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1 | INTRODUCTION

Abstract

Despite continued calls for the application of ecosystem-based fisheries management,
tactical fisheries management continues to be heavily reliant on single-species stock
assessments. These stock assessments rarely quantitatively integrate the effects of
ecosystem processes on fish stock productivity. This lack of integration is ultimately
driven by the complexity of interactions between populations, ecosystems and fisher-
ies, which produces uncertainty when defining which processes to include and how
to include them. Models developed using a structured hypothesis testing framework
would allow formalizing uncertainties while underscoring the importance of incorpo-
rating different population and ecosystem processes to explain non-stationary stock
productivity. Here, we develop a conceptual framework for extending and compar-
ing population dynamics models of increasing complexity. We illustrate the utility of
the framework by investigating the population and ecosystem processes that most
likely affected the differential recovery of two flatfish populations (American plaice
and yellowtail flounder) on the Newfoundland Grand Banks over the past three dec-
ades. We found that yellowtail flounder population dynamics were primarily driven
by recruitment variability, which was negatively affected by warmer climatological
conditions, as indicated by an integrated regional climate index. Meanwhile, American
plaice population dynamics were affected by a combination of temporal variability in
recruitment and natural mortality, where natural mortality increased during colder
than average conditions. By exploring hypotheses about the effects of population and
ecosystem processes on population dynamics, this modelling framework will improve
understanding about the drivers of shifts in population productivity while serving as a

transparent and robust approach to support ecosystem-based fisheries management.

KEYWORDS
ecosystem-based fisheries management, model comparison, multispecies model,
Newfoundland Grand Banks, stock assessment

primarily based on single-species stock assessments that rarely

quantitatively integrate the effects of ecosystem drivers on fish

Despite continued calls for the application of ecosystem-based stock productivity (Skern-Mauritzen et al., 2016 but see Marshall
fisheries management (Denit, 2017; DFO, 2007; Koen-Alonso et al., 2019; Pepin et al., 2022). Contrary to the historical popula-
et al.,, 2019), tactical fisheries management continues to be tion dynamics assumption of stationary productivity (i.e., lack of

Fish and Fisheries. 2024;00:1-17.

wileyonlinelibrary.com/journal/faf © 2024 John Wiley & Sons Ltd. | 1


www.wileyonlinelibrary.com/journal/faf
mailto:
https://orcid.org/0000-0003-3252-9956
https://orcid.org/0000-0002-5922-1014
https://orcid.org/0000-0003-0318-2615
https://orcid.org/0000-0002-1581-7502
https://orcid.org/0000-0003-0214-1790
https://orcid.org/0000-0002-2833-9407
mailto:matthew.robertson@mi.mun.ca
http://crossmark.crossref.org/dialog/?doi=10.1111%2Ffaf.12820&domain=pdf&date_stamp=2024-02-28

ROBERTSON ET AL.

2 ) -
Ly ey "

temporal variability in the population's rate of growth), fish stock
productivity varies over time in response to bottom-up (Regular
et al., 2022; Szuwalski et al., 2015) and top-down processes (Baum
& Worm, 2009; Neuenhoff et al.,, 2018). Given the increasing
ability of state-space stock assessment models to estimate time-
varying parameters (Punt et al., 2020; Stock & Miller, 2021), fur-
ther exploration of the population and ecosystem processes (e.g.,
mean ocean climate, primary and secondary production) driving
variability in stock productivity over time may yield improved
management outcomes.

Ecosystem processes ultimately modify population productivity
through effects on survival, growth and reproduction (reviewed in
Kuparinen et al., 2012). While typical stock assessment models in-
clude components of survival (e.g., natural mortality), growth (e.g.,
size-at-age) and fecundity (e.g., maturity-at-age), they are often
treated as fixed inputs and assumed to be stationary in some cases.
The assumption of stationarity in survival, growth and fecundity
limits our ability to assess the effects of ecosystem processes on
population dynamics (Hamel et al., 2023; Lorenzen, 2016). When the
assumption of stationary survival, growth and fecundity is violated,
any variability will be misattributed to other population (e.g., fish-
ing mortality) or observation processes (e.g., gear selectivity; Pope
et al., 2021) that are estimated to vary over time. Such misattribu-
tions of process variability will affect management advice and our
ability to identify relationships between population processes and
ecosystem drivers. Therefore, misattribution of process variability
may contribute to the well-known inability of estimated recruitment-
environment correlations to persist over time (Haltuch et al., 2019;
Myers, 1998).

The complexity of interactions between population dynamics,
the environment and fisheries produces multiple plausible hypothe-
ses for the dominant mechanisms of change. Examining models with
different assumptions can help identify the relative importance of
sources of uncertainty (Heneghan et al., 2021; Reum et al., 2021).
While examining alternative hypotheses through model compari-
sons can become very complex or even intractable with large eco-
system models, Models of Intermediate Complexity for Ecosystem
assessment (MICE) and Minimum-Realistic Models (MRM), which
focus only on key species and processes to explain unaccounted
variability in population dynamics (Collie et al., 2016; Plaganyi, 2007,
Plaganyi et al., 2014), provide a sensible platform between single-
species population dynamics models and larger ecosystem mod-
els for this type of exploration. However, the inherent complexity
in the development of MICE, MRM and other ecosystem models
often results in a disconnect in understanding how model formula-
tions and hypotheses were tested to yield the final model. A similar
problem exists for the selection of management strategy evaluation
(MSE) operating models. MSE is increasingly advocated to provide
ecosystem-informed management advice by using different op-
erating models to investigate the performance of harvest control
rules against ecosystem-based hypotheses (Goethel et al., 2022).
However, MSE currently lack standardized methods for the selec-
tion of operating models, which makes it difficult to provide an open,
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transparent process to the managers, scientists and stakeholders
that are involved (Townsend et al., 2019).

Without a decision-making framework for model development
and selection, plausible model options may go untested and the
value of including the processes represented in them would remain
unknown. Here, we develop a conceptual framework for extending
and comparing population dynamics models of increasing complex-
ity focused on explaining changes in productivity. This framework
provides a structured approach for testing population and ecosys-
tem hypotheses to identify whether proposed hypotheses of non-
stationary productivity have data-based support within a population
dynamics model. We will first provide an overview to illustrate the
proposed framework and then provide an example application to

two flatfish populations on the Newfoundland Grand Banks.

2 | MODELLING FRAMEWORK

Our proposed conceptual framework for testing and comparing
models of increasing complexity involves systematically testing hy-
potheses about population and ecosystem processes that may mod-
ify population productivity (Figure 1). Once hypotheses for shifts in
population productivity are identified, the first step of the modelling
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FIGURE 1 Conceptual diagram of the
framework for extending and comparing
population dynamics models of increasing
complexity.

b

Species A

o

Species B

==

Fecundity
e

Survival

E—
Influence

Complexity

framework involves selecting a core population dynamics model.
Ideally, core population dynamics models will match the model used
for the current stock assessment, as it should be a rigorous and sci-
entifically defensible description of the dynamics. However, multiple
plausible population dynamics models may exist for a stock and dif-
ferent models may allow improved integration with available data
or estimation of relevant population processes. Although most ap-
plications will involve adding complexity to one population dynamics
model, adding complexity to multiple population dynamics models
would allow further comparisons, which may better elucidate the
true population and ecosystem mechanisms underlying time-varying
productivity (Jardim et al., 2021). Regardless of the specific choice
in core population dynamics model(s), the goal of the core model
is to ensure that it estimates similar trends as those estimated by
the current assessment model so that comparisons with current
practice are meaningful. Fishery stakeholders and managers familiar
with current practice may be reluctant to buy-in if the core model-
ling approach produces drastically different estimates from previ-
ously accepted models despite being driven by similar assumptions
(Fulton, 2021; Townsend et al., 2019). Furthermore, adding complex-
ity to a model that initially produces similar estimates to the current
assessment model can portray limitations of current assumptions.
Once a core population dynamics model(s) is/are chosen, com-
plexity is added to explore hypotheses regarding the mechanisms
driving time-varying productivity. To accomplish this, models are
modified to allow variability in population processes (e.g., natural
mortality, age-at-maturity) that had previously been assumed known
or stationary (Figure 1). Allowing population processes to vary (often
using random effects and temporal correlation structures) creates
an implicit link between population dynamics and the ecosystem
(Thorson & Minto, 2015). The choice of which processes vary will
depend on the hypothesized mechanisms driving time-varying pro-
ductivity. By using a structured process, the selection of hypothe-
sized mechanisms needs to be explicit, providing an opportunity to
consider whether alternative hypotheses are missing. Furthermore,
how the processes are modelled will depend on data availability
and the processes themselves. For example, natural mortality rates

can be estimated by integrating tagging data, by separating natu-
ral mortality into predation and residual mortality components or
via estimation as annual process deviations in a state-space model
(reviewed in Maunder et al., 2023). The value of allowing a popula-
tion process to vary over time will be assessed by examining model
performance criteria (Section 3.2.5). If allowing a population process
to vary improves model performance, then that model is used in sub-
sequent analyses because that population process may have been
influenced by environmental or multispecies processes. Each step of
this modelling process is based on a combination of statistical model
fit and ecological realism, such that resulting models are both inter-
pretable and meaningful (Collie et al., 2016).

Environmental and multispecies processes can be included in
models to explain population dynamics (Figure 1). Environmental
processes should only be included if they maintain a clear mecha-
nistic rationale for how they have influenced population dynamics
(Collie et al., 2016; Plaganyi et al., 2014). Environmental and multi-
species processes can be included as linear covariates or modelled
using functional forms, depending on ecological knowledge and data
availability for the process of interest (Collie et al., 2016; Plaganyi
et al., 2022). Regardless of what process is included and how, model
performance will be assessed to identify whether they helped ac-

count for previously unexplained variability.

3 | GRAND BANK APPLICATION
3.1 | Overview

To illustrate the modelling framework, we applied it to assess the
population and ecosystem processes that affected the differential
recovery of two flatfish populations on the Newfoundland Grand
Banks (Northwest Atlantic Fisheries Organization [NAFO] Divisions
3LNO) over the past three decades. In response to prolonged in-
tense fishing pressure and a period of anomalous environmental
conditions (e.g., record low temperatures; Cyr & Galbraith, 2021),
fish community biomass on the Newfoundland Grand Banks
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collapsed in the early 1990s (Dempsey et al., 2017). Since this
collapse, yellowtail flounder (Limanda ferruginea, Pleuronectidae)
has recovered while American plaice (Hippoglossoides platessoides,
Pleuronectidae) has remained at a low population level. While
the magnitude of collapse for plaice was larger (reduced to 5% of
biomass from mid-1980s) than for yellowtail (reduced to 50% of
biomass from mid-1980s), it remains unknown whether this dif-
ference in magnitude is the sole reason why yellowtail recovered
so rapidly (Brodie et al., 2010) while plaice did not. Plaice con-
tinue to exhibit limited recovery despite having relatively similar
life-history characteristics to yellowtail (e.g., slow growth, late
maturation, long lifespan), having no directed fishing pressure
(Parsons et al., 2021; Wheeland et al., 2021) and several relatively
strong recruitment events (Morgan & Brodie, 2001; Perreault
et al., 2020; Walsh et al., 2004).

Changing environmental conditions in the 1990s likely contrib-
uted to groundfish population collapse by affecting recruitment
and natural mortality rates (M), although fishing pressure and cli-
mate likely also modified correlated life-history traits (e.g., maturity,
growth and condition; Brodie et al., 2010; Halliday & Pinhorn, 2009;
Parsons & Lear, 2001; Walsh et al., 2004). The primary hypothesis
for the rapid recovery of yellowtail is that beneficial ecosystem con-
ditions for juvenile survival permitted rapid population growth, de-
spite relatively low spawning stock biomass (Brodie et al., 2010). In
contrast, the dominant hypothesis for the lack of recovery of plaice
stems from ecosystem-induced changes to natural mortality rates
(Morgan et al., 2011; Perreault et al., 2020; Wheeland, 2021). These
population processes may have been modified via several ecosys-
tem processes, namely prey availability, climatic variability and
competition.

Lack of prey can induce starvation mortality, as observed for
Northern cod (Regular et al., 2022) and hypothesized for other local
stocks (Cadiganetal., 2022), and could have affected the collapse and

Yellowtail flounder
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recovery trajectories of plaice and yellowtail. These flounder species
consume similar benthic (e.g., amphipods and crustaceans) and for-
age fish prey (e.g., sand lance [Ammodytes dubius, Ammodytidae] and
capelin [Mallotus villosus, Osmeridae]) on the Grand Banks, although
forage fish provide a larger contribution to the diet of plaice (Bruno
et al., 2000; Gonzalez et al., 2006). The capelin population collapsed
in the 1990s (DFO, 2019), and although pre-1990s estimates of sand
lance population size do not exist, recent estimates indicate that
their population has followed similar fluctuations to capelin in recent
years (Robertson, Koen-Alonso, et al., 2022), indicating a potentially
limited forage fish prey base.

Temperatures below physiological thresholds can induce lethal
effects (Donaldson et al., 2008) and can limit foraging via physiolog-
ical impacts (e.g., feeding cessation; Morgan, 1992) and reductions in
spatial overlap between predators and prey (Hunsicker et al., 2013).
Plaice and yellowtail historically had distinct spatial distributions,
where yellowtail was distributed in shallow, warm waters in NAFO
divisions 3NO and plaice was distributed throughout the Grand
Banks, with the largest centres of biomass in deeper, colder waters
to the north in NAFO division 3L (Figure 2; Robertson et al., 2021).
Exposure to cold temperatures shifted the spatial distribution of
plaice southwards (~200km change in centre of gravity; Robertson
et al,, 2021) and yielded a greater spatial overlap with yellowtail and
thorny skate (Amblyraja radiate, Rajidae). Thorny skate consume
similar prey to yellowtail and plaice (Gonzalez et al., 2006) and, like
yellowtail, are one of the few groundfish populations in the region
that recovered following their collapse in the early 1990s (Sosebee
et al., 2022). This shift in the distribution of plaice, coupled with
similarities in diet and a limited availability of forage fish prey, may
have exacerbated competition for habitat or food with yellowtail or
thorny skate.

Given the dominant ecological hypotheses regarding the mecha-

nisms responsible for the collapse and differential recovery of plaice

American plaice
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FIGURE 2 Mean historical distribution (1985-1989) of NAFO Divisions 3LNO yellowtail flounder and American plaice overlaid on spring
bottom-water temperatures from the same time-period. Circle size represents biomass density (kgkm™) estimates for each stock estimated
using VAST models in Robertson et al. (2021). Spring bottom-water temperatures were derived from all available temperature profiles
collected annually (e.g., DFO monitoring programmes, international oceanographic campaigns, Argo programme) between April and June on
aregular 0.1°x0.1° (latitudinal x longitudinal) grid using a linear interpolation method introduced in Cyr et al. (2021).
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and yellowtail populations on the Grand Banks, we apply our frame-
work of extending and comparing population dynamics models to
examine the effects of time-varying recruitment, M, bottom-water
temperature, prey availability and competition. In doing so, we at-
tempt to gain insight into the most likely population and ecosystem
processes that affected the differential trajectories of population

collapse and recovery.

3.2 | Materials and methods
3.2.1 | Core population dynamics models

The 2021 3LNO yellowtail flounder stock assessment model was a
Bayesian stock production model, which has been used due to a lack
of age-structured time series (Parsons et al., 2021). However, to fa-
cilitate more direct comparisons between the yellowtail and plaice
models, we opted to model yellowtail population dynamics using a
state-space parameterization of a Deriso-Schnute delay-difference
model (Deriso, 1980; Schnute, 1987). This model estimates unstruc-
tured population dynamics but explicitly estimates recruitment and
survival parameters. Our model estimated population dynamics for
yellowtail from 1965 to 2017 and included annual catch data (1965-
2017) and biomass estimates from five bottom-trawl research sur-
veys (1971-2017; Parsons et al., 2021). A full model description can
be found in Appendix S1.

The 2021 3LNO American plaice stock assessment model was
conducted using an adaptive framework-virtual population analysis
(ADAPT-VPA; Wheeland et al., 2021). However, this type of assess-
ment cannot include uncertainty in the landings data, a key concern
for this stock where there is evidence of substantial underreporting
in historical landings (Dwyer et al., 2016). As a result, a state-space
age-based model was recently developed for this stock (Perreault
et al., 2020). We used a modified version of this model to estimate
plaice dynamics. This model estimates population dynamics from
1960 to 2017 and includes data from research bottom-trawl surveys
(1985-2017) and commercial landings (1960-2017). A full model de-
scription and rationale for modifications from the prior version of

this model can be found in Appendix S2.

3.2.2 | Population processes

To identify whether recruitment and M varied over time (and/or with
age), we compared two major model parameterizations for yellowtail
and three for plaice. The parameterizations for yellowtail had (1) only
time-varying recruitment deviations or (2) time-varying recruitment
deviations and natural mortality deviations. Meanwhile, the plaice
parameterizations included (1) only time-varying recruitment devia-
tions, (2) time-varying recruitment deviations and natural mortality
deviations or (3) time-varying recruitment deviations and time- and
age-varying natural mortality deviations. We included parameteriza-
tions with both time-varying and time- and age-varying M because

- . 5
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limited data quality or resolution can prohibit improvements in
model performance when M varies by age (i.e., overfitting, large
parameter uncertainty) despite M being known to vary with body
size and age (Lorenzen, 2022). We modelled recruitment and M de-
viations following a common approach (Maunder & Watters, 2003;
O'Leary et al., 2019) and in a way that would permit covariate in-
clusion (Section 3.2.3). We modelled these time (or time- and age-)

varying processes (X,) as,

X, =f(x)exp(e,), 1)

e, ~ RW(o), (2)

wheref(x)is the mean function of the individual process, €, are temporal
deviations of that process, RW refers to a zero-mean Gaussian random
walk, and ¢ is the standard deviation of the time-varying deviations. The
mean function for M deviations was input as 0.2 to provide a baseline
value and to allow comparability between models. For plaice parameter-
izations, we only considered models with M deviations for ages 5+ since
a recent study identified that the influence of M deviations on juvenile
plaice dynamics (ages 1-5years) has been relatively small since the early
1990s (Robertson, Regular, & Cadigan, 2022). Additionally, to penalize
M deviations (Punt et al., 2021), we included a zero-mean Gaussian prior
with a standard deviation of 0.05 for ¢ in Equation (2). Meanwhile, the
mean recruitment function for yellowtail was based on the number of
mature fish in the population and a maximum juvenile survival rate,
where the deviations essentially reduced survival from its maximum
(see Appendix S1 for full description and equations). Finally, plaice mean
recruitment was based on a Beverton-Holt stock-recruitment function
(see Appendix S2 for full description and equations).

3.2.3 | Environmental processes

We examined parameterizations where environmental time se-
ries were input to explain recruitment or M deviations. To achieve
this, we used the general formulation for integrating environmental
time series into population dynamics models that was developed by
Maunder and Watters (2003),

X, = foexp(@o + @4l +€,), @)

where ¢ is a scaling parameter, |, is the environmental time series,
and ¢, relates the environmental time series to the process of interest.
Data exploration indicated that relationships between environmental
time series and process deviations were linear (see Appendix S3). By
modelling the environmental drivers in this way, we were able to de-
termine whether the population dynamics of a species are better de-
scribed when environmental drivers are explicitly used to reduce the
process deviations (ey). Furthermore, by estimating autocorrelated ¢,
even with the inclusion of environmental drivers (Equation 2), this mod-
elling approach does not rely on the relationship between population
processes and environmental drivers to fully describe non-stationary
processes, but instead allows these drivers to act as a component of
the non-stationarity.
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We considered including the role of (1) climatic variability on hab-
itat availability and predator-prey overlap using the Newfoundland
and Labrador (NL) climate index (NLCI; Cyr & Galbraith, 2021), mean
normalized anomalies of the spring bottom-water temperature de-
rived from multiple data sources (Cyr et al., 2021), and the mean nor-
malized anomalies of the summer cold-intermediate layer (CIL) area
over hydrographic sections on the NL shelf (Cyr & Galbraith, 2021),
(2) prey availability using a time series of capelin biomass (Koen-
Alonso et al., 2021) and northern sand lance abundance (Robertson,
Koen-Alonso, et al., 2022) and (3) a potential competitor for food and
habitat, thorny skate using a survey time series of estimated biomass
for this species (Simpson et al., 2018).

To account for longer-term climatological effects and the period
of influence on processes, climate time series were included differ-
ently for recruitment and M for both species. Yellowtail recruitment
was tested with one-sided 5-year moving averages (i.e., averaging
the 5years prior to a given year) because recruitment was estimated
to occur over a 5-year period (see Appendix S1). Plaice recruitment
was tested against one-sided 3-year moving averages to account
for limited catchability of age 1-2 plaice by the surveys (Morgan
et al., 1998). Meanwhile, M for both species was tested against cli-
mate time series without a moving average, because M was most
likely affected by the direct impacts of climate within a given year.
The northern sand lance index was extended back to 1984 by com-
bining estimates from separate nonlinear functional response mod-
els (Robertson, Koen-Alonso, et al., 2022) for Engels and Campelen
research survey data. Every covariate was standardized using the
standard score equation (Xiangard = XJ;XX) prior to inclusion to im-
prove model convergence and to determine whether longer time
series could serve as proxies for correlated shorter time series (see
Appendix S3). As a result, the included environmental covariates
were reduced from six to five. The capelin time series were relatively
short in comparison to other covariates and were highly negatively
correlated with the NLCI, CIL area and bottom-water temperature so
they were not directly tested.

3.2.4 | Multispecies processes

To determine whether any of the observed recruitment or M devia-
tions were driven by competitive interactions with the other flatfish
population, we compared several parameterizations of a multispe-
cies model. This model included both population dynamics models in
a joint likelihood where stock size or recruitment estimates of one
species were used like an environmental time series (i.e., I,) to af-
fect recruitment or M process deviations of the other species using
Equation (3). Specifically, the spawning stock biomass of each popula-
tion affected either the recruitment or M deviations of the other stock
to test for the possibility of competition and predation of juveniles by
mature fish or direct competition for habitat or food between mature
fish (e.g., M;mpl = 0.2exp((po + (plSSB;m +e, )). Recruitment estimates
were also used to explain the recruitment deviations of the other stock
to test whether there may be juvenile habitat competition. Because

yellowtail recruitment deviations modelled spawning that occurred
5years prior (see Appendix S1), the spawning stock biomass and re-
cruitment of plaice were lagged 5years. Parameterizations examined
included one-way (i.e., effect of one stock on the other) and two-way
(i.e., both stocks affected one another) interactions. Given that both
population dynamics were included in a joint likelihood, stock size or
recruitment estimates each year could be modified based on their ef-
fects on process deviations or based on the other stock's estimates if

a two-way interaction was estimated.

3.2.5 | Model performance and estimation

Model performance was assessed using a combination of Akaike in-
formation criterion (AIC), Bayesian information criterion (BIC), ex-
amination of residuals and parameter uncertainty. AIC is a measure of
prediction accuracy, while BIC measures goodness-of-fit (Sober, 2002).
Meanwhile, parameter uncertainty can identify how the inclusion of a
process affects model uncertainty (e.g., reduces survey index error),
where a greater reduction in parameter uncertainty would indicate
better performance. We first compared core population dynamics
models with models that allowed population processes to vary to de-
termine which formulation had the best performance (i.e., lowest AIC,
BIC, residuals and parameter uncertainty). The best-performing model
was then extended to include environmental and multispecies pro-
cesses, and the performance of covariates was assessed in the same
way as performance of models with added population processes. For
simplicity, we selected a single best-performing model at each step,
including the identification of a single best-performing covariate; how-
ever, this approach could include the identification of multiple models
and/or allow multiple covariates in a single model. No covariates ex-
cept the NLCI and CIL area existed for the entire time-period of the
population dynamics models. To account for this, we conducted model
selection with covariates only affecting process deviations from 1984
to 2017, when data existed for every covariate, to ensure that differ-
ing data lengths did not influence results (i.e., to ensure that AIC/BIC
scores were meaningful). In consequence, covariate data from years
prior to 1984 were excluded from model fitting. We used the Template
Model Builder (TMB; Kristensen et al., 2016) package in R (R Core
Team, 2018) to evaluate the negative logarithms of the marginal likeli-
hoods (nll) of these models and the data, and to evaluate the nll gradi-
ents to improve estimation. Further, we used the R function nlminb() to

find the maximum likelihood estimates of model parameters.

3.2.6 | Recovery simulations

If models that included environmental or multispecies processes
outperformed the best-performing population process models, we
ran simulations to determine how recovery trajectories would have
varied under alternative histories of the most important (i.e., best
performing) environmental or multispecies process. These simula-

tions gave an indication of the magnitude of difference in population
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dynamics under different ecosystem conditions for our case study.
Simulations began 2years prior (1992) to fishing moratoria (1994)
after the period of collapse had been officially recognized. All model
parameters (including fishing mortality) were fixed at values from
prior model runs so that variability in population dynamics was
only driven by differences in ecosystem trajectories. The alterna-
tive histories involved simulating covariate time series (Ey) based on
a Gaussian random walk (e,) that was shifted with a constant (c), such
that,

N(0.0%)  ify=0
N(e,_y,0%) ify>0

E, =e +c (5)

Since all environmental covariates were standardized prior to
inclusion in models, ¢ was either set to -1, O or 1 to represent low,
average and high values for each covariate. Furthermore, the ran-
dom walk standard deviation (¢) was set to 0.2 to allow variability
over time while minimizing overlap between alternative histories.
Population dynamics were then simulated 1000 times, and the
20:80% and 10:90% quantiles of the simulations were visualized to
identify the most common range of dynamics under each alterna-
tive history. Although it is likely that variability in recruitment and/
or natural mortality would yield additional consequences for the
population dynamics (e.g., modifying fishing history), the main goal
of this simulation exercise was to illustrate the magnitude of the ef-
fect that environmental or multispecies processes may have had on
the recovery of these stocks. This illustration may be useful because
model comparisons between models that include estimated annual
process deviations and covariates can produce very similar SSB, F

and recruitment estimates (e.g., Correa et al., 2023).

3.3 | Results

3.3.1 | Population processes

The best-performing models for both yellowtail and plaice in-
cluded time-varying M deviations (YTFL2; AMPL2; Table 1). For

2 . 7
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the yellowtail model, improvements to model criterion score and
residuals were minor (e.g., mean reduction of survey index stand-
ard deviation estimates <0.01) and the estimates of time-varying
M deviations were negatively correlated with the recruitment
deviations. As a result, further analyses for yellowtail were con-
ducted with the model that did not estimate M deviations (YTFL1).
For the plaice model, including time-varying M deviations im-
proved the fit to the survey indices, catch proportions-at-age and
landings data (see Appendix S2 for residual plots). Furthermore,
including M deviations reduced all standard deviation estimates
for catch proportions-at-age (reduction mean=0.38) and reduced
standard deviation estimates for survey indices for all (mean re-
duction=0.07) but the oldest ages (age 14-15years) which were
approximately equal to estimates from the model without time-
varying M (difference <0.01). However, extending this further
to include time- and age-varying M deviations had worse model
performance than the model with only time-variations in M. This
would indicate that although the data were informative about
time-variations in M, there was not enough information to parse
both time and age variation.

The best-performing models followed similar trends in spawn-
ing stock biomass (SSB) and biomass to the most recent stock as-
sessments (Figure 3). The yellowtail models estimated a very similar
trend to the 2021 stock assessment until the mid-1990s. After this
point, both models estimated rapid increases followed by a plateau
and a decline; however, both models estimated the magnitude of
the increase to be smaller than the 2021 stock assessment (peak of
124 kt rather than a peak of 176 kt). This difference in estimated
biomass appears to be driven by differing survey catchability esti-
mates. The core plaice model (AMPL1) did not estimate as large of a
peak in SSB in the late-1960s or in the mid-1980s as the 2021 stock
assessment. Meanwhile, the model with time-varying M deviations
(AMPL2) estimated a slightly larger peak in SSB in the late-1960s
and a much larger peak in SSB in the mid-1980s. These differences
in SSB are most likely driven by the increasing estimates of M in the
1980s-1990s. AMPL1 assumes that M is stationary at 0.2, the cur-
rent stock assessment inputs M as 0.53 from 1989 to 1996 for all
ages (Wheeland et al., 2021), and AMPL2 estimates that M for fish
ages 5+ is higher (mean=0.84) during that period. The models ac-
count for this increase in M by modifying SSB to maintain landings

TABLE 1 Model comparisons for different formulations of both population dynamics models.

Name M dev. nll

Yellowtail flounder

YTFL1 Input 96

YTFL2 Time-Varying 93
American plaice

AMPL1 Input 1126

AMPL2 Time-Varying 958

AMPL3 Time & Age-Varying 978

k AIC BIC AAIC ABIC
14 221 258

15 215 255 0 0

55 2362 2622 335 331
56 2027 2291 0 0

66 2087 2399 60 108

Note: nll represents the negative log-likelihood; k represents the number of parameters; A represents the difference in model criterion score from the
model with the lowest model criterion score. The bolded row indicates the model with the lowest AIC and BIC.
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TABLE 2 Model comparisons between the two best-performing population process only models and models with environmental

processes.

Name Process Covariate nll

Yellowtail flounder
YTFL1 96
YTFLE1 Rec. Climate index 84
YTFLE2 Rec. CIL 94
YTFLE3 Rec. Bot. temp 96
YTFLE4 Rec. Sand lance 96
YTFLES Rec. Thorny Skate 95

American plaice
AMPL2 958
AMPLE1 Rec. Climate index 957
AMPLE2 Rec. CIL 957
AMPLE3 Rec. Bot. temp. 950
AMPLE4 Rec. Sand lance 957
AMPLES Rec. Thorny Skate 957
AMPLEé6 M Climate index 945
AMPLE7 M CIL 953
AMPLE6 M Bot. temp 954
AMPLE? M Sand lance 957
AMPLE10 M Thorny skate 957

k AlC BIC AAIC ABIC
14 221 258 21 16
16 200 242 0 0
16 220 262 20 20
16 225 267 25 25
16 224 266 24 24
16 222 264 22 22
56 2027 2291 20 11
58 2029 2303 22 23]
58 2031 2304 24 24
58 2016 2289 9 9
58 2031 2304 24 24
58 2031 2304 24 24
58 2007 2280 0 0
58 2021 2295 14 15
58 2025 2298 18 18
58 2031 2304 24 24
58 2030 2304 23 24

Note: nll represents the negative log-likelihood; k represents the number of parameters; A represents the difference in model criterion score from the
model with the lowest model criterion score. The bolded row indicates the model with the lowest AIC and BIC.

estimates. Finally, AMPL2 estimated a higher, fluctuating SSB that
declined rather than increased in the terminal years of the model
(2016-2017).

3.3.2 | Environmental processes

Both yellowtail and plaice models were improved by using environ-
mental covariates to account for either recruitment or M deviations
(Table 2; Appendices S1 and S2). The best-performing yellowtail
model included the 5-year moving average NLCI to account for
recruitment deviations (YTFLE1). Including this climate index com-
pletely accounted for recruitment deviations (recruitment devia-
tion standard deviation in YTFL1=0.35, YTFLE1 <0.001; Figure 4)

but also reduced model fit to survey indices (mean standard de-
viation estimate increase=0.02; Figures S1.2, S1.3, S1.6 and S1.7
in Appendix S1). Furthermore, the landing residuals developed a
slight pattern from the 1970s to early 1990s when the NLCI was
used to modify recruitment deviations (Figures S1.5 and S1.9 in
Appendix S1), although the magnitude of these trends is small (see
Figures S1.4 and S1.8 in Appendix S1). Even though the NLCI only
modified the deviations from 1984 onwards, the time series ac-
counted for enough variability that recruitment deviations did not
need to be estimated to yield similar population dynamics esti-
mates to YTFL1.

The best-performing model for plaice included the NLCI to ac-
count for M deviations (AMPLEé; Table 2). Including the NLCI re-
duced the standard deviation estimate for the M deviations by 0.05
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FIGURE 4 Comparison of deviation
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parameters (recruitment and M) between
the best-performing population process
models (orange lines; AMPL2, YTFL1)
and the best-performing environmental
process models (grey lines; AMPLES,
YTFLE1). 95% confidence interval for
estimates is shown as polygons.
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TABLE 3 Model comparisons for the multispecies formulations.
Name Ampl rec. Ampl M Ytfl rec. nll k AlIC BIC AAIC ABIC
MS1 1035 70 2211 2549 0 0
MS2 SSB 1035 72 2214 2562 8 13
MS3 Rec. 1035 72 2213 2561 2 12
MS4 SSB 1034 72 2213 2560 2 11
MS5 Rec. 1039 72 2223 2570 12 21
MSé6 SSB 1227 72 2598 2946 387 397
MS7 SSB SSB 1034 74 2216 2574 5 25
MS8 Rec. Rec. 1033 74 2215 2572 4 23
MS9 SSB SSB 1226 74 2600 2957 389 408
MS10 SSB Rec. 1228 74 2605 2962 394 413

Note: The column headers represent the process (Rec. or M) for a given species that was estimated to have a relationship with a covariate. Text within
the Ampl. Rec, Ampl M and Ytfl Rec. columns indicates the covariate modelled to explain a particular process, where SSB refers to the other species
spawning stock biomass while Rec. refers to the other species recruitment. nll represents the negative log-likelihood; k represents the number of
parameters; A represents the difference in model criterion score from the model with the lowest model criterion score. The bolded row indicates the

model with the lowest AIC and BIC.
Abbreviations: Ampl, American plaice; Ytfl, yellowtail flounder.

and did not substantially affect recruitment deviations (Figure 4) or
model fit to catch proportions-at-age or survey indices (standard
deviation estimate differences <0.01; Figures S2.11-S2.15, S2.18-
$2.20, 52.21-52.25, 52.28-52.30, and 52.31-52.35 in Appendix S2).
M deviations in AMPLEé6 were modified throughout the time series.
The biggest change from the non-extended model (AMPL2) oc-
curred from 1989 onwards, where the deviations were reduced in

the late 1980s - early 1990s as was the oscillating trend during the
late 1990s - 2017. However, all changes remained within the 95%
confidence intervals of both models. Finally, although none of the
models that used covariates to account for recruitment deviations
produced a better performance than AMPLE6, the model with 3-
year moving average bottom-water temperatures (AMPLE3) pro-
duced the best performance of the recruitment deviation models.
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3.3.3 | Multispecies processes

Multispecies formulations with competitive interactions did not pro-
duce improved model performance over the null multispecies model
that did not include competitive interactions (Table 3). This lack of
improvement indicates limited evidence that the dynamics of these
two stocks are primarily driven by direct competitive interactions

with one another.

3.3.4 | Best-performing models

Since there was no improvement in model performance with mul-
tispecies model formulations, the best-performing models for both
species were those that included environmental processes (YTFLE1
and AMPLE®é). The NLCI was estimated to have a negative effect on
M and recruitment deviations for plaice and yellowtail, respectively
(Figure 5). For yellowtail, a negative NLCI (i.e., colder conditions)
promoted strong recruitment while a positive NLCI (i.e., warmer
conditions) substantially reduced recruitment success. For plaice,
the negative relationship between M and the NLCI indicated that
M increased during colder conditions and decreased during warmer
conditions.

The best-performing models did not substantially modify
population dynamics estimates from the best population process
formulations (Figure 6). SSB, fishing mortality (F) and recruitment
estimates were only slightly modified for plaice between the
model with only population processes (AMPL2) and the model that
included environmental processes (AMPLE®6), with the only ob-
servable differences occurring prior to 1990 and no estimates fall-
ing outside of the 95% confidence interval of the extended model.
Meanwhile, yellowtail biomass, F and recruitment estimates were
modified throughout the time series between the model with only
population processes (YTFL1) and the best-performing model
(YTFLE1). In general, the differences in estimates between models
fell within the 95% confidence intervals of YTFLE1 in recent years.
These changes were likely driven by the lack of estimated recruit-

ment deviations.

American plaice

Yellowtail flounder

3.3.5 | Recovery simulations

Simulations for AMPLE6 and YTFLE1 indicated that recovery tra-
jectories for these stocks would have differed substantially with
alternative histories for their most important environmental driv-
ers (Figure 7). If environmental conditions had followed a warmer
than average trajectory, yellowtail would have continued to decline
after collapse, with most simulations indicating lower than current
biomass. Average conditions could have yielded a wide range of
population trajectories, with population levels below, equal to or
higher than currently observed. Finally, simulations for cold condi-
tions indicated that yellowtail biomass would most likely have been
higher than current levels. It is worth noting that the magnitude of
this increase is likely an artefact of the lack of carrying capacity
term in the delay-difference formulation (Table S1 in Appendix S1).
Meanwhile, the plaice simulation indicates that given warmer than
average conditions, the plaice stock would not have collapsed and
would have experienced an uncertain population trajectory from the
early 2000s onwards, with most simulations yielding larger SSB than
is currently estimated. However, with both average and cold condi-

tions, plaice SSB would have declined and remained low.

4 | DISCUSSION

Testing models of increasing complexity can help identify the most
important processes influencing population dynamics. Single-
species population dynamics models are generally limited to at-
tributing changes in populations to shifts in recruitment or fishing
mortality; however, there are other processes (e.g., growth, natural
mortality) that may be more important for describing fish population
dynamics (Rice, 2011). The framework proposed here allows model-
lers to explore hypotheses related to shifts in other population vital
rates and interactions with the environment or other species in a
structured and ordered fashion, permitting a sequential exploration
of multiple hypotheses. Further, by exploring hypotheses via their
impact on population dynamics, this modelling framework explicitly

focuses on understanding drivers in relation to their consequences

FIGURE 5 Estimates of the effects
(black lines) and 95% confidence intervals
(grey polygons) of environmental
covariates for AMPLE6 and YTFLE1.

The red dashed line in the American
plaice panel represents 1, which would
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on population productivity, making it particularly relevant in the
context of stock assessment. For example, by providing further
evidence that plaice natural mortality has varied through time and
impacted their recovery, our case study identified that changes in
the ecosystem are at least partly responsible for this population's
decreased productivity. This finding corroborates findings for other
stocks in the region, where natural mortality impacted population
collapse in the 1990s (Cadigan, 2015; Cadigan et al., 2022; Regular
et al., 2022), thereby providing improved understanding about eco-

system impacts on fisheries.

4.1 | Grand bank application

We sought to determine the utility of the proposed conceptual
framework for testing models of increasing complexity to identify
the population and ecosystem processes that affected the popula-
tion dynamics for two flatfish populations on the Newfoundland
Grand Banks. We observed that yellowtail population dynamics were
primarily driven by recruitment variability, which was negatively

affected by warmer environmental conditions. Meanwhile, plaice
population dynamics were affected by a combination of temporal
variability in recruitment and M, where M increased during colder
than average conditions. Simulations based on these best-performing
models indicated that if there had been a different trajectory for
the environmental drivers that affected these stocks, they may have
exhibited drastically different pathways to recovery following their
collapses in the early 1990s.

Multiple population processes contributed to time-varying pro-
ductivity of flatfish on the Grand Banks. For example, our models
indicate that plaice population collapse occurred in response to a
dramatic decline in recruitment and increase in M and F in the late
1980s-early 1990s. However, these models indicated that recruit-
ment deviations have been at or above-average since the late 1990s.
Large pulses of pre-recruits (aged 0-5) have been identified in the
recent stock assessment models as well (Wheeland et al., 2018,
2021). This indicates that population dynamics since the collapse
have been primarily affected by the increasing fluctuations in
M (and to some extent F in the early 2000s) rather than poor re-
cruitment. Estimated increases in M corroborate past explorations
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FIGURE 7 Simulations of how population dynamics would have differed if their environmental drivers followed different trajectories
from 1992 onwards. The polygons represent the 20%-80% (orange) and 10%-90% quantiles (grey) of dynamics from 1000 simulations.
The different trajectories are based on shifting the random walk for the environmental covariates in each simulation with a constant. Since
environmental covariates were scaled, -1 was used for lower values (left panels), O was used for average values (middle panels) and 1 was

used higher values (right panels).

of retrospective patterns for this stock, which indicated that an
M=0.2 assumption is an underestimate in recent years (Perreault
et al., 2020; Wheeland, 2021). Although separating relative changes
in M, F and catchability is notoriously difficult, we followed best
practice guidelines and estimated M with a prior (Punt et al., 2021).
It seems increasingly likely that changes in plaice adult M have af-
fected stock collapse and recovery; however, specifying different
model configurations may influence the trend and magnitude of M
estimates.

The NLCI accounted for variability in population processes for
both yellowtail and plaice. Given that the Grand Banks are the
northernmost extent of the range of yellowtail, the negative re-
lationship between recruitment and the NLCI may indicate that
cold conditions are an ecological indicator of beneficial recruit-
ment habitat or reduced juvenile predation or competition. For ex-
ample, a study on yellowtail in the Middle Atlantic Bight (Sullivan

et al., 2005) identified a strong negative correlation between re-
cruitment and temperature and discussed that this relationship
may be related to the match/mismatch hypothesis (Cushing, 1975).
In this case, colder temperatures delay phytoplankton and zoo-
plankton blooms, which may then better align zooplankton avail-
ability with the timing of initial feeding for yellowtail larvae.
Phytoplankton bloom timing on the Grand Banks is negatively
correlated with the NLCI (Cyr et al., 2023), indicating that yel-
lowtail recruitment on the Grand Banks may also be affected by
match/mismatch of larvae and their prey. Meanwhile, the timing
of increases in plaice M that are explained by the NLCI matches
the timing of the shift in plaice spatial distribution following ex-
posure to the coldest temperatures in the late 1980s-early 1990s
(Robertson et al., 2021). Given that plaice on the Grand Banks are
relatively sedentary, a large migration in response to cold tem-
peratures is unlikely (Morgan, 1996; Pitt, 1969). Therefore, it is
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possible that the observed distributional shift represents a mass
mortality event for the stock. However, the exact mechanisms re-
garding past and continued high levels of M remain uncertain.

Comparing alternative representations of population dynamics
can highlight potential sources of uncertainty for fisheries manage-
ment advice. Here, the biomass estimates from our models differed
from the most recent stock assessment model estimates for both
species. The delay-difference formulation of yellowtail population
dynamics estimated that the magnitude of biomass recovery was
lower than was estimated using the surplus production stock assess-
ment model (Parsons et al., 2021; but see Zhang & Cadigan, 2022).
This difference appears to be derived from differences in catchability
estimates. The current stock assessment estimates that biomass is
near maximum sustainable yield (Bysy), and therefore, any decreases
in magnitude of recent biomass may affect current stock status and
harvest advice. Meanwhile, estimating time-varying M in the plaice
stock assessment model yielded different estimates of SSB and F
from the current stock assessment model (Wheeland et al., 2021).
Although the differences in SSB are unlikely to affect stock status,
the high levels of M for adults may change the context for allowable
levels of bycatch (Shelton & Morgan, 2006).

4.2 | Providing ecosystem-informed fisheries
management advice

This modelling framework may assist in the determination of refer-
ence points that guide fishery management decisions. When stocks
exhibit non-stationary productivity, reference points may need to be
modified to ensure a match between their productivity state and the
allowable levels of harvest (Berger, 2019; Zhang et al., 2021). In fact,
assuming fixed values for life-history parameters limits the ways
that data can inform reference points and can promote a false sense
of precision (Mangel et al., 2013; O'Leary et al., 2020). However,
a major barrier to implementation of so-called ‘dynamic reference
points’ has been uncertainty about whether a change in ecosystem
or stock productivity has occurred and is lasting (Eddy et al., 2023).
By estimating non-stationary patterns in productivity that are linked
to ecosystem drivers, this framework could be used to identify when
implementing dynamic reference points may be appropriate. For ex-
ample, fishing mortality reference points could be scaled based on
ecosystem conditions (i.e., F-o; Howell et al., 2021) that were identi-
fied by examining models of increasing complexity. This would allow
the incorporation of ecosystem information into catch advice with-
out needing to modify current assessment models. Additionally, this
framework lends itself to comparisons between static and dynamic
reference points to allow managers to evaluate how assumptions
made in stock assessments impact scientific advice.

By exploring alternative hypotheses about drivers that have in-
fluenced population dynamics, this framework provides a straight-
forward process for identifying potential operating models for MSE.
Given that MSE often includes two sets of operating models, refer-
ence sets (i.e., most plausible hypotheses) and robustness sets (i.e.,
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less likely but still possible hypotheses), model performance could
guide the assignment of model plausibility (Punt et al., 2016). This
process often uses expert judgement alone, and therefore, having a
formalized model exploration approach to provide evidence for the
plausibility of a given operating model may increase transparency
and credibility. In this way, models that did not have the best per-
formance could still be included as operating models to ensure that
management decisions are robust to various sources of uncertainty.

Extending models to include new processes can produce worse
predictive performance even when model selection criteria (e.g.,
AIC, model residuals) indicate that including new processes im-
proves model fit (Collie et al., 2016; Trijoulet et al., 2019). Model vali-
dation via hindcasts and retrospective analyses can directly examine
the predictive skill of models to understand whether overfitting is a
problem and if a model can provide the short-term predictions nec-
essary for tactical fisheries management (Breivik et al., 2023; Kell
et al., 2021). Given that this modelling framework relies on model
selection criteria, model validation will serve as an important, com-
plimentary process. For example, prior analyses identified that ex-
tending models to allow new population processes to vary over time
reduced retrospective patterns but those extensions translated to
worse management advice if the varying process was not correct
(Szuwalski et al., 2018). Therefore, complimenting the modelling
framework described here with model validation tools will allow
practitioners to identify if extended models can produce reliable
predictions while simultaneously improving certainty that the cho-
sen time-varying process is correct.

Including environmental drivers in fisheries management
advice often requires determining whether evidence of a rela-
tionship between an environmental variable and population pro-
ductivity crosses a sufficient threshold (Klaer et al., 2015; Link
et al., 2021). Requiring some threshold level of evidence may en-
sure that fisheries management does not continually shift base-
lines of productivity and thereby produce inappropriate reference
points (Fulton et al., 2022; Schijns & Pauly, 2021). However, de-
termining the required threshold of evidence and how it may
be represented to inform fisheries management decisions likely
cannot be generalized across systems (Fu et al., 2020; Hillebrand
et al., 2020). As a result, there have been increasing calls for in-
corporating environmental considerations as a potential source
of uncertainty that may affect the risks associated with manage-
ment decisions. Various approaches for addressing environmental
uncertainty have been developed, including the use of ensemble
models, using multispecies estimates of predation mortality as
inputs in single-species models, climate change conditioned ad-
vice and using environmentally-driven operating models in MSE
(Brodziak & Piner, 2010; Duplisea et al., 2021; ICES, 2022; Jardim
et al., 2021; Punt et al., 2016). The modelling framework devel-
oped here adds an approach for directly comparing a range of
hypothesized sources of uncertainty on current population sta-
tus. These sources of uncertainty can then be used to evaluate
their potential effects on management outcomes. In general, this
framework can be used to broadly consider the implications of
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management decisions in the context of environmental variability
without requiring the definition of a threshold of evidence for the

environmental drivers.
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