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Abstract

Age-structured stock assessment models are used worldwide to predict the likely impact of
changing harvest on future fisheries yield. However, age-structured models ignore the impacts
of predator consumption on prey survival (top-down impacts) and prey availability on predator
growth (bottom-up impacts), whereas multispecies statistical catch-at-age models often
incorporate top-down but not bottom-up impacts. Here, we address this gap by demonstrating a
generic approach for including bottom-up interactions in an age-structured statistical model by
linking individual growth to population-scale consumption. We specifically extend Ecostate, a
recent model that adapts Ecopath/Ecosim dynamics to jointly estimate biological and fishery
parameters as well as unexplained process errors. We first add age-structured dynamics for
select species using stanzas, i.e., an age-range over which age-structured productivity and
consumption match mass-balance constraints. We then incorporate likelihood components
representing fit to age-composition and empirical weight-at-age data while also estimating
residual variation in larval survival (recruitment deviations) and consumption (weight-at-age
deviations). To demonstrate, we fit to abundance-index and age-composition data for two
commercial species (Alaska pollock and sablefish) in the Gulf of Alaska, including mass-balance
dynamics for its primary energetic supply, and not fitting weight-at-age data so that it can be
used for out-of-sample evaluation of model performance. We show that the model can be
viewed as a multispecies age-structured model (e.g., estimating adult mortality rates, survey
catchability and selectivity, and biomass while tracking cohorts) and as a mass-balance
ecosystem model (e.g., estimate trophic position and weight-at-age based on forage
consumption). The predicted weight-at-age is weakly correlated with independent measurements

for pollock and sablefish, but were improved when we incorporated forage biomass indices. We
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conclude that bottom-up interactions can be added to age-structured stock assessment models,
and can address new questions regarding forage availability on weight-at-age for use in stock

assessments.

Keyworks: Multispecies model; Ecopath with Ecosim; mass balance; state-space model;

bottom-up interactions; age-structured dynamics
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Introduction

Interest in how food availability affect productivity for marine species (i.e., “bottom-up

interactions”) is growing for several reasons:

1. Climate change: Primary production is changing due to global temperature and nutrient
supply (Boyce & Worm, 2015), and regional changes in primary production may impact
ecosystem-level sustainable harvest (Atkinson et al., 2024; Chassot et al., 2010). Similarly,
changes in regional temperature can affect predator-prey overlap, and subsequently drive
changes in consumption and species interactions (Goodman et al., 2022; Thorson et al.,
2021);

2. Managing harvest for forage species: Alternatively, direct harvest of forage species such as
Atlantic menhaden (Chagaris et al., 2020) and Antarctic krill (Trathan et al., 2022) have led
managers to regulate harvest of forage species based on their impact on other fished or
protected species;

3. Changing size: Changes in animal size are well documented and have large impacts on
sustainability and human benefits for Pacific salmon (Oke et al., 2020) and for numerous
groundfishes (Thorson et al., 2015). In well-documented examples such as Baltic cod, a
change in forage abundance and consumption can then lead to decreased size-at-age for a
commercially important fish (Neuenfeldt et al., 2020).

Given these varied motivations, there is a need for analytical methods that can identify “bottom-

up” interactions in marine ecosystems.

Ecological models are often used to analyze the physical and ecological drivers for marine
ecosystem changes. For example, age-structured stock-assessment models (ASSAM) are

typically fitted to survey and fishery data and then used to predict the likely impact of alternative
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fishery regulation on future biomass and harvest (Methot, 2009). Alternatively, multispecies
statistical catch-at-age models (MSSCA) extend ASSAM by estimating biomass for multiple
species, and then incorporate “top-down” drivers by predicting variation in natural mortality for
a prey species based on the consumption by their predators (Begley & Howell, 2004; Jurado-
Molina et al., 2005). More recently, there is increased research regarding state-space versions of
MSSCA and ASSAM, which incorporate both variation in measurements (“measurement error’”)
and variation in demographic rates over time (“process errors”). For example, state-space
ASSAM have been developed that estimate changes in weight-at-age (Correa et al., 2023), and
state-space MSSCA can estimate process errors in recruitment for individual species (Adams et
al., 2022). These models (whether conventional or state-space) are typically fitted directly to
data and then updated as needed to repeatedly inform management for a given stock or
management question.

Despite their widespread use, ASSAM and MSSCA typically do not estimate “bottom-up”
drivers, i.e., how prey biomass and resulting consumption subsequently affects the productivity
(i.e., growth, reproduction, or survival) of their predators (although see Fitzpatrick et al., 2022).
Instead, bottom-up drivers are typically analyzed using mass-balance or “end-to-end” ecosystem
models that are generally not fitted directly to time-series data. For example, the mass-balance
model Ecopath is typically balanced by estimating an unknown “ecotrophic efficiency” (the
fraction of mortality rates attributed to modeled predators) given specified values for production
and consumption per biomass as well as biomass and diet proportions for a list of interacting
species (Polovina, 1984). Ecopath can then be projected over time using Ecosim (Walters et al.,
1997), and Ecosim can incorporate age-structured dynamics (Walters et al., 2000) which then

have important consequences for species interactions (Walters & Kitchell, 2001). Predator
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functional-response parameters are sometimes estimated via fit to time-series data without
otherwise fitting parameters in the original Ecopath mass-balance (Bentley et al., 2024; Scott et
al., 2016). More recently, Ecostate was developed as a state-space extension to mass-balanced
dynamics, and it estimated both bottom-up and top-down drivers for ecosystem dynamics in the
eastern Bering Sea (Thorson et al., 2024). However, Ecostate was restricted to modelling
biomass dynamics without age-structure, and therefore did not fit age-composition data, track
cohort strength, estimate fishery selectivity, or incorporate other features that are common in
ASSAM.

In this paper, we discuss how to incorporate bottom-up interactions into statistical age-
structured models by linking individual growth to population-level consumption, and
demonstrate the approach by extending Ecostate to include age-structured dynamics. We first
outline how simple metabolic assumptions can link individual size-at-age to population-level
consumption. We then summarize Ecostate and outline how it predicts weight-at-age from
theory (biomass dynamics) and/or observations (biomass indices) for forage species. We then
demonstrate the model by fitting to two age-structured populations (sablefish Anoplopoma
fimbria and walleye pollock Gadus chalcogrammus) as well as their major forage pathways
(pelagic production and benthic detritus via copepods and euphausiids) in the Gulf of Alaska.
We evaluate model performance by (1) withholding real-world measurements of weight-at-age,
and comparing these with model predictions of weight-at-age; (2) withholding and then
forecasting later biomass index and age-composition data in a retrospective skill-testing
experiment; and (3) evaluating how model performance changes when withholding survey

indices for zooplankton forage. Our analysis demonstrates that state-space mass-balance models
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serve as a useful middle-ground between stock and ecosystem modelling, and can attribute

predator growth to their consumption of prey.

Methods

We seek to add bottom-up interactions to age-structured models by linking individual growth to

population consumption. In the following, we adapt an approach derived from Ecopath with

Ecosim (Lucey et al., 2020; Walters et al., 1997) and in particular Ecosim’s multistanza

extension (Walters et al., 2000) that can be repurposed in state-space mass balance and age-

structured assessment models. The method requires:

1. Weight-at-age represented using the generalized von Bertalanffy function in a selected
(“reference”) time;

2. Consumption and metabolic demand that results in weight-at-age in that reference time;

3. Consumption and metabolic demand during a given time-interval, used to calculate growth in
that interval relative to the reference time.

In the following, we define reference weight-at-age, consumption, and metabolic demand as

values that occur in a model equilibrium (see Table S1 for a list of notation). However, future

studies could apply the method to models without a defined equilibrium, and instead define

growth relative to some initial consumption and weight-at-age. We proceed by first reviewing

the theory from which this method is derived.

Individual growth and population consumption
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Fish grow based on the balance between energetic supply (anabolism) and expenditure

(catabolism), and von Bertalanffy (1969 Eq. 7.8) formalized this by theorizing that an animal
with body size w (in units mass) has growth rate %w that follows a differential equation®:

d
—w= Hw?® - Kw (1)
de

——— —
Anabolism Catabolism

where d is the allometric increase in consumption with body size, H is the consumption per
effective size, and K is the linear increase in catabolism with body mass (Essington et al., 2001).
Integrating this expression over time where individuals start at zero mass (i.e., w(0) = 0) then

results in the generalized von Bertalanffy growth function:

: )

(@) = We(1 — eXK-Da)i=d

1

where asymptotic weight w,, = (g)m When assuming that body mass scales isometrically

(i.e., w = al? where b = 3) and that consumption increases with length-squared (i.e., d = g),
this expression reduces to the widely used von Bertalanffy model for length-at-age L(a) =
Lo (1 — e %) where k = 3K.

Although the von Bertalanffy length-at-age function is widely used in age-structured stock-

assessment models, there are relatively few models that incorporate bottom-up interactions by
linking individual growth rate % w (or growth increments using a linear approximation to %w)

to consumption. To make this link, let us first assume that a population has equilibrium weight-

at-age @, that arises from the generalized von Bertalanffy growth function (Eq. 2). It also has

! In the following, we use vector-matrix notation (see Edwards & Auger-Méthé, 2019), but
introduce binary subscripts s2, g2, etc., due to running out of Roman letters for data and
subscripts.
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equilibrium age-distribution v,, and we define biomass f = ZZ‘;‘SX VW, Such that equilibrium
biomass f = YoM v, @,

We start by applying an Euler (piecewise linear) approximation to the von Betalanffy
differential equation (Eq. 1) for equilibrium weight at age, while discretizing integer age a into

n, intervals, where fractional age a* = npa + A corresponds to interval A of integer age a:

B _ H&% Ko, (3)
Wg*y1 = Wgr + n - n
A A

We then assume that anabolism

ng* . . - .
~ will vary with consumption, i.e.:
A

d

. . . . Hw x . . - . .
1. if there is no consumption, then anabolism ~ 2 js also zero and individuals are predicted to
A
. d _ . - . - _ Kwa*
shrink at rate T = —Kw with linear approximation w,+;; = wg* — -

2. if consumption, weight-at-age, and abundance-at-age are all at their equilibrium, then we

—d
. oy . . . . Hw «
expect growth to also match its equilibrium value, and this occurs when anabolism is —%;

na

3. If consumption doubles relative to its equilibrium, we expect anabolism to also double.
As further complication, a model might track consumption Q only when aggregating across
fractional ages. In the following, we partition fractional ages a* into “stanzas” (a.k.a. stages) s2,
and model equilibrium consumption Q, (or other quantities) by summing across fractional ages
a” € s2 within a given stanza s2. Alternatively, a model might aggregate all fractional ages a*
into a stanza s2 representing a single integer age a, and track consumption Q, for each integer
age.

To proceed, we re-arrange the individual growth equation (Eg. 3) to show that anabolism at

ayepL s . P _ K _ . .. .
equilibrium for fractional age a* is Wy 41 — Wy + — g Average individual anabolism must
A
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be supported by population-scale consumption Q,, for the corresponding stanza s2, and that

stanza has metabolic demand . ;+/¢» vawwgﬂ. At equilibrium, we therefore have an identity:

— QSZ — — K — (4)
Ay 4 = Wgry1 — Wor +— Wgr
Za*’ESZ Vart @ g1 LN

Equilibrium consumption Equilibrium anabolism for
per biomass for stanza s2 fractional age a”

. — -1 .
And solving for @, = (a_)a*ﬂ — g + nﬁa_)a*) (Qs/Taresz Var®@%)  then converts the ratio of
A

consumption and metabolic demand for a given stanza s2 to anabolism for a given fractional age
a*. We can then use &+ to calculate anabolism given other levels of consumption and metabolic
demand:

_ Os2 K (5)
War41 = War + Ao+ — — — g
a*,ESZ Va*l(j)a*, nA

This expression therefore links individual, age-specific growth increments to total consumption
Q, aggregated over a set of ages fractional ages a* € s2. The expression satisfies our three
objectives, i.e., (1) predicting a decline in size in the absence of consumption, with (2) weight-at-
age matching equilibrium values given equilibrium age-structure and consumption, and also (3)
having a linear increase in anabolism with consumption. Future research could modify the third
characteristic by shunting elevated consumption into elevated survival or reproductive output
(Walters et al., 2000), although we do not explore this here.

In the following, we demonstrate how Eg. 4-5 can be used to integrate bottom-up interactions
into age-structured population dynamics. We specifically extend the state-space mass balance
model Ecostate, which informs forage abundance based on both:

1. Theory, i.e., forage species follow a simple biomass-dynamics model such that they have
some assumed or estimated density dependence where, e.g., predator growth will tend to

increase as their fishing mortality rate increases (Fig. S1);



190 2. Observations, i.e., where forage biomass will closely match biomass indices when they are
191 available, such that dynamics will condition upon observations (i.e. predicted growth will
192 increase when forage indices increase).

193  In particular, we investigate whether having forage biomass indices can improve predictions of
194  predator weight-at-age relative. However, future models could replace our density-dependent
195  model for prey dynamics with user-specified indices of prey biomass or predator consumption
196  (i.e., treating prey biomass or consumption as covariates).

197  State-space mass balance modelling

198  Ecostate (Thorson et al., 2024) is a state-space model for population-dynamics, which tracks

199  biomass S(t) for each s € {1,2, ..., S} of S functional groups in continuous time t,;;, < t <
200 t,qe. Functional groups are categorized as autotrophs (producers), heterotrophs (consumers),
201 and detritus pools, and we index functional groups as prey i and predator j in expressions that
202  involve predators and prey groups. It uses dynamical equations derived from Ecopath (Polovina,
203 1984) and Ecosim (Walters et al., 1997, 2000; Christensen & Walters, 2004) and extends these
204  dynamics to permit: (1) any combination of parameters to be estimated via fit to time-series data
205  using maximum likelihood, with options for likelihood penalties and/or Bayesian estimation; and
206  (2) estimation of process errors representing unmodeled variation in dynamics, where the

207  variance of process errors can be estimated as a hierarchical model. We first briefly summarize
208  the previous development of Ecostate, before then introducing how age-structured models are
209  incorporated.

210 Ecostate (mimicking Ecopath) first defines an equilibrium biomass S, where biomass inputs

211 (primary production, assimilated consumption, and detrital inputs) match outputs (metabolic
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demand, biomass growth, natural mortality, predation mortality, and detrital turnover) on

average for all functional groups. This equilibrium is expressed using the “master equation™:

B X p X g (6)
) - -
Equilibrium Prey Prey
biomass for prey i production ecotrophic
per biomass efficiency

=z( di,j X ﬁ_] X wj \}

- b o ot g
j=1 Proportion of Equilibrium Predator
diet for predator  biomass for ~ consumption
jbypreyi predator j per biomass

where p; is production per biomass, e; is the proportion of biomass that is utilized by modeled
variables (“ecotrophic efficiency”), d; ; is diet proportions (where diet matrix D has columns that
sum to one for heterotrophs and zero otherwise), and w; is consumption per biomass. Fitting this
equation requires that the analyst specify a fixed value (or estimate as fixed effect) three of the
four parameters {p;, e, 35, w¢} for each taxon, and such that the fourth value can be solved
deterministically (Polovina, 1984). We envision that analysts will typically solve for ecotrophic
efficiency, although it could instead be estimated with a prior in cases when all predators are
being modeled.

Ecostate (mimicking Ecosim) then defines a differential equation for biomass dynamics over

time B,(t) given these same parameters:

(")
d
PO =190 - m@®) — (O + &@O) |Bs
t - ~_— —— [Ny
Growth Natural Fishing Process error
rate mortality  mortality  in biomass rate
rate rate

d
E ns(t) = f;(t)ﬁs(t)



224  where g,(t) is a population growth rate, mg(t) is population mortality rate, f;(t) a fishing

225  mortality rate, e,(t) is an optional process error in biomass rates, and n,(t) is an accumulator
226  tracking fishery catches. Population growth g(t) and mortality m(t) are calculated based on a
227  matrix of consumption rates, and see Table 1 for definitions. Biomass and catches across all

228 groups are then integrated at an annual time-step by default (B(t + 1),n(t + 1)) =

529 ft+1i

B(t),n(t)) numerically, e.g., using an Adams-Bashforth ordinary differential equation
t dt

230 algorithm with user-specified accuracy (with other ODE solvers also available to users). The
231 model can be fitted to a combination of biomass indices and fishery catch time-series (Thorson et
232 al., 2024).

233 Combining age-structured and biomass dynamics

234  Here, we extend Ecostate to incorporate age-structured dynamics for selected heterotrophs. This
235  extension starts using the “multistanzas” functionality from Ecosim (Walters et al., 2000), but
236  incorporates new options to:

237 1. fit age-composition data, while weighting those data using a multinomial distribution with a

238 known “input-sample size”, or further down-weighting the input sample size using a
239 Dirichlet-multinomial distribution as a diagnostic of model mis-specification (Thorson et al.,
240 2023);

241 2. fit empirical weight-at-age data;

242 3. estimate logistic selectivity parameters via their fit to age-composition data;

243 4. estimate parameters representing equilibrium weight-at-age, i.e., von Bertalanffy growth rate,
244 asymptotic weight, the allometric scaling of consumption to size, and the proportion of

245 animals that are mature for each age (“maturation ogive”);
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5. estimate stock-recruit parameters representing equilibrium recruits and the steepness of the
emergent stock-recruit relationship occurring at equilibrium conditions for other taxa;

6. estimate annual variation in cohort strength beyond what’s expected from the stock-recruit
relationship as a random effect (“recruitment deviations™), while potentially estimating the
variance of recruitment-deviations using maximum marginal or penalized likelihood;

7. estimate annual variation in consumption for a given predator, beyond what’s expected from
the deterministic skeleton (Eqg. T1.1).

These options have not previously been implemented in any model using Ecosim or extensions

of the underlying equations. Collectively, these extensions allow us to use Ecostate to fit

parameters for a full age-structured stock assessment model, including decadal projections, stock
status, Bayesian priors, process errors, and model diagnostics. However, the age-structured
model also incorporates both top-down (i.e., changes in natural mortality resulting from predator
consumption) and bottom-up (i.e., changes in individual size resulting from consumption of
prey) controls.

Following Ecosim, each age-structured population g2 is represented using one or more
stanzas s2[g2], and each stanza s2 is itself associated with a functional group s[s2], such that

the biomass for stanza-group of an age-structured population is Bgsz(g2);- T0 simplify
presentation in the following, we discuss how age-structured dynamics are incorporated for a
single population and suppress index g2 from notation throughout. However, the model (and
associated code) is fully generic, and can incorporate age-structured dynamics for as many
heterotrophs as specified by the user.

Stated briefly, Ecostate defines unfished equilibrium biomass %ES = 0 for heterotroph s as

occurring when the population growth g, (which arises from consumption) balances population
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mortality m, (which arises from predation); mass balance for primary producers and detritus

groups is detailed elsewhere (Thorson et al., 2024). To convert these biomass-dynamic rates to

age-structured dynamics, Ecostate converts biomass mortality rate m4(t) + f;(t) in Eq. 7 to an
individual mortality rate (which has no direct effect on somatic growth rates) and converts
biomass growth g, (t) to an individual growth rate (which has no direct effect on individual
mortality rates). Both conversions are specified to satisfy two conditions at unfished
equilibrium:

1. the conversion of equilibrium population mortality m,(t) to individual mortality rate results
in a stable age-distribution. Given weight-at-age and the stable age-distribution, we can
calculate biomass-per-recruit for a given stanza s2, and equilibrium recruitment is calculated
as biomass (s, divided by biomass-per-recruit for that stanza s2. We then use equilibrium
recruitment, stable age-distribution, and weight-at-age to calculate biomass for other stanzas.
Equivalently, this equilibrium occurs when production per biomass p, for each stanza is
equal to the mortality rate over the corresponding age-range and,;

2. the conversion of equilibrium population growth rate g,(t) to individual growth results in a
generalized von Bertalanffy growth function with specified growth rate k, asymptotic weight
W,,, and allometric scaling d. This condition is met by solving for equilibrium consumption
and consumptive demand, and then applying Eq. 4-5.

Further details are notation are provided in Supplementary Material 2.

Fitting to data

In particular, we calculate the likelihood of age-composition data N containing vector n; of

samples n, , for each integer age a in year t. However, age-composition sampling typically
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arises from a monitoring program with some selectivity-at-age s,, SO we estimate two parameters

a

-1
6, and 6, that represent the logistic survey selectivity, s, = (1 +e 91_5) ,

n,~Multinomial <

sv(t) >
Vama 5qVa (L)
where Y%max py_(t) is the input sample size which determines the weighting of these data relative

a=1

to other information. Alternatively, we can instead specify a Dirichlet-multinomial distribution:

sv(t)
nt~DM Clmax - . .~ Y3
2ao1 Sava(t)
Where 6 is (approximately) the ratio of input and effective sample size (Thorson et al., 2017).
Similarly, we calculate the likelihood of empirical weight-at-age data W containing the

average body weight w, . for each integer age and year. We specify a lognormal distribution:

log(wg,) ~Normal(log(w,(t)),a2)

where g2 is an estimated parameter representing the residual variance in weight-at-age data (and
future research could incorporate sampling variability as an additional variance when fitting
weight-at-age data). Model exploration suggests that age-composition data are informative about
production-per-biomass p,, (which is proportional to natural mortality rate), and that weight-at-
age data are informative about the von Bertalanffy growth parameters k,, and d,.

Finally, we also include options to estimate unexplained variation in age-structured
dynamics:
1. Recruitment deviations: We estimate an annual “recruitment deviation” ¢ (t) which is

assigned a normal distribution:

¢(t)~Normal(0,03)
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where aqz, Is the variance of recruitment deviations, and can either be estimated using

maximum marginal likelihood or fixed a priori when using penalized likelihood estimates.
Recruitment deviations can then be informed by unexplained variation in age-composition
data. Recruitment deviations will arise because cohort strength is strongly influenced by
small differences in daily rates of larval survival resulting from ocean temperatures and
advective fields (Cushing, 1990), which may be largely independent of trophic interactions
represented within Ecostate.

Consumption deviations: Similarly, variation in oceanographic conditions (e.g., temperature)
may drive variation in predator-prey overlap and/or predator metabolic demand. We
therefore incorporate annual variation in predator consumption, where we replace the

deterministic equation for consumption (Eq. T1.1) from Ecostate with a “semi-parametric”

equation:
. BO
i,j ,8_ t
Ci,j(t) = Cij X ] G X BLE ) x eVi®
Gy 5O &
equilibrium Xij — 14— :
consumption rate B )i prelyefsupnocr?s(()enal

predator functional
response

where we again assign a normal distribution to consumption deviations:

v;(t)~Normal(0, 0y ;)
Where this variation can again be either estimated or fixed a priori depending upon
computational constraints. An increase in consumption then decreases survival for prey
species and also increases weight gain for the predator. Annual variation in consumption can
therefore be informed either via unexplained variation in prey biomass, and/or predator

weight-at-age.
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3. Survival deviations: We note that process errors can be estimated for the biomass of any
functional group, and this includes stanza of age-structured populations. Ecostate is
parameterized such that process errors result in unexplained variation in survival rates when
applied to age-structured groups. These process errors can then represent either excess
mortality or immigration/emigration, similar to their interpretation in state-space age-
structured models (Stock et al., 2021).

Parameter estimation

Building upon the mass-balance model Ecostate, we continue to estimate parameters using

RTMB (Kristensen, 2024). This then provides a user-friendly interface to automatic

differentiation (AD) and the Laplace approximation provided by TMB (Kristensen, 2014).

However, age-structured calculations in Ecostate involve large matrices of abundance-at-age and

weight-at-age for fractional ages a* and years t*. Given the size of the AD tape, it is not feasible

to repeatedly calculate the Hessian matrix as required when using the Laplace approximation to
apply maximum marginal likelihood. We therefore optimize the penalized likelihood while
fixing the variance of random effects at values that are specified a priori. Future research could
estimate these parameters via a hierarchical Bayesian model, i.e., using tmbstan (Monnahan &

Kristensen, 2018) to sample the joint likelihood, but we do not explore the topic further here.

Case study demonstration

To demonstrate, we fit the model to age-structured survey data for two commercially important

species (walleye pollock and sablefish) as well as their primary energetic pathways (i.e.,

zooplankton, benthic invertebrate fauna, primary producers, and benthic detritus) in the Gulf of

Alaska. These data include:
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1. Survey data for pollock from a stratified random bottom-trawl survey conducted biennially

from 1990 to 2023 by the AFSC (Siple et al., 2024). Design-based estimators are used to
generate a biomass index, age-composition (in numbers, excluding 2023), and average
weight-at-age. Survey data east of 140W are excluded as there is evidence that is a separate
stock. Total catches from 1970-2023 were also used, and details about how they were
obtained can be found in Monnahan et al. (2023).

Survey data from a cooperative longline survey for sablefish, which follows a systematic
survey design, including age-composition (in numbers), empirical weight-at-age, and a
biomass index (in mass). We reprocessed the data to only include sets in the Gulf of Alaska,
i.e. excluding stations occurring in the Bering Sea or Aleutian Islands. Given the unknown
area of attraction for longline gear, the biomass index is calculated using a depth-stratified,
area-weighted estimator, and the biomass time-series is treated as a relative index (i.e.,

estimating a catchability coefficient).

. Total annual fishery harvest for the two directed fisheries, extracted from the most recent

stock assessments for pollock (Monnahan et al., 2023) and sablefish (Goethel et al., 2024);

. An Rpath model for the Western Gulf of Alaska, where we use annual biomass production

per biomass p,, annual consumption per biomass w, (which includes digested and

unassimilated consumption in biomass), and the diet proportions matrix d; ;, as well as

g
equilibrium biomass S for those species where Ecostate is unable to estimate this based on

available information.

. A biomass index for large copepods from the ECOFOCI survey; Large copepod (> 2mm;

example species: Calanus spp. and Neocalanus spp.) abundance (numbers per cubic meter)

was estimated from 505 um mesh, 60 cm diameter bongo nets. Total large copepod
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abundance is summed for each station sampled within a two core areas, one in spring and one

in summer, and the mean abundance is calculated from all stations within the core areas

(Kimmel et al., 2023).

6. A biomass index for euphausiids from the Seward Line (Hopcroft, 2023).

We note that the sablefish stock assessment includes data from the Gulf of Alaska, Bering Sea,
and Aleutian Islands, and therefore does not exactly match our spatial scale (which is restricted
to the Gulf of Alaska). Similarly, the pollock assessment uses a somewhat restricted spatial scale
that excludes southeast Alaska. We instead use the spatial scale of the Rpath model for the
Western Gulf of Alaska, and expect that the difference in spatial scale will results in some
differences in model results relative to estimates from each stock assessment.

For each age-structured population, we estimate unfished biomass for juveniles and adults
(four scale parameters; Table 2). We also estimate the catchability coefficient and two logistic
selectivity parameters for the primary survey of each species. To match the pollock stock
assessment, we specify a lognormal likelihood penalty on the bottom-trawl survey catchability
for pollock, with log-mean of log(0.85) and log-standard deviation of 0.1. To match the two
stock assessments, we also fix steepness h = 0.999 (i.e., approaching a constant stock-recruit
relationship) and estimate recruitment deviations ¢ (t). For both sablefish and pollock, we
assumed that input-sample size for age-composition data was 60 in each year, and used the
Dirichlet-multinomial likelihood to weight these data. However, the effective sample size
approached the input value (60) for both species, such that we then reverted to nominal
weighting using the multinomial likelihood. We also fix age-at-maturity a,,,; = 6 for sablefish

and am,e = 4 with logistic slope wiaes10pe = 1 t0 (@pproximately) match the sablefish and

pollock assessments, and fix juvenile natural mortality at values from the Rpath model (M =
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1.65 and 1.96 for sablefish and pollock, respectively). We estimate adult natural mortality rate
for each age-structured species, while specifying a likelihood penalty centered on the value
assumed in the stock assessment (sablefish: 0.1; pollock: 0.30) and with a log-standard deviation

of 0.1. We specify specialized von Bertalanffy growth rate k = 0.14 for sablefish and k = 0.2
for pollock, and also allometric consumption d = %for sablefish and d = gfor pollock. These

are fixed here (because we are withholding weight-at-age data for model evaluation), but model
exploration suggests that they are estimable when fitting to weight-at-age data.

To represent species interactions, we estimate a vulnerability parameter x;; = x; representing
the constant vulnerability all prey i for each of sablefish or pollock as predators j (Table 2), and
specify a lognormal penalty on vulnerability x; with log-mean log(2) and log-standard deviation
of 1.0 (where 2 is the default value used in most Ecosim implementations). In addition, we
estimate the catchability coefficient for large copepods and euphausiids (such that estimated
biomass will tend to match the assumed equilibrium biomass fixed from Rpath), and also
estimate process-errors e4(t) for biomass dynamics of copepods and euphausiids (to allow the
model to match observed cycles and trends for zooplankton forage). Given that we are using
penalized likelihood (to avoid the computational cost of computing the Laplace approximation),

we fix the variance of recruitment deviations (i.e., aqz, = 12 for both case study species) and also

fix the variance of process errors for copepods and euphausiids (i.e., 62 = 12 for both).
However, we confirm that the average across years of the standard-error squared and the sample
variance for deviations approximately matches the input variance (i.e., the tuning metric
discussed in Methot and Taylor (2011)).

To evaluate model performance, we explore:
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1. Predictive performance for weight-at-age: We do not fit weight-at-age data directly.

Instead, we use the model to predict annual weight-at-age and then compare these predictions
with out-of-sample weight-at-age measurements. We explore this comparison visually, but
also calculate the Pearson correlation between log-prediction and log-measurement for each
age separately and then average this correlation across ages;

Retrospective skill: We conduct a retrospective experiment where we exclude all biomass
index and age-composition data after year T. However, we retain data for fishery catches in
all years, such that forecasts condition upon fishery harvest that matches the real-world
observations in forecast years. We then forecast dynamics for year T + 1 through 2040. We
fit 10 “retrospective peals” where the year of last data T = {2022,2021, ...,2013}, and
record the forecast (and standard error) for biomass and recruitment-deviations e, for pollock
and sablefish. We compare these forecasts and standard errors with the estimates arising
when fitting to all data (T = 2023);

Value of zooplankton biomass information: We compare the base model with an alternative
scenario where we exclude biomass indices for zooplankton forage (euphausiids and
copepods). This also requires eliminating the catchability coefficient for these indices as
well as process-error deviations for these taxa. We then visually examine how this changes
estimates of biomass trends for all taxa, as well as its impact on the out-of-sample predictions

for weight-at-age for sablefish and pollock.

We also evaluate predictive performance (#1 above) by comparing predicted weight-at-age
against a smoothed version of measured weight-at-age, estimated using a state-space model that

includes age, year, and cohort effects (Cheng et al., 2024). This state-space model is intended to
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filter out measurement error in the observed weight-at-age (resulting from low but known sample
sizes) prior to the comparison with predictions from Ecostate.

Collectively, the model estimates population scale for the two age-structured populations
while tracking cohorts, and also predicts time-varying natural mortality (from cannibalism and
predation) and growth (from consumption and weight-specific metabolism). We can therefore
view the model from two perspectives: as a stock-assessment model with two age-structured
populations, and as a mass-balance model with species interactions. We therefore organize the
Results to highlight these two perspectives.

Results
Stock assessment model with age-structured dynamics
Inspecting model output from a stock-assessment perspective, we see clear evidence in the age-
composition for sablefish (Fig. 1) of a strong cohort born in 1997 (showing up at age-4 in 2001),
2005 (showing up at age-5 in 2009), and again in 2014 and 2016 (showing up at age-3 in 2017
and 2019). As expected, these cohorts result in increasing biomass as they grow through the
population, i.e., from 2001-2003, 2008-2010, and again from 2017-2023 (Fig. 2). These latter
cohorts result in adult sablefish biomass in 2023 approaching a high last seen at the beginning of
biomass-index data (1990). However, biomass relative to equilibrium unfished is still expected
to increase over subsequent years towards the unfished equilibrium (Fig. S2) under the scenario
projected here (i.e. no catches after 2023).

Similarly, inspecting survey age-composition for walleye pollock (Fig. 3), we see strong
cohorts in 1988 (showing up at age-2 in 1990 and age-5 in 1993), 2000 (ages 1/3/5/7 in 2001
onward), 2004 (ages 1/3/5 starting in 2005), and 2012 (showing up at ages 1/3/5). Finally, there

is preliminary information about important cohorts in 2016 and 2020, which show up at ages-1
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and later despite the continuing size of the 2012 cohort. The 2000 cohort is associated with rapid
increases in adult biomass from 2001-2003, and the 2004 cohort causes an increase from 2006-
2009 (Fig. 3). Finally, the strong recent cohorts have driven an increase from 300 to over 1000
kilotons from 2020-2023. Under a scenario of no future fishing, pollock biomass is then
expected to decline slightly towards its unfished equilibrium (Fig. S2).
Mass-balance model with species interactions
Inspecting model output from a mass-balance model perspective (Fig. 4), we see that adult
sablefish has a trophic level (TL) of 4.1 due to consuming adult pollock (TL: 3.6), while
juveniles of both species have similar trophic position (TL: 3.6; see Table 2). As expected given
this higher TL, adult sablefish has a lower natural mortality rate (0.10) than adult pollock (0.41)
and also has a lower total biomass (adult sablefish: 361 kilotons; adult pollock: 1,609 kilotons).

The model estimates process errors in biomass dynamics for euphausiids and large copepods,
which result in estimated biomass that closely matches available biomass-index data (Fig. 2). It
then predicts interannual variation in zooplankton consumption and resulting weight-at-age for
pollock and sablefish (Fig. 5 top row). Euphausiids are predicted to have cyclic variation in
biomass with highs in 2002, 2009, and 2018, with both highs and lows generally decreasing over
that period. By contrast, large copepods are predicted to decline consistently from 2005-2015
before subsequently stabilizing (Fig. 2).
Skill assessment #1: Out-of-sample weight-at-age predictions

Adult pollock weight-at-age is predicted to increase from 1993-2002 and then decline from
2002-2015 (Fig. 5 top-right panel). This increase and subsequent decrease in adult pollock
weight-at-age is attributed to the increase and subsequent decline in euphausiid abundance,

associated pollock consumption, and resulting weight-at-age (Fig. S3). Following 2016, adult
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pollock are then predicted to have increasing weight-at-age, associated with an increase in adult
pollock cannibalism resulting from the strong 2011 cohort (Fig. S3 bottom-right panel). These
predicted patterns in weight-at-age are moderately (0.31) correlated with held-out survey
measurements of weight-at-age, which also show a progressive increase from 1993-2002 but also
a later peak in 2008-2012, and no evidence of an increase in 2018 onward (Fig. 5 bottom-right
panel).

Similarly, the model predicts a peak in adult sablefish weight-at-age in 2014 (when adult
sablefish is approaching its lowest levels), and a subsequent drop below equilibrium weight-at-
age (Fig. 5 top-left panel). These predictions have a weakly negative (-0.13) correlation with
held-out measurements of weight-at-age, which show declines for ages 2-10 and increases for the
oldest ages (Fig. 5 bottom-left panel). The correlation between predictions and out-of-sample
data is largely unchanged for pollock when comparing against smoothed measurements, but is
somewhat more negative for sablefish (Fig. S4)

Skill assessment #2: Retrospective skill testing
Finally, we conduct a retrospective experiment removing data, forecasting dynamics under future
catches, and comparing forecasts with subsequent predictions when fitting all data (Fig. 6). The
model has information to precisely estimate recruitment deviations ¢ (t) for sablefish three to
four years after a given year-class (e.g., the 2019 year-class has stabilized using data through
2022 or 2023), whereas for pollock it estimates them two to three years after (e.g., the 2019 year-
class has stabilized by 2021) and there is preliminary evidence in 2023 data of a strong year-class
in 2021.

These retrospective estimates of year-class strength then propagate forward during

biomass forecasts. Forecasted biomass is generally within the 95% confidence interval even
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when removing 10-years of data, although 10-year forecasts of adult pollock biomass range from
essentially zero to twice the unfished equilibrium value (Fig. 6 1% and 2" rows). Sablefish
biomass has increased faster from 2020 onward than what was expected using data available in
2020 (which did not have information about higher-than-average recruitment after 2016, Fig. 6
3" row). Similarly, adult pollock biomass forecasts have very broad confidence intervals when
forecasting 6+ years forward, and recent biomass in 2020-2023 is lower than expected in 2013-
2015 (Fig. 6 2" row) due to lower-than-average recruitment from 2013-2020 (Fig. 6 4™ row).
Skill assessment #3: Value of zooplankton indices

When we remove indices for copepods and euphausiids, predicted euphausiid biomass then has a
strong negative correlated with adult pollock biomass and copepods have a strong positive
correlation (Fig. S5), which contrasts strongly with the model predictions when fitting indices for
these zooplankton species (Fig. 2). Predicted patterns in weight-at-age for sablefish and pollock
are then different due to changes in predicted consumption of large copepods and euphausiids,
and the correlations between predicted and observed weight-at-age declines for both fishes (Fig.
S6).

Discussion

In this paper, we summarized a generic method to incorporate bottom-up interactions in age-
structured population models, which calculates individual growth rates from population-level
consumption relative to metabolic demand. This method uses a minimum of additional
information, i.e., weight-at-age and consumption in a reference time and variable consumption
used to calculate growth increments during other times. It could therefore be repurposed in other
models as long as prey forage and/or consumption is modeled or specified as covariate. We then

integrate the method into a recent state-space mass balance model Ecostate, and used modern
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statistical computing (e.g., automatic differentiation) to efficiently estimate both demographic
rates (e.g., equilibrium recruitment), measurement parameters (e.g., catchability coefficients and
survey selectivity-at-age), and process errors (e.g., recruitment deviations) using penalized
likelihood estimation. This represents the first (to our knowledge) effort to combine state-space
age-structured modelling with multispecies modelling that includes both top-down and bottom-
up interactions, and the resulting model can be viewed as both a stock-assessment and a mass-
balance ecosystem analysis.

Many hypothesized mechanisms linking climate to fish productivity are mediated by
forage availability, e.g., where increased temperature may impact productivity either positively
(increase individual growth) or negatively (drive starvation mortality) depending on whether fish
can compensate via increased consumption. In our case study, we showed that Ecostate can fit
abundance-index and age-composition data for multiple age-structured species, and that fitting to
forage biomass indices improves out-of-sample predictions of predator weight-at-age. We
therefore recommend future research that attributes historical variation in weight-at-age to
climate-linked variation in forage species. For species where these links can be identified, we
then envision seasonal-to-decadal forecasts and multidecadal projections of predator weight-at-
age as a potential next step. We therefore envision that future research is needed to understand
how additional mechanisms (e.g., prey switching and temperature-dependent metabolism) drive
weight-at-age in these species. This would extend recent research that attempts to link weight-
at-age directly to ocean physics without considering forage availability or consumption (Oke et
al., 2022).

Our analysis links individual consumption to population-scale consumption by adapting a

differential equation for growth based on anabolism and catabolism (Eq. 1). However, VVon
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Bertalanffy (1960) additionally hypothesized that (1) both anabolism rate H and catabolism rate
K would increase with temperature, and (2) anabolism would increase with temperature faster
than catabolism. This second assumption then predicts that increased temperature leads to faster
juvenile growth and slower adult growth (Morita et al., 2010), which has sometimes been called
the “temperature-size rule” (Oke et al., 2022). Although debates continue about whether this
pattern is widely observed (Atkinson, 1994), von Bertalanffy’s first hypothesis is widely
supported (Kingsolver & Huey, 2008). We therefore also recommend future research to
incorporate a temperature-dependent link in both anabolism and catabolism parameters (H and K
in Eg. 1). This would then allow future studies to investigate the impact of ocean temperature on
fish productivity via both forage availability (population-level consumption) as well as
bioenergetics (individual-level metabolism and foraging rates.

Despite these ecological and management reasons to study bottom-up drivers for weight-
at-age, we also note several drawbacks in the implementation involving Ecostate. Most
significantly, fishery mortality must be assigned a priori to a given stanza, and therefore fishery
selectivity cannot be estimated using an age- or length-based function as is common in age-
structured models. Future research could relax this assumption, although it would require some
restructuring in how age-structured fishing mortality (Eq. 6) is represented when integrating
biomass-dynamics for all functional groups (Eg. 2). We also have not represented demographic
differences in sexually dimorphic species (e.g., sablefish). Future research could approximate
this by modelling males and females as separate age-structured populations, although this would
require pre-processing data to separately model the two. We also have not added detailed
indexing for multiple survey and fishery fleets to the software package Ecostate, although this

does not pose any fundamental difficulties beyond a more-complex user interface. Finally, we
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have not incorporated any functionality to fit length-composition data. This would presumably

require further research to identify how changes in consumption affect skeletal growth (length-

at-age) relative to morphometric condition (weight-at-length), and how best to parameterize this
tradeoff (e.g., Correa et al., 2023).

We also encourage further research to fit directly to consumption data resulting from
stomach-content and diet samples. Stomach-content data can be standardized to estimate annual
variation in both consumption and diet. We envision that these data could by fitted either as an
index of total consumption and compositional data regarding diet proportions, or alternatively as
a set of indices of prey-specific consumption. These two alternative options are somewhat
analogous to the split between fitting age-based survey data as an abundance index and age-
compositions, or as a matrix of abundance-at-age, and there are benefits and drawbacks to both
approaches (Thorson et al., 2023). Regardless of which parameterization is used, we envision
that stomach-content data could be used to identify prey-switching, temperature-dependent
changes in consumption, and other realistic complications that arise in trophic ecology. We hope
that (1) greater flexibility in representing predator consumption combined with (2) diet and
consumption data from stomach contents will then allow future studies to better match observed
variation in predator weight-at-age.
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Fig. 1 — Proportion at age (y-axis) for ages 1-31+ (x-axis) for sablefish in each year with

available age-composition data (panels), showing measurements (colored histograms) and

estimated value (red dots and lines), where estimates are the product of predicted abundance-at-

age vy, (t) and selectivity-at-age. Bars are color-coded to have a single color for a given cohort

across years, to facilitate comparison across years. Note that data are for ages 2-31+ (hence no

bar for age-1), whereas the model predicts for ages 1-30+.
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Fig. 2 — Estimated biomass (y-axis in million tons, with log-scale axis) in each year (x-axis) with

available biomass-index data (1990-2023) and for the six functional groups that are affected by

biomass indices (panels), showing observed values divided by the estimated catchability

coefficient (dots) as well as the estimated value (black line) +/- 1.96 standard errors (shaded

polygon)
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783  Fig. 3 — Proportion at age (y-axis) for ages 1-15+ (x-axis) for walleye pollock in each year with

784  available age-composition data (see Fig. 2 caption for details)
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787  Fig. 4 — Estimated food web at equilibrium showing the proportion of pelagic production (x-axis)

788  and the trophic level (y-axis) showing juvenile and adult sablefish (a and b), juvenile and adult
789  pollock (d and e), and using alphabetical order for labelling taxa that are shown in Fig. S2.
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Fig. 5 — Comparison of predicted weight-at-age (top row) and withheld measurements that are
not fitted (bottom row) for walleye pollock (left column) and sablefish (right column), showing
the weight (y-axis) relative to equilibrium for the expected value or in KG for the observed value
for each year with available data (x-axis). We compute the Spearman correlation over time for

each age, and then the average correlation across ages for each species, and list that value in the
top panels.
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800  Fig. 6 — Retrospective peels for sablefish biomass (top row), pollock biomass (2" row), sablefish
801  recruitment deviation ¢ (t) (3" row), or pollock recruitment deviation ¢ (t) (4™ row) showing
802  estimated values (y-axis) for 2011-2023 (x-axis) using data through 2023 (i.e., all data), 2022,
803 2021, ..., 0r 2013, i.e. for ten retrospective peals (see colorbar on right-hand side), showing the
804  dot (line) and 95% confidence interval (+/- 1.96 standard errors, whiskers) for each run.
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807  Table 1 — Equations from Ecostate prior to incorporating age-structured dynamics (i.e., summarizing Thorson et al., 2024). Note that

808  Eg. T1.1is replaced when estimating annual variation in consumption.

Eq. Description Equation
T1.1 Consumption X B;i(t)
rate LR (t
ci,j () = Cij X ! X 'BL—E)
' A B]( ) Bi
equilibrium i ——
consumption rate ﬁ] prey functional
response
predator functional
response
T1.2 Population I{ ps(1 —e;)  ifsisautotroph or heterotroph
mortality rate ] 15, () Residual natural
ms(t) = + 4 mortallty rate

Bs(t)

~——————

if s is detritus
Predation rate Export rate

T1.3 Detritus

turnover rate Lsvg = Z Z u;c ;(t) + Z ﬁ]ps(l — Z Cs,j (1)

i=1 j= j=1
Detritus accumulatlon Detritus
consumption
T Populﬁtion ( Ps M if s is heterotroph
grOWt rate W Bs(t)
X G
PsBs * B
gs(t) = =2 x 5 if s is autotroph

O, o1+ B0

S
i=1 D=1 wicij(6) + 2= B (Op;(1 — ¢))
\ Bs(t)
T1.5 Measurement log(bs(t)) ~Normal(log(qsBs(t)),a2)
error for
hiomass index

if s is detritus




T1.6

T1.7

Measurement
error for fishery
catch

Process error
for biomass
rates

log(hs(t)) ~Normal(log(ns(t)),vé)

€,(t)~Normal(0, 72)

809



810 Table 2 — List of estimated parameters for the two age-structured populations (sablefish and walleye pollock) in the Gulf of Alaska
811  case study, where juveniles are ages [0-2) and adults are ages [2,15+] for pollock and [2,31+] for sablefish, where equilibrium values
812  refer to unfished equilibrium. For estimated parameters, we show the estimate with standard error in parentheses (note that the

813  standard error for predicted trophic level is small because forage species have biomass that is fixed at Rpath values). For values fixed
814  apriori, we show the fixed value without standard error. At age 50% maturity for walleye pollock is calculated as an average from
815  1983-2023 based on annual regression estimates (see Fig 1.18 of Monnahan et al. (2023) for original data). Uncertainty about

816  equilibrium biomass is not typically calculated for age-structured stock assessments and not included here. Pollock age-maturity from

1313

817  the stock assessment is calculated as the average of an annual value; pther values for assessment are listed as “-“ when not available.

Ecostate estimate (standard error) Stock assessments
Parameter Sablefish Pollock Sablefish Pollock
Equilibrium juvenile biomass (million tons) 0.014 (0.003) 0.192 (0.059) - 0.252
Equilibrium adult biomass (million tons) 0.361 (0.049) 1.609 (0.415) 0.716 2.333
Equilibrium juvenile natural mortality rate (yr~1) 1.65 1.96 - 1.39
Equilibrium adult natural mortality rate (yr~1) 0.095 (0.029) 0.408 (0.106) 0.114 0.3
Equilibrium juvenile trophic level (unitless) 3.563 (<0.001)  3.55(<0.001) - -
Equilibrium adult trophic level (unitless) 4.164 (<0.001) 3.594 (<0.001) - -
Steepness (unitless) 0.999 0.999 1 1
Equilibrium age at maturity (yr) 6 4 7 4.742
Equilibrium von Bertalanffy growth (yr~1) 0.14 0.2 0.202 -
Allometric consumption by weight (unitless) 0.5 0.667 - -
Catchability coefficient (unitless) 10.191 (3.226)  1.025 (0.312) 6.359 0.800
Age at 50% survey selectivity (yr) 3.917 (0.09) 5.944 (0.42) 3.004 4.00
Slope for logistic survey selectivity (yr—1) 0.559 (0.042) 1.365 (0.08) 2.418 0.637
Vulnerability x;; = x; for predator j (unitless) 1.595 (0.362) 3.259 (1.334) - -

818
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821

822

823

Supplementary Materials 1: Additional figures

Table S1 — Notation used in the model presentation and results, including the symbol, units, a

brief description, and the type. See Thorson et al. (2024) Table S1 for notation related to

biomass dynamics.

Symbol  Units Description Type

a* - Fractional age, discretized within integer age a Index

t* - Fractional time, discretized within integer time ¢ Index

s - Functional group Index
s2 - Stanza within an age-structured population Index
g2 - Age-structured population Index
nge  numbers Age-composition samples for integer age and year Data
Wqr  Mass Empirical weight-at-age data for integer age and year Data

/number

b unitless  Allometric scaling of individual mass to length Specified

np number Number of fractional per integer time Specified

Wg* ¢+ MAss Average weight for fractional age a* and fractional time t*  Estimated
/number

Wq¢  MAss Average weight for integer age a and time integer time t Estimated
/number

vee+  numbers Abundance for fractional age a* and fractional time t* Estimated

Vot numbers Abundance for integer age a and time integer time t Estimated

k time~1  Specialized Von Bertalanffy growth rate for length Estimated

d unitless  Allometric scaling of consumption to animal mass Estimated

(61,6,) wunitless Logistic selectivity-at-age parameters Estimated

0 unitless Optional logit-ratio of effective to input sample size Estimated

o unitless Residual variance in weight-at-age data Estimated
¢g2(t) unitless Recruitment deviations Estimated
aqz) unitless Variance of recruitment deviations Estimated
vj(t)  unitless Consumption deviations Estimated
a\i ; unitless Variance of consumption deviations Estimated
H mass Anabolic rate Derived
/mass*

K time~1  Generalized von Bertalanffy growth rate for mass Derived
Lo length  Asymptotic maximum body length Derived
Bs.t mass Estimated biomass for functional group s in time t Derived
Weo mass Asymptotic maximum body mass

/number
Wq mass Equilibrium weight-at-integer age Derived

/number
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826

YIs,t

numbers
mass
mass
/number
numbers
unitless

Equilibrium abundance-at-integer-age
Equilibrium unfished biomass for functional group s
Equilibrium weight-at-fractional age

Equilibrium abundance-at- fractional -age
Convert consumption per biomass for a stanza to individual
growth per fractional age

Derived
Derived
Derived

Derived
Derived




827  Fig. S1 — Comparison of biomass (left column with log-scale y-axis) over 70 years (x-axis) for
828  two stanzas of walleye pollock (juv: ages [0-2) year; adult: ages [2,11+]), abundance-at-age
829  (middle column with log-scale y-axis), and weight-at-age (right column with natural-scale y-
830  axis) when (1) projecting without catch to demonstrate that the model stays in equilibrium (top
831  row), and (2) when projecting as fishing mortality increases from 0 to 0.2 yr~1 to demonstrate
832  the density-dependent increase in weight-at-age (bottom right) and recruitment (bottom-left) as

833  abundance-at-age decreases (bottom middle) over time.
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836  Fig. S2 — Estimated biomass relative to average unfished equilibrium (y-axis) in each modeled
837  year (x-axis, 1960-2040), showing the estimated value (black line) +/- 1.96 standard errors

838  (shaded polygon), and indicating the forecast period with a dotted vertical line at 2023.5
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849

Fig. S3 — Estimated weight relative to asymptotic maximum (y-axis) in each year (x-axis) for
each modeled age (colored lines, top row on log-scale), consumption relative to equilibrium (2™
row on log-scale) for juveniles (red line) and adults (blue line), as well as juvenile (3" row) and
adult (bottom row) diet proportions relative to equilibrium (with code legend in panels) for
sablefish (left column) and walleye pollock (right column), where the diet proportions (3 and
4™ rows) have total that matches relative consumption (2" row). In the first row, we show
weight relative to asymptotic maximum weight (w.,), and in other rows we show consumption
relative the equilibrium unfished level of consumption, with a horizontal dashed line at the
equilibrium of 1.0.
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851  Fig. S4 — Comparison of expected weight-at-age (top row), observed weight-at-age (middle
852  row), and smoothed weight-at-age including year, age, and cohort effects for walleye pollock
853  (left column) and sablefish (right column). See Fig. 5 caption for more details.
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855  Fig. S5 — Estimated biomass (y-axis in million tons, with log-scale axis) in each year (x-axis)
856  with available biomass-index data (1990-2023) and for the six functional groups (see Fig. 2
857  caption for details) when removing indices for copepods and euphausiids
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859  Fig. S6 -- Comparison of expected weight-at-age (top row) and observed weight-at-age (bottom
860  row) for walleye pollock (left column) and sablefish (see Fig. 5 caption for details), in a model
861 identical to the base case but without fitting to biomass indices for euphausiids and large

862  copepods.
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Supplementary Materials 2: Detailed notation for an age-structured model with bottom-up

and top-down control

Having introduce the theory that connects population to individual mortality and growth rates,
we now discuss the model implementation in detail. Each age-structured population requires
specifying or estimating the von Bertalanffy growth rate k, weight-at-maturity wy,,, and stock-
recruit parameter xgp,.n, and each stanza-group s2 has a maximum-age amay s, Such that it
represents a range of ages amins; < a < Apax sz, Where ap;n 5, = 0 for the stanza-group with
the youngest maximum age, or otherwise amyin sz = Amaxsz2—1 Where s2 — 1 is the stanza-group
with the next-youngest maximum age. Diet proportions are specified for each functional group
s, such that all ages in a given stanza-group are assumed to have the same diet. It is therefore
customary to break an age-structured population into multiple stanzas at ages that correspond to
shifts in diet. However, we note that it is possible to specify an age-structured population with a
single stanza-group, and proceed with fitting age-composition and/or weight-at-age data for that
single stanza. In this case, the age-composition data might be informative about natural
mortality rates and/or the catchability coefficient.

Specifying dynamics for an age-structured population requires tracking abundance-at-age
v, (t) and weight-at-age w, (t) (using Greek letters for “n” and “w” for abundance and weight).
Biomass B(t) is still integrated for every t € {1,2, ..., T} (applying an ODE solver to using Eq.
2), but we also integrate abundance-at-age and weight-at-age in parallel using a separate Euler
approximation with n, sub-intervals. After projecting abundance for n, sub-intervals, we then
increase the calendar age of all fishes, calculate the total biomass for each stanza-group after

increasing ages, and replace B(t) from integrating Eq. 2 with biomass from integrating age-
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structured dynamics (where these two will closely match prior to increasing calendar age for
each fish).
To implement the Euler approximation for age-structured dynamics using A €

{1,2, ..., n,} sub-intervals, we therefore track abundance-at-age v, 4, (t*) and weight-at-age

wg+ 42(t7) Using fractional age a* = nya + A and fractional time ¢* = n,t + A, where calendar
age a = :— and calendar year t = :1_ and where biomass for a given stanza-group s2 matches
A A

Ps[s2] at each integer calendar year ¢:

NAAmax,s2 (3)

Buast® = D Vi g (D0 g5 (0)

a*=NAGQmin,s2

We first calculate equilibrium abundance-at-age v* 4+ 42, equilibrium weight-at-age @" 4+ 42, and
consumptive demand a,- 4,. As overview for doing so, we start with the value for production-
per-biomass pgs,; for all stanza-groups s2, and both equilibrium biomass Es[sz] and
consumption per biomass wg,,) for a single “leading” stanza. These values can either be fixed a
priori, or subsequently estimated by maximizing the log-likelihood of available data.
Equilibrium biomass and consumption per biomass for non-leading stanzas are then calculated
from values for the leading stanza, such that equilibrium consumption and biomass (Eq. 1) are
satisfied.

In particular, we specify that equilibrium weight-at-age follows a generalized von

Bertalanffy growth function (and defined relative to asymptotic maximum weight for

computational efficiency), noting that fractional calendar age during subinterval A is Z—
A

= (4)

a*\1-d
— —3kgo(1—-d)—
w*a*‘gz — <1 —e g2 ‘l’lA>
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Similarly, we specify the stable age-distribution:

Z
v* T if0<a’<
—y V a*-1,2€ 1 a NAQmax,g2
Vigtg2 = 3 _Zs2
e Ma
Vg ifa* =npa
a*-1,g2 Zs2 AY%max,g2

\ 1—e M

Where mortality rate Z,, = ps, is equal to production per biomass rate at equilibrium for each

stanza, and we treat the maximum fractional age naamax 4 for the oldest stanza-group as a plus-

group. We then calculate the proportion mature at age, which is used to calculate spawning

biomass. For consistency with EWE, the user can specify the weight w,,¢ 4, Of a knife-edged

maturation ogive, where fecundity is w — wmat g, for weight w above wm,y g2 and zero

otherwise. Alternatively, we allow the user to specify either:

1. Age at maturity apa 42, Where the model solves for weight-at-maturity w4, given the
values for d and k; and/or

2. Logistic maturity at age with logistic slope wmatsiope,g2 (representing a logistic maturity

-1
ogive) where fecundity is w(l + e“”matslope'gz(‘”“"matyz)) ;

Model exploration suggests that a logistic maturity ogive is more numerically stable, i.e., avoids
Bs(t) for recruits in years when consumption is low and all age-classes have body size lower
than wmat, g2-

Given this equilibrium abundance, weight, and maturity-at-age, we then calculate
equilibrium spawning biomass per recruit, use this to solve for the equilibrium recruitment R,
per interval A that results in Bg[s2; = Bssz; for the leading stanza, and then use R,, and the

equilibrium survival-at-age and weight-at-age to calculate equilibrium biomass S, for the
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other (nonleading) stanzas. Finally, we calculate equilibrium spawning biomass, where this and
R contribute to the stock-recruit relationship.
Given these equilibrium calculations, we project abundance-at-age and weight-at-age

using the Euler approximation involving fractional ages and time. Specifically, abundance-at-

age decreases based on instantaneous natural and fishing mortality rates:

Varp,g2(E" + 1) (6A)
—M[s52] ()= f 5521 (€7)
e na VZ*,gz (t") ifa+1<npamaxge
—Mg[s52] (€)= f 51521 (")
e na (v(’;*’gz(t*) + Vo192 (t*)) otherwise

Where mg(s,1(t™) is the population mortality rate from the ODE solver for biomass dynamics
(i.e., when numerically solving Eq. 2). Similarly, weight-at-age changes based on estimated
growth increments (Eg. 4-5), where consumption Q, is again extracted from the numerical
solution for the biomass ODE. These projections result in a decrease in average age and
(typically) an increase in weight-at-age as fishing mortality increases for a targeted species (Fig.
S1), where the latter arises due to the predicted increase in per-capita consumption.

Following Ecosim, we assume that recruitment occurs continuously, i.e., evenly in each

fractional time A. To model recruitment, we first calculate mature biomass fa:(t™):

Amax,g2

,Bmat(t*) = z Vc*l* (t*) X f((‘);* (t*), Wmat wmatslope)

a=0
Where f (w, Wmats wmatslope) is the maturity ogive. We then calculate recruitment from mature

biomass relative to its equilibrium level Bmar().

mat



940

941

942

943

944

945

946

947

948

949

950

951

952

Xspawn
p (t*) X e ¢(t)
,Bm_a; recruitment
.Bmat deviation

vi(t") = Egz X
Xspawn — 1+

Beverton—Holt
relationship

Where xspawn IS the magnitude of compensatory recruitment, which can be calculated from the

proportion of equilibrium recruitment expected at 20% of equilibrium spawning biomass (termed

0.2Xspawn

. . . 4 - .
“steepness” h) using the expression h = 5 or equivalently xspawn = o Similarly,

Xspawn—1
¢ (t) represents otherwise unexplained variation in cohort strength (a “recruitment deviation”).

After projecting fractional abundance v, ;,(t*) and weight-at-age wg, 4, (t*) for n, steps

(i.e., a full integer time t), we then calculate average abundance and weight for integer ages:

nala+1)-1

1 *
Vag2(t+1) = — Z va*’gz(nA(t + 1))

A
a*=npa

nala+1)-1

1
wWag2(t+1) = — Z wa*,gz(nA(t + 1))

A
a*=npa

We can then compare these predictions with observations, as a component of a model likelihood.



