size-structured assessment methods and two out of nine assessments that were
reviewed in depth estimated natural mortality within the assessment. One of the assessments
modeled selectivity as logistic (Fu and Mckenzie, 2010) and the other modeled it as a double
normal (Breen et al., 2009; Starr et al., 2009), while both modeled recruitment as lognormal
deviates entering the population through a specified size distribution. These selectivity functions
are less flexible than a gamma function, which may indicate a reason they did not experience
parameter confounding to the extent we did with regard to natural mortality, selectivity and
recruitment. However, even if we fixed selectivity and growth at values estimated using assumed
known natural mortalities, and then tried to estimate natural mortality, the SCSA model would still
inflate recruitment and estimate implausibly high natural mortalities. Where some size-structured
models may indeed be able to estimate natural mortality, our study indicates that this may be an
even taller task than it is in SCAA models, and depends on a multitude of factors from
variability/patterns in recruitment, variability in growth and size at age, and vulnerability range of
organisms within size composition data. In addition, our study utilized otolith increment data to
estimate the growth transition matrix, whereas in many SCSA models tagging data are used for
this purpose (Punt et al., 2013, 2016). Theoretically tagging data can also be used to provide
information on mortality rates, and thus may influence the ability to estimate natural mortality
within the model. However, they are not often used in this fashion because of concerns over tag-
loss and tag-reporting rates (Punt et al., 2013).

4.1. Conclusions and recommendations

Although more uncertain, primarily due to the ability to estimate natural mortality, we
conclude that the SCAA is more appropriate for modeling population dynamics of cisco in the
Lake Superior. While size-based assessment models can considerably decrease the amount of fish
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that need to be aged, as this study shows, age-composition data can be crucial to the ability to
estimate natural mortality and recruitment within a model. We prefer not to rely on assumed known
scale parameters (e.g., hydroacoustic catchability) and natural mortalities, if this can be avoided.
Where the assessments both resulted in similar natural mortality estimates, in other case studies
this may not occur, and using a surrogate equation for natural mortality may result in biased
assessment output. In addition, assuming known natural mortality may artificially decrease model
uncertainty. We do not necessarily expect this conclusion to apply for all, or even most species. In
fact, this result is likely largely driven by the specific life history of cisco and data availability for
the Thunder Bay stock in Lake Superior. Boom-or-bust recruitment most likely facilitated
estimation of natural mortality within the SCAA. For the SCSA, however, the fact that most
growth occurs before cisco are vulnerable to the fishery, and in some years fishery-independent
data that do sample cisco at sizes where they exhibit rapid growth were not available, made the
estimation of natural mortality and relative year-class strength difficult within the model. For
species with less variable recruitment, less variable growth, and more size-composition data
available throughout the growth period of their life span, size-based assessment methods may
perform equally well, or better, than age-structured methods. In this specific case study, were a
SCSA to replace a SCAA for Thunder Bay cisco, perceived stock biomass would be higher and
perceived exploitation rate lower. If the SCSA model were to be used to calculate quotas, they
would likely be increased compared to quotas calculated using the SCAA. For stocks with no age
data available, if a fishery is targeting individuals at asymptotic size, an onus should be placed on
the collection of fishery-independent composition data that targets individuals of smaller sizes so
as to provide an assessment model with more informative data on natural mortality and relative
year-class strength. In addition, our inability to get an age-structured model to fit to size-
composition data may suggest that size-structured models are more appropriate when stocks do
not have much age data.

Our conclusion, that the SCAA was more appropriate than the SCSA when applied to cisco, is
driven by our desire to estimate natural mortality, and our concern that the SCSA recruitment
estimates are not reliable. While it is tempting to contrast our conclusion with other comparisons
of size- and age-based assessment models (Akselrud et al., 2017; Punt et al., 2017), those studies
did not attempt to estimate natural mortality within the assessment models. While Punt et al.,
(2017) concluded that age-structured methods performed poorest and Akselrud et al., (2017)
concluded that age-structured methods fit the data best, we believe that the conclusions of these
studies might depend on their assumption that natural mortality was known. Akselrud et al., (2017)
and Punt et al., (2017) also considered a third type of assessment model that take into account both
age- and size-based processes in their analyses. Where these age-size models may improve
assessment accuracy (Gilbert et al., 2006; McGarvey et al., 2007; Punt et al., 2017), they are also
very computationally intensive. We did not consider them in our analyses. It is possible that an
age- and size-structured model could outperform both SCAA and SCSA in application to cisco in
Thunder Bay. It is also possible to fit both age- and size-composition data within a SCAA (Methot
and Wetzel, 2013). We did not pursue this approach because we assumed adding size-composition
data to an age-structured model already fit to informative age-composition data would provide
little benefit. However, we cannot rule out that such an approach could have outperformed the
SCAA and SCSA defined in our analysis for Thunder Bay cisco. Additionally, while we believe
the comparisons we made and conclusion we reached in preferring the age-based model is valid,
we cannot be sure that the estimated population sizes and mortality rates are closer to true values
than those generated by a size-based model, given the truth is not known. Further, our analysis
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cannot define the conditions under which the natural mortality is estimable and produces useable
assessment results, as we had only one data set resulting from one set of conditions. This is an
advantage of simulations such as those of Punt et al. (2017) over empirical comparisons of
alternative models as shown here. Our empirical comparisons highlighted some aspects of the
performance of size- and age-based models contrasted in a real world application and thus can
point the way for future simulations. More work is needed that directly investigates the ability to
estimate natural mortality and other parameters within size-structured assessment models both
from a simulation perspective and in empirical assessments.
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Appendix
We attempted to fit the SCAA to size-composition data, hereafter referred to as SCAA-CL (Catch-
at-Length). The changes from the original SCAA parameterization were as follows:

1) Size-composition data replaced age-composition data for the fishery and survey gears.

2) Aging error was dropped from the model.

3) Mean length-at-age was calculated using a VVon-Bertalanffy growth function where L_,

t,, and K were estimated as parameters.

4) Standard deviation of length-at-age was specified as a linear function of mean size-at-age,
with two estimated parameters (intercept and slope).

5) The size-at-age distribution was specified using a normal distribution (using mean and SD
described above).

6) Predicted catch-at-age was converted to catch-at-size and then multiplied by a weight-
length function to predict yield (previously catch-at-age was multiplied by mean weight-
at-age).

7) Selectivity of the hydroacoustic survey was specified as length-based (all fish over
250mm). Previously this was specified as the probability that a fish of a given age is greater
than 250mm.

The model ran into some severe issues, which were very similar to those encountered with the
SCSA. The main problem the model had was an inability to output reliable estimates of selectivity.
It would estimate an exponential increase past the age at which asymptotic size begins (~8) for the
fishery selectivity. This occurred regardless of whether natural mortality or growth was estimated
or fixed. The problem, similar to the SCSA, is that the model can track ages 2-8 as fish are growing
(only when there are fishery-independent survey compositions). However, once growth stops the
model has very little information to inform it for ages 9-15. In the original age-structured model,
the model could follow these cohorts late into senescence using information from the age-
compositions. However, all old ages in the SCAA-CL have nearly the same size-at-age
distribution, thus the model once again necessitates composition data on young fish as they are
growing to inform it on relative year class strength and selectivity. These problems were more
severe in the SCAA-CL than the SCSA likely due to reasons such as age- vs size-based selectivity,
or the transition through age bins (when all old fish have the same size-at-age distribution) vs
transitioning through size bins.
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914  Table 1. Data source years for each assessment and input sample sizes for each year of composition
915 data. An X denotes that a data source was available for that year in each assessment. The word
916  “Composition” refers to both age and length composition data.

vy Hydroacoustic  Fishery Fishery MWT Survey  Gillnet Survey
ear e - -
Survey Harvest  Composition  Composition Composition
1999 X X —860
2000 X X —3241
2001 X X -1221
2002 X X—1147
2003 X X —1208
2004 X X —1091
2005 X X X —-661 X—-794
2006 X X —644
2007 X X X —839 X —1845
2008 X X X —654 X —559
2009 X X X -638 X —-994 X —302
2010 X X X —500 X -520
2011 X X X —563
2012 X X X —478
2013 X X X —429 X678
2014 X X X -1733 X-135
2015 X X X — 705 X 478 X —824
917
918
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919  Table 2. Posterior point estimates (medians) and standard deviations in parentheses for parameters
920 in each assessment model. Priors specified are presented in column 4. Fixed parameters are in
921  bold. NA indicates a parameter that was not used for a given model (e.g., aging error for SCSA).
922  Parameters excluded from this table include recruitment deviations, sex- and age-specific initial
923  abundance parameters for the SCAA, and fishing intensities.
Parameter SCAA SCSA Priors
Male Natural Mortality - M (log scale) -1.255 -1.261 N(-1.26, 0.44)
Female Natural Mortality - M, (log scale) -1.374 -1.362 N(-1.36, 0.44)
Median Recruitment - 4 (log scale) 10.92 (0.85) 13.52 (0.40) U(5, 20)
Fishery Harvest SD - o (log scale) -2.40 (0.16) -2.53(0.15) U(-5, 5)
Initial Size Distribution Gamma Shape - « (log scale) NA 2.95 (0.31) U(-10, 5)
Initial Size Distribution Gamma Rate - s (log scale) NA -2.34 (0.30) U(-5, 10)
Male Initial Abundance Scalar - v (log scale) NA 13.61 (0.47) U(1, 25)
Female Initial Abundance Scalar - v, (log scale) NA 15.26 (0.22) U(1, 25)
Fishery Selectivity Parameter 1 - « (log scale) 1.88 (0.07) 4.80(0.11) U(-10, 5)
Fishery Selectivity Parameter 2 - 3 0.65(0.07)  4.50 (0.54) U(-5, 10)
MWT Survey Selectivity pl - ,,,; (log scale) 0.56 (0.38) 225(0.23)  U(-15,5)
MWT Survey Selectivity p2 - By 0.11(0.09)  0.50(0.13) U(-5, 10)
Gillnet Selectivity p1 - o, (log scale) 0.42(0.75)  296(0.54)  U(-15,5)
Gillnet Selectivity p2 - Sy, 0.21(0.15)  0.99 (0.46) U(-5, 10)
L-infinity - L_ (log scale) NA 6.06 (0.01) U(5.9, 6.5)
Brody Growth Coefficient - K (log scale) NA -1.28 (0.05) U(-5, 1)
Growth Variance Intercept - a (log scale) NA 4.83 (1.10) U(-5, 10)
Growth Variance Slope - b (log scale) NA 0.99 (0.63) U(-1, 5)
Aging Error Intercept - C 0 NA U(0, 10)
Aging Error Slope - d 1.001 (0.01) NA U(0.5, 1.5)
Aging Error CV Intercept - € 0.018 (0.01) NA u(o0, 0.5)
Aging Error CV Slope - f 0 NA U(0, 10)
Hydroacoustic Calibration Coefficient - » (log scale) 0 0 NA
924
925
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Table 3. Negative log-likelihood (NLL) and standard deviation of normalized residuals (SDNR)

values for common data sources.

Male Female Hydroacoustic

Yield Yield Data
SCAA - NLL -32.98 -33.00 0.32
SCSA - NLL -35.17 -35.23 2.03
SCAA - SDNR 0.09 0.12 1.26
SCSA — SDNR 0.05 0.04 1.51

27



931

932
933

934

935

936

937

938

939

Thunder Bay i
VA
y 5

Figure 1. OMNRF Quota Management Areas (QMAS) pre-2016. We are characterizing Thunder

Bay stock area as QMAs 1-4 which are shown zoomed in at the top left.
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Figure 2. Spawning biomass in millions of kg of mature females (>250 mm), exploitation rate
(harvest/biomass of fish > 250 mm), and abundance in millions of fish for the SCAA and the
SCSA. First column represents the original assessment models where M is estimated in the
SCAA (however not in the SCSA). The second column represents assessment results where M
is fixed (assumed known) in both the SCAA and the SCSA. SCSA results are identical in each
column. Shaded regions denote 95% HPD intervals and dashed lines or points are medians of the
posterior distribution. Hollow squares denote SCAA output while filled squares denote SCSA
output. Light shading denotes the HPD for the SCAA, darker shading denotes the HPD for the
SCSA, and the darkest shading is where the two intervals overlap.
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Figure 3. Recruitment for the SCAA and SCSA. Both represent the number of fish entering the
model in a given year, but for the SCAA it is the number of age 2 fish entering the population and
in the SCSA it is the number of fish greater than 170 mm that are entering the population. Points
denote medians of the posterior distribution and error bars are the 95% HPD intervals.
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960  Figure 4. Upper left: Fit to growth increment data. Black line depicts the median of the posterior
961 distribution of the expected growth increment ( E(4,)) and arrows represent middle 95% quantiles

962  of gamma distributions derived using point estimates of parameters a, b, and E(A,) that define
963 the variance about an expected growth increment. Upper right: Residuals, medians of the posterior
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distribution, from fit to growth increment data. Lower panel: Growth transition matrix at the
posterior medians for growth parameters. Note that the area of the circles represent the probability
of growing into a length bin given a starting length bin. Length bins are represented on axes as
midpoints. Plus group is length bin 410-420 mm.
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Figure 5. Retrospective analyses for spawning biomass and exploitation rate. Shown are times
series estimates of spawning biomass and exploitation rate when five terminal years of data are
sequentially dropped from each assessment. Each column depicts a different assessment model.
The first column depicts retrospective results from the SCAA, the second depicts the SCAA with
fixed, assumed known natural mortality values, and the third depicts the SCSA. Spawning biomass
is reported as millions of kg of mature females and exploitation rate as yield/biomass of fish > 250
mm. Shown on each panel is the corresponding value of Mohn’s rho () and the precision

indicator (1).
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Figure 6. Fit to hydroacoustic estimates of spawning abundance. No data from 1999-2004 and in
2006. Spawning fish is reported as millions of fish. For the upper row, points denote medians of
the posterior distribution and error bars are 95% HPD intervals. For the bottom plot, points denote
medians of the posterior distribution and error bars are sampling intervals (95%) for the data
calculated at the posterior median of the standard deviation o for hydroacoustic data. Filled
diamonds represent the hydroacoustic survey estimates of spawning abundance, used as observed
data in the models. Hollow squares and triangles represent the SCAA and SCSA fit to the
hydroacoustic survey data set, respectively. Note SCAA and SCSA points are offset to increase
visibility.
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