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ARTICLE INFO ABSTRACT

Keywords: Climate-enhanced stock assessment models represent potentially vital tools for managing living marine resources
Ba-yesian methods under climate change. We present a climate-enhanced stock assessment where environmental variables are in-
Climate ) tegrated within a population dynamics model assessment of biomass, fishing mortality and recruitment that also
E;x:f;ff:;tcs accounts for process error in demographic parameters. Probability distributions for the impact of the associated

environmental factors on recruitment and growth can either be obtained from Bayesian analyses that involve
fitting the population dynamics model to the available data or from auxiliary analyses. The results of the
assessment form the basis for the calculation of biological and economic target and limit reference points, and
projections under alternative harvest strategies. The approach is applied to northern rock sole (Lepidopsetta
polyxystra), an important component of the flatfish fisheries in the Eastern Bering Sea. The assessment involves
fitting to data on catches, a survey index of abundance, fishery and survey age-compositions and survey weight-
at-age, with the relationship between recruitment and cold pool extent and that between growth increment in
weight and temperature integrated into the assessment. The projections also allow for an impact of ocean pH on
expected recruitment based on auxiliary analyses. Several alternative models are explored to assess the conse-
quences of different ways to model environmental impacts on population demography. The estimates of his-
torical biomass, recruitment and fishing mortality for northern rock sole are not markedly impacted by including
climate and environmental factors, but estimates of target and limit reference points are sensitive to whether and
how environmental variables are included in stock assessments and projections.

Maximum economic yield
Northern rock sole

1. Introduction

The US approach to setting management controls (and those of most
developed countries) is predicated on the assumption of a stationary
system, in particular that the levels of productivity inferred from stock
assessments based on historical data are appropriate for the future.'
However, the effects of global climate change present an obvious chal-
lenge to this paradigm (e.g., Litzow et al., 2018). Anthropogenic climate
change has altered climate processes that structure marine conditions
(Meredith et al., 2019). Consequently, multiple US marine systems
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increasingly demonstrate unidirectional shifts in oceanographic condi-
tions such as surface and water column warming, loss of sea ice, altered
salinity and stratification, changes to circulation patterns, increases in
low oxygen zones, and altered ocean pH and carbonate dynamics
(Breitburg et al., 2018; Claret et al., 2018; Meredith et al., 2019; Howard
et al., 2020). These changes are most pronounced in Arctic systems
where warming is twice the rate of the global average and where
transformation of entire ecosystems may be underway (Meredith et al.,
2019; Huntington et al., 2020). Climate change has also induced recent
marine heat waves, i.e., sudden severely anomalous warm conditions

1 Although the US Magnusson-Stevens Act states that reference points such as Bygy and Fygy should be based on “prevailing environmental conditions”.

https://doi.org/10.1016/j.dsr2.2021.104951

Received 31 March 2021; Received in revised form 9 July 2021; Accepted 18 July 2021

Available online 24 July 2021
0967-0645/© 2021 The Author(s).

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Published by Elsevier Ltd.

This is an open access article under the CC BY-NC-ND license


mailto:aepunt@uw.edu
www.sciencedirect.com/science/journal/09670645
https://www.elsevier.com/locate/dsr2
https://doi.org/10.1016/j.dsr2.2021.104951
https://doi.org/10.1016/j.dsr2.2021.104951
https://doi.org/10.1016/j.dsr2.2021.104951
http://crossmark.crossref.org/dialog/?doi=10.1016/j.dsr2.2021.104951&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

A.E. Punt et al.

that can persist for months to years (Frolicher et al., 2018; Laufkotter
et al., 2020). Biological responses to altered conditions and marine
heatwaves can be immediate or lag impacts, and manifest over multiple
years (Meredith et al., 2019; Smale et al., 2019; Turner et al., 2020).
Observed responses to climate change in the North Pacific include rapid
redistribution of populations (Spies et al., 2020; Stevenson and Lauth,
2019), which can impact the overlap of predator and prey resources
(Siddon et al., 2013; Spencer et al., 2016; Carroll et al., 2019), alter
fishery access (Stevenson and Lauth, 2019), and increase the risk of
fishery closures due to bycatch or entanglement (Santora et al., 2020).

Climate-driven changes to marine conditions have also induced
sudden increases in physiological processes and metabolic demand with
direct non-lethal impacts on growth and fish condition (Barbeaux et al.,
2020; Dahlke et al., 2020) and reproduction, as well as altered survival
rates due to cascading impacts of food web alterations (Mueter et al.,
2020; Piatt et al., 2020), physiological stress, or exposure to harmful
algal blooms and disease favoured under warmer conditions (IPCC,
2019; Lefebvre et al., 2016), the latter of which can also directly lead to
fishery closures (e.g., Fisher et al., 2021). Observed impacts and re-
sponses are anticipated to become commonplace over the next 20-30
years, with increasing alterations projected under the highest atmo-
spheric CO5 emission scenarios (Deutsch et al., 2015; IPCC, 2019; Oliver
et al., 2018). Accounting for climate-driven ecosystem alterations is
increasingly considered to be necessary to effectively manage living
marine resources (Holsman et al., 2019; Karp et al., 2019; Narita et al.,
2020).

The fish and invertebrate fisheries of the Eastern Bering Sea (EBS),
Alaska, are amongst the world’s largest and are also major drivers of
revenue and employment for the State of Alaska and the Pacific
Northwest. The largest fisheries by volume in the region are those for
Alaska (or walleye) pollock (Gadus chalcogrammus) and Pacific cod
(Gadus macrocephalus), with the fisheries for crab and sablefish (Ano-
plopoma fimbria) amongst the most valuable. Climate change impacts are
particularly evident in this area. A seasonally sea-ice driven system
(Sigleretal., 2016; Thorson et al., 2021), warming over the past 30 years
combined with loss of winter sea ice has altered the productivity and
distribution of species across the system (Huntington et al., 2020; Ste-
venson and Lauth, 2019). Sea ice extent and duration in 2018 was the
lowest in the last 5500 years and may lag atmospheric CO; levels by a
few decades according to a recent isotopic enabled model simulation
study (Jones et al., 2020). Further, climate projections indicate that
Bering winter sea ice may disappear by mid-to late-century under high
global atmospheric CO5 scenarios (Wang and Overland, 2015; Wang
et al., 2018; Hermann et al., 2019).

Recent observations of climate impacts and future projections of
anticipated change indicate that the EBS is likely to be strongly impacted
by future climate change (Meredith et al., 2019, this issue). In particular,
results from earth system models downscaled to local conditions already
show evidence of aragonite undersaturation in some regions of the
Bering Sea (Pilcher et al., 2019). Projections based on the 5th Coupled
Model Intercomparison Project (CMIP5) models show bottom temper-
atures will increase by 5 °C by 2100 under Representative Concentration
Pathway (RCP) 8.5 (Hermann et al., 2019), with consequences for a
range of taxa (e.g., Holsman et al., 2020; Reum et al., 2020; Whitehouse
et al., 2021; Szuwalski et al., 2021). There will undoubtedly be regional
variation in the effects of global climate change even within Alaskan
marine areas, but there is a need to understand the consequences of
changing environmental conditions (e.g., pH and temperature) on stock
trends, catches and revenues to assist decision makers with their stra-
tegic planning.

Decision making for many federally managed US fisheries involves
the application of harvest control rules that determine an Overfishing
Limit (OFL; the catch corresponding to a fishing mortality rate according
to an Fygy control rule) and an Acceptable Biological Catch (ABC; the
OFL as reduced to account for scientific uncertainty), with the Annual
Catch Limit (ACL), i.e., the Total Allowable Catch (TAC), set equal to or
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less than the ABC. This approach to management decision making has
the advantage that it separates the biological aspects of decision making
(i.e., determination of stock status, calculation of the OFL and quanti-
fication of the level of scientific uncertainty) from the policy aspects (e.
g., the amount by which the OFL should be reduced to account for sci-
entific uncertainty, and how the TAC should be set given the ABC;
Ralston et al., 2011). Specification of OFLs, ABCs, and ACLs within the
US varies regionally in response to local conditions, including data
availability; some approaches being very formulaic and others much less
so (Privitera-Johnson and Punt, 2020). Specification of OFLs and ABCs
are fundamentally biological concepts, and guidelines for setting ACLs
leading to TACs rarely explicitly reflect economic considerations.”

Several analyses (some model-based, others not) have been under-
taken to understand the direct (e.g., on survival and growth) conse-
quences of changes in pH over time from ocean acidification on the
stocks and fisheries of the North Pacific and other regions within the US
(e.g., Kaplan et al., 2010; Moore, 2014; Cooley et al., 2015; Punt et al.,
2014; 2016; 2020; Seung et al., 2015; Colt and Knapp, 2016; Swiney
et al., 2016; Rheuban et al., 2018). Within the EBS, the focus for in-
vestigations of ocean acidification using population dynamics models
fitted to monitoring data have been crab stocks (e.g., Punt et al., 2014,
2016, 2020), for which integrated bio-economic models in which larval
and juvenile dynamics are driven by ocean pH have been developed for
EBS Tanner crab (Chionoecetes bairdi) and Bristol Bay red king crab
(Paralithodes camtschaticus). These analyses indicate that expected
catches and net operating profits will be lower in the future (generally
after 2040) given the estimated negative effects of ocean acidification on
larval and juvenile survival.

Although much focus for the direct impacts of ocean acidification has
been on invertebrates, fish are also likely to be impacted both directly by
ocean acidification and other consequences of ocean environmental
change (and indirectly through changes in demographics, predation,
food availability and quality, etc). This paper focuses on northern rock
sole (Lepidopsetta polyxystra), an important component (annual average
catch of 41,414 t during 2012-2019; Supplementary Appendix C) of the
flatfish fisheries in the EBS. This species was selected because several
studies have detected impacts of environmental factors on demographic
parameters and processes. Specifically, Hurst et al. (2016, 2017) found a
weak effect of pH on larval survival, Cooper et al. (2019) found a rela-
tionship between recruitment and (i) the portion of the nursery area (as
defined in Cooper et al., 2014) for northern rock sole covered by various
low temperature values (1.5 °C was selected based on their model fits)
and (ii) a categorical index of winds during the larval period for northern
rock sole. Matta et al. (2010) and Hurst and Abookire (2006) found an
effect of temperature on growth rate for rock sole.

The broad aim of the paper is to integrate the effects of environ-
mental change into age-structured stock assessment models and hence
the provision of climate-informed management advice in the form of
reference points and how they may change over time. Specifically, we
extend the stock assessment for northern rock sole (McGilliard et al.,
2020) with a method that integrates the estimation of temperature ef-
fects on growth (e.g., Plaganyi, 2007). Second, a threshold temperature
within the main nursery area is modelled as an effect on recruitment.
Finally, an estimated relationship between larval survival and pH ob-
tained by Hurst et al. (2016) adds another impact on recruitment.

This integrated model is then linked to a model of profit, and used to
calculate biological and economic reference points (MSY, Fusy,
Maximum Economic Yield (MEY), and Fyry), information that could be
used when TACs are selected. Some of the relationships are quite weak
so the calculations account for estimation uncertainty using Bayesian

2 Few countries explicitly account for economic factors when setting man-
agement reference points, a notable exception being Australia for which the
biomass at which Maximum Economic Yield (MEY) is achieved is the target
reference point (Dichmont et al., 2010).
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methods, and hence the results are expressed as probability distribu-
tions. The sensitivity of the results to inclusion of a subset of the
environment-demographic parameter relationships is examined to
assess the impact of each factor in turn as well as in combination.

The results of the paper provide key climate-informed advice for
decision-makers and stakeholders in the EBS. This contribution is part of
a collection of papers conducted as part of the Alaska Climate Integrated
Modeling (ACLIM) research program (Hollowed et al., 2020). This
program utilizes a multi-model approach to project the implications of
climate change on the EBS shelf and slope ecosystems. The project seeks
to use the multi-model approach to identify sources of structural, pro-
cess and scenario uncertainty. Analysts project the implications of
changing climate under current and alternative fishing strategies to
inform managers and the public of the projected impacts of climate
change while evaluating the performance of proposed adaptation stra-
tegies with respect to achieving the goals and objectives of US National
Standards for Sustainable Fisheries Management (Holsman et al., 2020).

2. Methods

Fig. 1 provides an overview of how the environmental drivers and

Hypotheses for environmental
drivers of growth and
recruitment

Monitoring Environmental
data Data (Sec 2.3)

A A
Extended stock assessment
(Sect 2.1; Suppl App. A)

Bayesian posterior distribution
(Sect 2..12)

Economic
submodel

Reference point

calculation Sect 2.5; Suppl
.Sect 2.5) App C & Fig.2)
FJD%" ’FJD!
Alternative Fraew ELC

trajectories of
future values
SST, pH

N\

Projections
(Sect 2.2, 2.4,)

Trajectories of
future SST, pH
(Sect 2.3; Suppl.

App B & Fig. 1) 1
Summary
statistics

Harvest control rule (Sect 2.6)

(Sect 2.6; Supp. Fig.
3)

Fig. 1. Flowchart of the approach for evaluating the impact of climate and
demographic variation on estimates of reference points and management
performance.

Deep-Sea Research Part II 189-190 (2021) 104951

environmental variation are integrated into the stock assessment, the
calculation of reference points, and the biological and economic pro-
jections under alternative harvest strategies. The environmental drivers
considered in the analyses are (a) the size of the cold pool and its
negative effects on the survival of settled juveniles in their nursery area,
(b) the positive effects of bottom temperature on annual weight incre-
ment, and (c) the negative effect of ocean acidification on larval sur-
vival. Random variation in recruitment and the cohort-specific values
for growth parameters are also considered to allow the model to fit the
available data beyond what is possible given the environmental drivers.

2.1. Population dynamics model

The population dynamics model used as the basis for the forecasts is
largely based on the model used in the most recent stock assessment for
Bering sea northern rock sole (McGilliard et al., 2020)3 but with some
modifications, most notably the methodology for representing growth.
The population dynamics model is age-structured (ages-classes 1-20; the
last of which is a plus-group), and considers the years 1975-2020.
Projections consider the years 2020 onwards, where the mortality for
age-0 animals (pre-recruits) can be a function of various covariates
including temperature and ocean pH, while length-at-age can vary over
time and be driven by environmental variables such as temperature. The
projections start in 2020 (rather than 2021) because the assessment does
not estimate a recruitment for 2020.

2.2. Basic dynamics
The basic dynamics are governed by the equation:

0~5R'+172‘ ifa=1
Nj, € et fl<a<A 6h)
1\/}‘,/4.71972;’/k ! +N;\Aeiz:'1 ifa=A

N*

t+la

where Nj , is the number of animals of sex s and age a at the start of year
t, R; is the recruitment (at age 1) during year t, A is the plus-group age,
Zj , is the total mortality for animals of sex s and age a during year t:

Zi, =M +F;, (2)

M is the rate of natural mortality for animals of sex s aged one and
older, F;, is the fishing mortality rate for animals of sex s and age a
during year t:

Flo=SiFi &)

S}, is selectivity as a function of age, sex and time:

asgs
750
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where s° is the reference selectivity slope parameter for sex s, ag, is the
reference selectivity intercept parameter for sex s, w;® is the annual
selectivity slope deviation for sex s, w{®™* is the annual selectivity
intercept deviation for sex s, F; is the fully-selected fishing mortality

during year t:
F,= Fe* ®)

F is the reference level of fully-selected fishing mortality, and 5, is the
fishing mortality deviation for year t.
The total catch in mass is given by:

3 The 2020 assessment set weight-at-age to the actual survey observations
whereas the model of this paper treats the weight-at-age observations as data
and models length-at-age using parametric functions.
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where w; , is the mean weight of an animal of sex s and age a during year

t. Mean weights-at-age were assumed to vary depending on temperature
and the initial size of each cohort:
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where L}  is the expected length of an animal of sex s and age a during
year t:

2 ¢"a (a—
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¢:,, & are the reference values for the von Bertalanffy growth parame-
ters for sex s, L is the reference value for the length of an age-1 animal of
sex s relative to £5_, o, ° are the length-weight parameters for sex s, T; is
the bottom temperature index during year t (normalized to the mean
over 1974-2019), ¢!, 92, ¢® are the parameters that determine how ¢*_,
initial length and spawning biomass during < vary over time
(pf ~N(0;62_); 9? ~ N(0; 67, ); and 97 ~ N(0;62)); 62 _o7,, 67 determine
the extent to which the von Bertalanffy parameters vary over time; and 5
is the parameter relating the bottom temperature to growth increment in
weight (growth is time-invariant for ¢! = ¢? = ¢% =5 = 0).

The spawning biomass during year t (at the start of February after
1/12 of total mortality), §t is:

A

T £ oaff —2f, /12

S, = E mqw,, N, e ol (©)]
a=1

m, is the proportion of animals of age a that are mature.

Following Cooper et al. (2019) the number of age-1 animals at the
start of year t was modelled to be related to the proportion of the nursery
ground colder than 1.5 °C (“cold pool extent”), i.e.:

)

R, —Re"r1e /2 g~ N(0;0%) (10)

where R is median recruitment, C is the cold pool extent during year t
(normalized to the mean over 1974-2019), 7, is the parameter related to
cold pool size, and oy, is the extent of additional variation in recruitment
about median recruitment.

2.3. Parameter estimation

The parameters of the population dynamics model (see Supplemen-
tary Table A.2 for the estimable parameters) were estimated by fitting
the model to catch data, a survey index of abundance, fishery and survey
age-composition data, and survey weight-at-age data (Supplementary
Appendix A). The estimation was conducted within the Bayesian
framework, with most of the priors specified to be uniform (Supple-
mentary Table A.2). The samples from the posterior distributions for the
parameters of the population dynamics model were obtained using the
Markov chain Monte Carlo (MCMC) algorithm included in AD Model
Builder (Fournier et al., 2012). The rate of natural mortality, M, was not
estimated but was rather pre-specified at the value used when con-
ducting the most recent stock assessment (0.15yr'1 for both sexes).

2.4. Projections
Projections were conducted for each draw from the posterior distri-

bution. The projections extend the assessment period (1975-2020) and
allow for the possibility of expected recruitment being related to fore-
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casted cold pool extent and to pH (the relationship between larval sur-
vival and pH [and impact on age-1 abundance] was modelled based on
the results of experiments conducted by Hurst et al., 2016; Supple-
mentary Appendix B),* with growth impacted by trends in temperature,
i.e.: for recruitment

R =RenCoitnlin g~/ ¢ N(0;02) an

where P, is the pH (normalized to average zero over 2006-2020) during
year t, and y, is the parameter related to pH (Supplementary Appendix
B). R is mean recruitment when calculating references points and me-
dian recruitment when conducting stochastic forecasts.

In the assessment, fishery selectivity varies inter-annually subject to
a prior constraint (see Equation A.10). For simplicity, selectivity in the
projections is taken to be the average over the last five years of assess-
ment (2016-2020).

2.5. Environmental data

Environmental data (cold pool extent, temperature and pH; Sup-
plementary Fig. 1) were derived from a regional hydrodynamic model of
the Bering Sea, and represent average conditions during the growing
season (May-June-July-August). These indices were selected based on
the results of previous analyses relating population dynamic parameters
to environmental indices (see Section 1). The model, Bering10 K, is an
implementation of the Regional Ocean Modeling System (ROMS) with a
domain covering the Bering Sea with 10-km horizontal resolution
(Hermann et al., 2016; Kearney et al., 2020). For this study, we extracted
bottom temperature time series from two simulations, both part of the
larger ACLIM suite. The first of these was a 30-layer hindcast simulation
spanning 1970-2020; this simulation was forced by surface and lateral
boundary conditions from reanalysis data products, and it has been
shown to replicate observed spatiotemporal variability in surface and
bottom temperatures across the EBS shelf (Kearney et al., 2020; Kear-
ney, 2021).” The second simulation was a 10-layer long-term projection
spanning 2006-2100 (Hermann et al., 2019); this simulation down-
scaled the GFDL-ESM2M model (Dunne et al., 2013) under the RCP8.5
emission scenario from CMIP5 (Taylor et al., 2012). From both simu-
lations, surface temperature indices were calculated by averaging
vertically over the top 5 m relative to the model’s free surface and
horizontally over the southeastern Bering Sea shelf polygon (Supple-
mentary Fig. 1). Cold pool indices were defined as the fraction of the
nursery area polygon (see Cooper et al., 2019) with a bottom tempera-
ture less than 1.5 °C, with bottom temperature defined as the mean
temperature over the bottom 5 m of the water column.

The pH data indices were produced from a 30-layer ROMS down-
scaling of the GFDL-ESM2M model under RCP 8.5, which included
carbonate chemistry additions to the Beringl0 K BESTNPZ model
(Pilcher et al., 2019; Kearney et al., 2020). pH was calculated from
model output of temperature, salinity, total alkalinity, and dissolved
inorganic carbon using CO2SYS (Lewis and Wallace, 1998). Observa-
tional data for pH over the historical assessment period are relatively
scarce, though the model has previously demonstrated skill in repro-
ducing carbonate variables under historical hindcast conditions (Pilcher
et al., 2019). Similar to temperature, the pH indices were averaged
vertically over the top 5 m, and horizontally using a spatially-weighted
mean for the rock sole nursery ground. Lanksbury et al. (2007) observed
northern rock sole larvae distributed throughout the water column, and
reported diel and depth-related effects. The highest larval abundances

4 Supplementary Appendix B also provides a posterior for the parameter that
relates CO, to larval survival, but in the absence of projections of CO; levels, all
the analyses are based on projections of pH.

5 See Kearney et al. (2020) for full details of the simulation’s input forcing
and parameterization.
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during the day were observed between 10 and 30 m, and at night, be-
tween 0 and 10 m, and between 30 and 50 m (Lanksbury et al., 2007,
Fig. 8). Averaging over a greater depth range is possible, but we lack a
larval vertical distribution for the nursery area in Cooper et al. (2014),
which is north of Bristol Bay. The larval vertical distribution reported in
Lanksbury et al. (2007) was observed near the Alaska Peninsula and
Unimak Island.

2.6. Scenarios and model selection

The scenarios we examined (models 0-9; Table 1) relate to which
processes are impacted by environmental change. Specifically, the null
model (0) assumes that growth is time-invariant, recruitment is equal to
a mean with log-normal variance,® and larval survival is independent of
ocean pH. The remaining models allow for various combinations of
these factors, with the two variants of the full model allowing all three
processes to be impacted by environmental factors. Results are not
provided for models in which more than one von Bertalanffy growth
parameter varies over time. This is because the MCMC algorithm did not
converge for such models, likely due to annually varying growth pa-
rameters being confounded.

2.7. Reference points

The reference points are computed at the start of each decade from
2020 to 2090 to reflect the impact of environmental drivers on
recruitment and growth (see Table 2 for the options considered). The
reference points are:

e Fgso, and Fyago, - the fully-selected fishing mortality rates corre-
sponding to 35 % and 40 % reductions in spawning biomass-per-
recruit for a cohort (the value of Equation (9) in equilibrium
divided by Rg) compared to the spawning biomass-per-recruit when
there is no fishing. Weight-at-age is calculated for the year concerned
(y+) or the average weight-at-age for years y«-4 to y=.

e F35 and Fy - the fully-selected fishing mortality rates corresponding
to 35 % and 40 % reductions in spawning biomass compared to
unfished spawning biomass where spawning biomass is computed for
the year concerned (y+) or the average weight-at-age for year y+-4 to
y+ Recruitment is the expected recruitment for year y+ the average
of the expected recruitment for years y«-4 to y, or the “dynamic By”
estimate of recruitment (A 'mar et al., 2009; Ianelli et al., 2011):

A
E (a—1). § —(a—1)M
W\ a+l,a ma Y= ﬂ+le / Wy atla Ma € (12)

a=1

The weight-at-age used to compute unfished spawning biomass is
based on the reference values for the growth parameters, and R is set to
an estimate mean recruitment.)7‘8

e Fysy, MSY, Byisy/By - the fully-selected fishing mortality rate, yield
and spawning biomass expressed relative to unfished spawning
biomass corresponding to maximum sustainable yield, i.e. the value
of Eqn (6) in equilibrium.

e Fyey, CvmEys Bumey/Bo, MEY, the fully-selected fishing mortality rate,
yield, spawning biomass expressed relative to unfished spawning

6 The variance in recruitment about expected recruitment, quantified by og,
is due to unmodelled environmental factors.

7 The reference points are based on expected (mean) recruitment rather than
median recruitment because the calculations are deterministic, i.e. g = 0 and
the estimate of R is hence lower than the mean recruitment.

8 We use the term “dynamic B,” for consistency with its usage in the litera-
ture but given the number of age-classes in the northern rock sole model and
the fairly low rate of natural mortality, “dynamic By” is less “dynamic” than a 5-
year average.
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biomass, and profit (Eqn (13)) when profit is maximized in equilib-
rium. In this case, profit is determined by decomposing the northern
rock sole sector from profits of the Amendment 80 fishery in the
Bering Sea, as calibrated to benchmark data for catch, effort, cost,
and revenue (see Supplementary Appendix C):

n(F,)=pC(F,) — cE, 13)

where p = $949/t (Supplementary Table C.3; Supplementary Fig. C.2) is
price-per-unit catch biomass for the northern rock sole sector, C(F,) is
the catch during year t given a fully-selected fishing mortality of F,
c = $56,606/day (Supplementary Table C.3) is the cost per unit effort, E,
is the effort during future year t, as represented by the total number of
days fishing for northern rock sole in the Bering Sea (Supplementary
Fig. 2; Supplementary Fig. C.1). Effort is related to fishing mortality
according to E; = F,/q, where q is a catchability coefficient. Cost in-
cludes daily-equivalent expenditures for vessel capital, labor, bait,
equipment, food, fuel, packaging materials, and taxes (Supplementary
Fig. C.3).

For calculating reference points, future (post-2020) values for £, L§
and «* were alternatively set to their lower 5 %, median or upper 5 %
percentiles. The choice of the lower and upper 5 % percentiles is illus-
trative and other percentiles could have been chosen to identify the
effect of persistent changes in growth parameters. The values for weight-
at-age during 2020 were estimated within the assessment so the 2020
weights-at-age were set to the estimates and changes in ¢, L}, and «°
were implemented starting with the 2021 cohort. Thus, for example, the
weights-at- age in 2030 for ages 1-10 were based on assumptions about
future ¢, L3, and «* while those for ages 11+ were based on projecting
the estlmated weights-at-age for 2020 forward 10 years.

The reference points are based on expected (mean) recruitment
rather than median recruitment because the calculations are determin-
istic, i.e. og = 0 in Equation (11) (and the estimate of R is hence lower
than mean recruitment). Consequently, the value for unfished recruit-
ment used when computing reference points (R in Equation (11)) was
the average recruitment (over 1976-2020) before account was taken of
enviromental factors so that the value for recruitment is an estimate of
expected recruitment.

2.8. Impacts of alternative harvest strategies

Models 0, 8 and 9 are projected forward under 29 harvest strategies.
The first 28 of these are based on two broad classes of harvest strategy
that set the annual fishing mortality rate for each future year according
to: 1) constant fishing mortality and 2) the 40-5 harvest control rule
(Supplementary Fig. 3). Several choices are considered for how to
parameterize these two broad classes of harvest strategy. Specifically,
the values for the constant fishing mortality/the maximum fishing
mortality for the 40-5 harvest strategy within each broad strategy are
taken to the posterior medians for F4g,, F49, or Fygy in 2020 and 2090
based on models 0, 8 and 9 when weight-at-age is set to the average
weight-at-age for the five years prior to the year concerned and
recruitment is based on the dynamic By approach.’ Unfished biomass is
set to the posterior median so that the resulting catches correspond to
Acceptable Biological Catches (Anon., 2020). The final (reference)
harvest strategy involves setting the future fishing mortality equal to
average over the last five years included in the assessment (2016-20) for
the model on which the projections are based (i.e., the average fishing
mortality differs among the projections based on models 0, 8 and 9). The
models on which the projections are based are fully crossed with the

9 There are only four harvest strategies based on model 0 because F4g, = F40
for model 0 and because the values for the reference points for 2020 are the
same as those for 2090 for this model; there are 12 harvest strategies for models
8 and 9.
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The alternative models. Note that the assessment results are not impacted by assumptions about larval survival because that variable only relates to the projections
(and calculation of reference points). The final two columns are the value of the objective function at the maximum of the posterior density function and the estimate of

extent of observation error associated with the weight-at-age information.

Model Annual variation in growth SST impact on growth Nursery ground impact on pH impact on Objective G

No parameters increment recruitment recruitment? function

0 (null) No No No No 3006.99 1.845
0* No No No Yes 3006.99 1.845
1 No Yes No No 2995.96 1.832
2 L, Yes No No 2801.39 1.650
3 K Yes No No 2716.88 1.590
4 [ Yes No No 2706.18 1.605
5 No No Yes Yes 3005.52 1.845
6 No Yes Yes Yes 2994.52 1.832
7 Ly Yes Yes Yes 2800.08 1.650
8 K Yes Yes Yes 2715.66 1.590
9 [ Yes Yes Yes 2704.95 1.605

1:Projections only.

Table 2
Options for computing fishing mortality-based reference points for year y.

Fas04 F3s, Fumsy, Fuey
Recruitment
Unfished 1 Ry
Fished 1 Year y; average years y-4

to y; dynamic By
Weight-at-age
Unfished
Fished growth parameters

As for fished Based on reference values
lower 5 %; median; lower 5 %; median; upper
upper 5 % 5%

Year y; average Year y; average years y-4
years y-4 toy toy

Temperature impact on
growth increment

models used to set the reference points on which the harvest strategies
are based (i.e. 29 x 3 projections in total).

The performance metrics used to summarize the results of the pro-
jections are:

e probability that the spawning biomass drops below 17.5 % of the
unfished biomass (i.e., the probability of stock dropping below the
overfished threshold, Anon, 2020);

e probability that annual profit is negative;

median and 90 % intervals (over draws from the posterior) for the

average catch;

e median and 90 % intervals (over draws from the posterior) for the
average profit; and

e median and 90 % intervals (over draws from the posterior) for the
annual average variation in catches, i.e.:

2099 2098
AAR,= > |Cy=Coy| /D Gy a4
y=2020 y=2019

where AAR; is the annual average variation in catches for MCMC draw s,
and Cjy is the catch for year y and draw s.

The first four performance metrics are computed for 2020-29 (first
10 years of the projection period), and 2090-99 (last 10 years of the
projections) while the AAR is computed over the entire projection
period.

3. Results
3.1. Including environmental factors in the stock assessment

3.1.1. Maximum posterior density estimation and model selection
The best fit of the model to the data (based on the parameter values

corresponding to the maximum of the posterior density function) im-
proves when allowance is made for the impact of cold pool extent on
recruitment, the impact of temperature on growth increment in weight,
and annual variability in the parameters of the von Bertalanffy growth
function (Table 1 '°). The magnitude of improvement in fit (as quanti-
fied by the change in the objective function) is relatively small for
recruitment (a reduction in the objective function of <1.5 units). In
contrast, the fit to the survey weight-at-age data is improved markedly
by allowing temperature to impact growth increment, and particularly
by allowing the parameters of the von Bertalanffy growth function to
vary among years. Annual variation in k and 7, led to the largest re-
ductions in the objective function (Table 1).

The alternative models are able fit the catches almost perfectly,
which was expected given the high weight assigned to those data (see
Supplementary Fig. 4, left panels for the fits for models 0 and 9) while
the models capture the general trend in the survey index (Supplemen-
tary Fig. 4, right panels). All models fail to mimic the reduction in survey
biomass in 2018 and 2019, as did the actual stock assessment (Supple-
mentary Figs 4 and A.1). The fits of the models to the fishery and survey
age-composition exhibit “clumps” of residuals, but the fits to these data
do not differ much between models (Supplementary Fig. 5). In contrast
to the fits to catch, survey index and age-composition data, the models
that allow for annual variation in the parameters of the growth function
and temperature effects on growth increment fit the survey weight-at-
age data appreciably better than the null model (contrast the fits to
these data for models 0 and 9 in Fig. 2).

To reduce the volume of results, the subsequent analyses are based
on the null model (0), model 4 (time-varying growth based on time-
varying ¢, but no cold pool extent impact on recruitment), model 5
(cold pool extent impact on recruitment but time-invariant growth),
model 6 (cold pool extent impact on recruitment, temperature impact on
growth increment and time-invariant growth) and models 8 and 9 (cold
pool extent impact on recruitment, temperature impact on growth and
annually varying growth function parameters). These models were
selected because they included the null model, the models that were

10 The values for the objective function in Table 1 are directly not comparable

because the penalties included in the objective function differ among the
models. Moreover, the weights assigned to the index and composition data
(Supplementary Appendix A) were taken from the actual assessment and not
tuned given the fit of the model to the data while the weights assigned to the
weight-at-age data were based on number of animals aged. The latter in
particular may overweight the contribution of the weight-at-age data to the
objective function if there is clustering in the animals that were aged and
weighed (c.f., Pennington and Volstad, 1994). Thus, large differences can be
interpreted as real differences in fit, but cannot be used as the basis for formal
model comparison.
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Fig. 2. Fit of the population dynamics model to the survey weight-at-age data for models 0 (no environmental effects; left two columns) and 9 (temperature effect on
annual growth increment, annual varying ¢; cold pool impact on recruitment; right two columns). Results are shown for residuals (positive green; negative black)

expressed relative to the expected value (“relative™) and the raw residuals.

amongst those that fit the data best, and alternative models that might
have been selected had only environmental variables been considered
for possible inclusion in the assessment.

3.2. Bayesian posterior distributions

There is no evidence that the MCMC algorithm failed to converge for
any of the six models (see the trace plots for the extent of variation in
recruitment og, the parameter that determines the relationship between
recruitment and the cold pool extent y;, the parameter that determines
the relationship between annual deviations in the growth increment and
temperature 7, and the extent of variation in the annual deviations in
and 7, (o, and o, ) for models 0, 5, 8 and 9 (Supplementary Figs 6-8
11y),

The posterior distributions for y; and # have most of their posterior
probability assigned to the sign expected a priori based on the hypoth-
eses for how the overlap between the cold pool and the nursery grounds
should impact recruitment and how temperature should impact growth
increment (Table 3). However, the magnitude of these parameters is
quite small. Including the cold pool extent in the function for expected
recruitment leads to a lower value for og, indicating that the overlap
between the cold pool and the nursery grounds explains some of the
variation in recruitment (Table 3). However, the distributions for ogr
suggest that most of the variation in recruitment is due to unknown
factors. The posterior distribution for oy is markedly updated compared
to the prior (Supplementary Fig. 6), although the prior for og (Supple-
mentary Eqn A.13) was not very informative. Accounting for tempera-
ture impacts on growth increment in weight leads to better fits to the
data in general but does not lead to lesser unexplained variance in
recruitment about expected recruitment.

Supplementary Fig. 9 shows the posterior distributions for the time-
trajectories of k and #,. The temporal pattern in deviations is similar for
k and 7, with lower (and less precise) values prior to the model start
year of 1975 (these deviations determine length-at-age at the start of

11 These are the parameters which took longest to converge.

Table 3

Posterior distributions (medians and 90 % intervals-parenthesis) for key pa-
rameters of the assessment model. The values in brackets are the proportions of
the posterior of the expected sign for the hypotheses concerned.

Model  y1 OR n [ oy,
0 - 0.929 - - -
(0.780;
1.152)
4 - 0.936 0.007 -
(0.785; [0.583]
1.161) (—0.047;
0.058)
5 —0.701 0.898 - - -
[0.968] (0.726;
(-1.315; 1.119)
—0.063)
6 —-0.713 0.885 0.116 - -
[0.947] (0.716; [1.000]
(—1.345; 1.094) (0.076;
0.004) 0.153)
8 —0.594 0.914 0.010 0.219 -
[0.925] (0.641; [0.640] (0.179;
(—1.308; 1.138) (—0.044; 0.264)
0.113) 0.062)
9 —0.601 0.917 0.006 - 0.162
[0.919] (0.736; [0.576] (0.123;
(—1.310; 1.123) (—0.046; 0.217)
0.097) 0.060)

1975). The values for ¢, and particularly « are estimated to have been
below their reference values during the 1980s and above these values
towards the end of the modelled period.

3.2.1. Deterministic and stochastic projections of recruitment and growth
The estimates of reference points and the projections depend on
projected recruitment and growth (reference points: expected recruit-
ment; projections: stochastic recruitment). Fig. 3 shows the distributions
for recruitment for the six models. Results are shown when unexplained
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Fig. 3. Posterior distributions (red line median, light shading 50%-iles, dark shading 90%-iles) for recruitment for the six models. The left two columns show
deterministic projections based on downscaled GFDL-ESM2M under RCP 8.5 (i.e., g = 6, = o,_) and those in the right two columns when allowance is made for
recruitment variation and the variation in the parameters of the growth function. The upper right corners of the distributions in the right panels are truncated after

2060 to allow the captions to be displayed.

variation (quantified through og) is ignored (left two columns) and
when or (and hence the deviations in recruitment about its expected
value) is sampled from the posterior distribution (right two columns).
Future recruitment is independent of time for models 0 and 4, while
expected recruitment increases over time for models 5, 6, 8 and 9 (the
estimated effects of declining pH being less consequential than the ef-
fects of reductions in the cold pool extent; see Eqn (11) for the formu-
lation for how these variables impacted recruitment) (Fig. 3, left two
columns). Expected recruitment increases to a maximum for each draw
from the posterior because the lowest value for cold pool extent is zero
(Supplementary Fig. 1). Including variation in recruitment due to un-
known sources swamps the effects of changes over time in cold pool
extent and pH (Fig. 3, right two columns). Some of the recruitment es-
timates are outside the range of the generated values but the distribu-
tions generally represent the historical variation in recruitment well, if
allowance is made for unknown sources of recruitment variation as well
as variation due to cold pool extent (definitely for model 9, almost for
model 8).

Fig. 4 shows distributions for the weight-at-age of females of age 8 (a
representative age-class) for the six models. Results are shown in the left
two columns when annual variation in the parameters of the von Ber-
talanffy growth function is ignored and when this variation is accounted
for in the right two columns. The effect of temperature on the expected
growth increment in weight is more evident for model 6 than for models
4, 8 and 9 because the latter three models capture much of the variation
in weight-at-age due to variation in the parameters that determine
length as a function of age. As expected, accounting for variation in the
parameters that determine length-at-age (models 4, 8, and 9) leads to
considerable variation in weight-at-age, with the effects of variation in
¢« (models 4 and 9) having a larger effect on weight-at-age than vari-
ation in k (model 8) (Fig. 4, right panels). Models 0, 5 and 6, which do
not include annual variation in parameters of the growth function do not
capture the historical variation in weight-at-age.

3.3. Estimates of yield and economic reference points

3.3.1. Estimates in the absence of environmental-related drivers

The 2nd column of Table 4 summarizes the distributions for the nine
reference points for the model that has no environmental drivers of
recruitment or growth and which ignores annual variation in the pa-
rameters of the growth function (model 0). The values for reference
points are independent of time for model 0. In addition, F3sy, is equal to
F35 (and Fy4qv, is equal to F4) for model O because expected recruitment
is time-invariant.

The fishing mortality (and hence effort) corresponding to MSY
(Fig. 5a) substantially exceeds the fishing mortality rates observed his-
torically (Supplementary Fig. 10) given that Fysy equals Fyax (fishing
mortality rate that achieves maximum yield-per-recruit) in this case
because expected recruitment is assumed to be independent of spawning
biomass. The high values for Fygy lead to an expected relative biomass
< ~10 % of the unfished level (Table 4; Fig. 5c). This level of depletion is
much lower than those at which an Alaskan federally-managed stock
would be considered overfished and in need of rebuilding (Anon, 2020)
and would not constitute a viable target biomass. The values for Fysy
reflect the lack of a stock-recruitment relationship so that the same
recruitment is assumed to occur irrespective of the level of spawning
biomass. Given this, the remainder of the paper does not comment on
the estimates of Fysy, MSY, Eysy and Bysy/Bo

The values for F3sy, (F35) and F400, (F40) are much smaller than those
of Fysy, and within the range of fishing mortality rates observed his-
torically (Supplementary Fig. 10). The fishing mortality rate corre-
sponding to maximum economic yield (Fygy) (median 0.058yr’; 90 %
interval 0.052-0.065yr™) is substantially lower than the other fishing
mortality reference points reflecting the trade-off between revenue and
cost, which depends on the price/cost ratio (Supplementary Appendix
C). The posterior median for effort (in days) at MEY is 577 days (90 %
interval 528-642), corresponding to an MEY profit of $17.2 M (90 %
interval $13.8-21.7 M) (and catch at MEY of 52,700t; 90 % interval
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Fig. 4. Posterior distributions (red line median, light shading 50%-iles, dark shading 90%-iles) for the weight of a female of age 8 for the six models. The left two
columns show deterministic projections based on downscaled GFDL-ESM2M under RCP 8.5 (i.e., 6 = 6, = o, ) and those in the right two columns when allowance
is made for recruitment variation and the variation in the parameters of the growth function. Note that the distributions for models 4 and 9 are truncated after 2060
to allow the caption to be shown.

Table 4
Values for the reference points for models 0, 8 and 9 in 2020 as a function (for models 8 and 9) for how weight-at-age and recruitment are determined.

Model 0 8 9
Weight-at- Constant 2020 2016-20 2020 2016-20 2020 2016-20 2020 2016-20
age
Recruitment Constant 2020 2016-20 Dynamic By Dynamic By 2020 2016-20 Dynamic By Dynamic By
MSY 114.8 180.4 160.6 139.2 133.3 196.5 169.8 151.5 140.2

(107; 124.5) (144.7; 225.9) (138; 189.5) (124.9; 160.6) (119.8; 152.8) (157.6; 251.2) (144.5; 201.1) (133.1; 176.4) (125.2; 162.3)
Fysy (yr'l) 0.82 1.21 1.23 1.21 1.23 1.04 1.06 1.04 1.06

(0.6; 1.06) (0.77; 1.88) (0.79; 1.77) (0.77; 1.88) (0.79; 1.77) (0.65; 1.65) (0.71; 1.56) (0.65; 1.65) (0.71; 1.56)
Bumsy/Bo 0.08 0.06 0.05 0.04 0.04 0.08 0.07 0.06 0.06

(0.06; 0.11) (0.03; 0.09) (0.03; 0.08) (0.02; 0.08) (0.02; 0.07) (0.04; 0.14) (0.04; 0.11) (0.03; 0.12) (0.03; 0.09)
F3504 (yr'l) 0.19 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2

(0.16; 0.24) (0.17; 0.25) (0.17; 0.25) (0.17; 0.25) (0.17; 0.25) (0.16; 0.25) (0.16; 0.25) (0.16; 0.25) (0.16; 0.25)
Faoo (yr'l) 0.16 0.17 0.16 0.17 0.16 0.17 0.17 0.17 0.17

(0.13; 0.19) (0.14; 0.21) (0.14; 0.2) (0.14; 0.21) (0.14; 0.2) (0.14; 0.21) (0.14; 0.21) (0.14; 0.21) (0.14; 0.21)
Fsg (yr’l) 0.19 0.21 0.18 0.15 0.14 0.26 0.22 0.19 0.17

(0.16; 0.24) (0.17; 0.26) (0.15; 0.23) (0.08; 0.23) (0.08; 0.22) (0.2; 0.35) (0.16; 0.29) (0.11; 0.3) (0.1; 0.27)
Fao (yr'H) 0.16 0.17 0.15 0.12 0.11 0.22 0.18 0.15 0.14

(0.13; 0.19) (0.14; 0.22) (0.12; 0.19) (0.06; 0.2) (0.06; 0.18) (0.17; 0.3) (0.14; 0.24) (0.08; 0.26) (0.07; 0.23)
Fyey (yr'l) 0.06 0.09 0.08 0.06 0.06 0.1 0.08 0.07 0.07

(0.05; 0.07) (0.07; 0.11) (0.06; 0.09) (0.05; 0.08) (0.05; 0.07) (0.08; 0.12) (0.07; 0.1) (0.06; 0.09) (0.06; 0.08)
MEY (C000$) 17.2 37.9 29.6 19.8 18 47 33.6 25.3 20.8

(13.5; 21.8) (21.8; 63.4) (20; 43.8) (14.1; 29.5) (12.7; 26.7) (28.6; 76) (22.8; 50) (18.1; 36) (14.7; 29.2)
Buey/Bo 0.7 0.6 0.6 0.5 0.5 0.7 0.6 0.6 0.6

(0.6; 0.7) (0.5; 0.7) (0.5; 0.7) (0.4;0.7) (0.4; 0.7) (0.5; 0.8) (0.5; 0.8) (0.4; 0.8) (0.4; 0.7)
Cnmey (C°000t) 52.7 93.8 78.5 60 55.8 109.4 86.4 71 62

(45.8; 60.9) (65; 136.6) (60.1; 103.1) (48.2; 78.3) (45.4; 72.1) (77.1; 155.4) (66.5; 114.5) (56.8; 90.5) (50.1; 77.8)
Ensy (days) 8150 12466 12601 12466 12602 10669 10848 10669 10849

(5935; 10460) (7872; 19128) (8109; 18293) (7872; 19128) (8109; 18294) (6686; 16852) (7374; 15838) (6690; 16852) (7374; 15839)
Engy (days) 577 903 793 656 619 1007 855 742 674

(528; 642) (699; 1142) (656; 953) (562; 789) (532; 743) (787; 1277) (707; 1033) (629; 891) (574; 798)

45,8-60,900t). The intervals given in the 2nd column of Table 4 reflect
variation due to fishing at Fygy. The intervals corresponding to fishing at
the median value for Eygy (577 days) is appreciably wider (Fig. 5b).

3.4. Effects of environmental variables

Figs. 6 and 7 show the distributions for six of the reference points
against time for models 8 and 9 (the results for model 4 are qualitatively
identical to those for model 9; Supplementary Fig. 11; those for models 5
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Fig. 5. Relationship between yield, profit and relative reduction in spawning biomass as a function of fishing effort for model 0 (panels a, b, c), the relationship
between profit and fishing effort in 2020 for models 0, 4, 5, 6, 8, 9 (Table 2) (panels d-i), and the relationship between profit and fishing effort in 2090 for models, 6,
8, 9 (Table 2) (panels d-i). The results in panels a-i assume the reference values for the growth parameters, the 2016-20 weights-at-age and the “dynamic By’
approach for setting recruitment. The red line is median of the posterior distribution, the light shading covers 50 % of the posterior, and the dark shading 90 % of the

posterior. The vertical line is the median Eygy for model 0.

and 6 exhibit less variability owing to not accounting for changes over
time in the growth parameters; Supplementary Figs 12-13). The yield
functions for the six models for 2020 are shown in the lower panels of
Fig. 5. As expected, there are differences in results due to the way that
annual variation in the parameters of the growth function is modelled
(green, red and blue box plots in Figs. 6 and 7; Supplementary Fig. 11),
as well as due to how expected weight-at-age and relative recruitment
are set (dynamic By, most recent year, average over the most recent five
years). The effects on the values for the reference points of cold pool
extent are more marked than those of pH (contrast Supplementary Figs
14 and 12).

The values for the reference points in the first year (2020) are the
same for each model because they are based on the same values for
recruitment and weight-at-age given the approach for setting weight-at-
age and recruitment. The largest effect on the reference points is
whether growth is faster (blue box plots) or slower (green box plots)
than expected (red box plots), with the effect increasing as the cohorts
that are currently in the population die out (i.e., over time). The effect of
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growth is greatest for the reference points related to maximum economic
yield, with Fygy close (or equal to) zero for the slow growth case. In
contrast, optimal fishing mortality rates (and effort levels) would be
substantially larger were growth to increase to the upper 5%-ile of the
estimated distributions for 7, or k. F4 is independent of time for the
models with time-varying ¢, because changing ¢, for each cohort by
the same amount leads to a change in weight-at-age that is the same for
all age-classes. In contrast, changing k for each cohort by the same
amount leads to changes in weight-at-age that are more marked for the
older age-classes.

Although the growth rate is the most influential parameter, the
values of the reference points depend on other factors as well. Basing
recruitment and weight-at-age on the most recent year leads to higher
values for Fs3s, F49, and Fygy (e.g., Table 5), but this is a transient effect.
Model 4 leads to higher values for F3s, F49, and Fygy and models 5, 6 and
8 to lower values. The values for F35 and F4g are largely time-invariant
given an assumption regarding whether growth is faster or slower
than expected. In contrast, quantities such as Fyjgy, MEY and Cygy differ
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Year

Fig. 6. Distributions (boxes extend to 50 % of the distributions and whiskers to the upper and lower 5%iles) for six reference points for model 8, with results shown
for recruitment and weight-at-age based on those for the year concerned (top panels), for the average recruitment and weight-at-age for the five years prior to the
year concerned (2nd row of panels), for weight-at-age based on that for the year concerned and dynamic By recruitment (3rd row of panels), and for average weight-
at-age for the five years prior to the year concerned and dynamic B, recruitment (bottom panels). Results when « is set to the lower 5%-iles, median and upper 5%-iles
are shown in green, red and blue respectively. The horizontal light gray shading indicates the 90 % intervals for model 0. Projections are based on downscaled GFDL-

ESM2M under RCP 8.5.

markedly between evaluations in 2020 and 2090 even given the same
model and assumptions regarding ¢, or k (Table 5; Figs. 6 and 7, Sup-
plementary Figs 11-13). The change in results from 2020 to 2090 is most
marked for model 6, which assumes that there is no variation in growth
parameters and all of the variation in weight-at-age is due to an effect of
temperature on growth increment (Table 5; Supplementary Fig. 13).

3.5. Projections

The probability of spawning biomass dropping below the Minimum
Stock Size Threshold (17.5 % of the unfished level) is less than 2 % for all
harvest strategies and models on which projections are based. The extent
of inter-annual variation in catch is similar for all strategies but lowest
for the strategy for which fishing mortality is set to the average over
2016-20 (Supplementary Table 1). Consequently, the focus for this
section is the impact of the choice of the harvest strategy on profit
(Figs. 8 and 9; see Supplementary Figs 15 and 16 for results for average
catch).

Almost all of the strategies lead to distributions for profit during
2020-29 that exceed that corresponding to the average fishing mortality
during 2016-20 (Fig. 8), with the benefits of the alternative harvest
strategies greatest for model 9 (lower panel) and smallest for model
0 (upper panel). The probability of negative profit in any given year is
lowest for model 9 and greatest for model 0, implying that ignoring
climate effects results in a more pessimistic outcome for the fishery
(assuming model 9 reflects the true situation rather than model 0). The
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benefits of adopting one of the harvest strategies compared to the
average fishing mortality is much less evident for 2090-99, with the
strategies based on target reference points of F4 and F4q9, often leading
to very high probabilities of negative profit (often in more than 50 % of
years when the projections are based on model 9). In contrast, the
strategies based on a target fishing mortality of Fypy achieve equal (or
greater) profit than average fishing mortality, but the extent of
improvement is generally limited. There is negligible difference in re-
sults between the constant fishing mortality and 40-5 harvest strategies
primarily because biomass is not often driven below 40 % of unfished
spawning biomass. Catches for the strategies based on F4o and F4q9, are
much larger than those based on average fishing mortality or Fygy
(Supplementary Figs 15 and 16), but the increased costs associated with
those strategies outweigh the additional revenue due to higher catches.

4. Discussion
4.1. The projection methodology

Projections of catch and spawning biomass (and much less frequently
profit) are regularly conducted as part of fisheries stock assessments.
They are used to form the basis for catch limits and to evaluate the
consequences of alternative harvest strategies. The results of projections
are often presented as decision tables to allow the effects of different
strategies and alternative models to be quantified and contrasted
(PFMC, 2020). The types of uncertainties included in projections vary
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Fig. 7. Distributions (boxes extend to 50 % of the distributions and whiskers to the upper and lower 5%iles) for six reference points for model 9, with results shown
for recruitment and weight-at-age based on those for the year concerned (top panels), for the average recruitment and weight-at-age for the five years prior to the
year concerned (2nd row of panels), for weight-at-age based on that for the year concerned and dynamic By, recruitment (3rd row of panels), and for average weight-
at-age for the five years prior to the year concerned and dynamic By recruitment (bottom panels). Results when Z, is set to the lower 5%-iles, median and upper 5%-
iles are shown in green, red and blue respectively. The horizontal light gray shading indicates the 90 % intervals for model 0. Projections are based on downscaled

GFDL-ESM2M under RCP 8.5.

markedly among applications, with the simplest projections based on a
single model and no uncertainty quantified. The projections of this paper
include several of the sources of uncertainty outlined by Francis and
Shotten (1997), each of which was consequential. Specifically:

e model error in the form of whether and how environmental factors
(changes over time in pH and temperature) impact growth and ex-
pected recruitment;

e process error in recruitment about expected recruitment, and inter-
annual variation in the parameters of the von Bertalanffy growth
function; and

e observation error, which results in posterior distributions for the
parameters of the models.

The projections do not account for implementation error, assuming
instead that fishing mortality is implemented as intended by the harvest
strategies. One form of implementation error would be whether the
catch limits implied by the harvest strategies would be implemented as
implied by the calculations of the paper. Almost all (98 %, based on the
supplementary data reported in Appendix C) northern rock sole catch
occurs in the North Pacific Fishery Management Council Amendment 80
fishery, where this catch comprises a fraction (~17 %) of the combined
catch of Amendment 80 species in the Bering Sea (i.e., Atka mackerel,
flathead sole, Pacific cod, rock sole, and yellowfin sole) for Amendment
80 vessels with northern rock sole catch. In particular, yellowfin sole
accounts for half of their Amendment 80 catch. A source of
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implementation error could be omitted costs of quota transfers among
these vessels; Amendment 80 allows the formation of cooperatives to
minimize these costs.

The effects of climate and environmental variation are represented in
the modeling in two ways: (a) as offsets to the values of parameters (the
‘mechanistic’ approach), and (b) as sources of process error (the ‘process
error approach’). The former approach (adopted for the effects of pH
and cold pool extent on recruitment and temperature on growth incre-
ment) has the advantage that it is fairly straightforward to conduct
projections given the results of downscaled earth system models. How-
ever, this approach relies on identification of hypotheses regarding how
climate and environmental variation impact demographic processes and
the availability of relevant covariates (both historically and in the
future). In contrast, capturing the effects of changing climate and
environmental variation using process error does not require the
development of hypotheses and identification of covariates, rather
“letting the data speak for themselves”. However, as was the case in this
paper, forecasting process error (in recruitment and growth parameters)
is not straightforward as there is no mechanism underlying the process
error. The uncertainty in growth parameters was captured here by
calculating reference points when the growth parameters after 2020
equalled the lower 5%-iles, medians and upper 5%-iles of the estimated
distributions, and by conducting projections by sampling these growth
parameters from distributions.

The environmental drivers of the demographic parameters are
included in the projections in two ways. The first is to fully integrate the
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1

Proportion of years with negative profit

04

Harvest policy

Fig. 8. Average profit (million $)
(2020-2029) [median and 90 % in-
tervals] by harvest strategy and the
proportion of years with negative profit
(orange bars). Results are shown for
projections based on model O in the
upper panel, for model 8 in the centre
panel and for model 9 in lower panel.
The black symbols refer to the strategy
based on average fishing mortality for
2016-20, the blue symbols to strategies
based on the null model, the green
symbols to the strategies based on
model 8, and the red symbols to the
strategies based on model 9. The closed
symbols refer to reference points calcu-
lated for 2020 and the open symbols to
those calculated for 2090. The red
dashed line represents zero average
profits, and the black dashed line de-
notes the median profit for the strategy
based on average fishing mortality for
2016-20 The target fishing mortalities
are Fss o, (circle), Fss (triangle), and
Fyey (diamond).

Values for the reference points for the models based on average weight-at-age for the most recent five years and the dynamic By approach for determining recruitment.

Results are shown for model 0 and models 4, 5, 6, 8 and 9 for 2020 and 2090.

2020 2090

Model 0 4 5 6 8 9 4 5 6 8 9

F3s9, 0.19 0.2 0.19 0.19 0.2 0.2 0.19 0.18 0.19 0.19 0.19
(0.16; (0.17; (0.16; (0.16; (0.17; (0.16; (0.16; (0.15; (0.16; (0.16; 0.24) (0.16;
0.24) 0.25) 0.24) 0.23) 0.25) 0.25) 0.24) 0.22) 0.24) 0.24)

Fa00 0.16 0.17 0.16 0.16 0.16 0.17 0.16 0.15 0.16 0.16 0.16
(0.13; (0.14; 0.2) (0.13;0.2) (0.13; (0.14;0.2) (0.14; (0.13; (0.13; (0.13; 0.2) (0.13;0.2) (0.13;
0.19) 0.19) 0.21) 0.19) 0.18) 0.19)

Fss 0.19 0.24 0.13 0.12 0.14 0.17 0.19 0.19 0.18 0.25 0.19
(0.16; (0.18; (0.08; 0.2) (0.07; (0.08; (0.1; 0.27) (0.16; (0.15; (0.15; (0.2; 0.33) (0.15;
0.24) 0.31) 0.19) 0.22) 0.24) 0.24) 0.23) 0.25)

Fyo 0.16 0.2 0.1 0.09 0.11 0.14 0.16 0.16 0.15 0.21 0.16
(0.13; (0.15; (0.06; (0.05; (0.06; (0.07; (0.13; (0.12;0.2) (0.13; (0.17; 0.27) (0.12; 0.2)
0.19) 0.26) 0.16) 0.16) 0.18) 0.23) 0.19) 0.19)

Fuyey 0.06 0.07 0.05 0.05 0.06 0.07 0.06 0.06 0.07 0.1 0.08
(0.05; (0.06; (0.04; (0.04; (0.05; (0.06; (0.05; (0.04; (0.06; (0.08; 0.12) (0.06; 0.1)
0.07) 0.08) 0.06) 0.06) 0.07) 0.08) 0.07) 0.07) 0.09)

MEY 17.2 26.1 13.2 13.1 18 20.8 17.2 16.5 26.1 49.6 31
(13.5; (20.1; (9.6; 18) (9.8;19.1) (12.7; (14.7; (13.5; (8; 27.3) (16; 40.6) (31.6; 76.6) (16.8;
21.8) 33.3) 26.7) 29.2) 21.8) 52.8)

Buey 0.7 0.7 0.5 0.5 0.5 0.6 0.7 0.7 0.6 0.7 0.6
(0.6; 0.7) (0.6; 0.8) (0.4; 0.7) (0.4; 0.6) (0.4; 0.7) (0.4; 0.7) (0.6; 0.7) (0.6; 0.8) (0.5; 0.7) (0.6; 0.8) (0.5; 0.7)

Cwmey 52.7 72.6 44.3 43.8 55.8 62 52.7 51 69.7 109.2 78.9
(45.8; (61.1; (36.6; (36.5; (45.4; (50.1; (45.8; (32; 71.5) (50.9; (80.6; (52; 115.6)
60.9) 85.4) 54.2) 55.8) 72.1) 77.8) 60.9) 94.7) 149.5)

Eney 577 753 508 503 619 674 577 565 711 956 774
(528; 642) (668; 853) (443; 591) (441; 600) (532; 743) (574; 798) (528; 642) (397; 717) (571; 870) (782; 1165) (578;

1000)

associated covariates into the stock assessment (in the case of northern
rock sole, cold pool extent and temperature) and the second is to esti-
mate the impact of the drivers on demographic parameters outside of the
assessment (in the case of northern rock sole, pH). The first approach,

although computationally more intensive, is preferrable because (in
principle) the drivers can impact the estimates of demographic param-
eters and hence historical abundance. In the case of northern rock sole,
the estimates of weight-at-age differed depending on whether a

13
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Fig. 9. As for Fig. 8, except the results pertain to 2090-99 based on downscaled GFDL-ESM2M under RCP 8.5.

temperature impact on growth increment was included in the assess-
ment and the estimate of the extent of variation in recruitment was
(slightly) lower when allowance was made for an impact of cold pool
extent on expected recruitment.

The framework of this paper calculated economic reference points
that maximize estimated profits of the rock sole fishery in the Bering Sea.
The calculation of economic reference points that account for prices and
costs provides information that can be used when setting Total Allow-
able Catches, which need to be less than or equal to the Acceptable
Biological Catch (set for most Alaskan groundfish using the 40-5 harvest
strategy with a target fishing mortality of F4g0s).

4.2. Application of northern rock sole

All of the models led to fits comparable to those of the assessment on
which management advice is currently based, and there was no evidence
that the MCMC algorithm failed to converge for the models examined.
The fits of the extended stock assessment are, however, not ideal given
the residual patterns for the age composition and weight-at-age data and
the lack of fit to the index during recent years, although the actual
assessment also has very similar issues. The extended assessment, in
common with the actual assessment leads to some high early estimates
of fishing mortality, and to ensure comparability with the existing stock
assessment, no attempt was made to tune the data weights. These as-
pects should be addressed if the extended stock assessment was planned
to replace the current assessment, but this was done here to ensure
comparability with the existing stock assessment. Unlike most Bayesian
stock assessments, it was possible to derive posterior distributions for
the extent of variation in recruitment about its expected value and the
parameters that quantify inter-annual variation in ,, and k.

The application to northern rock sole indicated support for the hy-
potheses related to how recruitment and growth increment are related to
the environmental drivers, but the quantitative effects of these drivers
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on reference points and projections were much smaller than those pro-
jected by Punt et al. (2014, 2016, 2020) for Alaskan crab stocks. The
covariates used to represent the hypotheses explained a relatively small
proportion of the variance in recruitment and growth, indicating that
(currently) unknown factors are the primary drivers of variation in these
demographic parameters. Thus, while leading to better fits to the data,
these environmental drivers of recruitment and growth may not have
substantial demographic effects. This is one reason that estimates of
historical biomass are generally insensitive to inclusion of environ-
mental factors (e.g., Supplementary Figs A.1 and A.2).

The values of the reference points are somewhat sensitive to model
choice with model 4 leading to higher values for Fss, F49, and Fygy and
models 5, 6 and 8 to lower values. Thus, whether and how environ-
mental factors are included in models is consequential for management
advice. Most previous attempts to integrate environmental variables
into stock assessments have used either the mechanistic or process ap-
proaches but seldom both - this study suggests support for both types of
approaches, as well as including relationships between demographic
parameters and environmental variables developed outside the assess-
ment (even though this not ideal).

Acceptable Biological Catches for northern rock sole are based on the
40-5 strategy with a Faq, target fishing mortality. However, the pro-
jections suggest that lower target fishing mortality (closer to those
during 2016-20) will lead to greater profit but also to lower yields.

4.3. Future work and caveats

The framework of this paper allows climate and environmental fac-
tors to be integrated into stock assessments, calculation of reference
points and projections. However, there are several areas for future work.
For example, the hypotheses that led to the drivers of expected recruit-
ment and growth increment were based on past work (and for pH
experimental results). However, there are many other potential drivers of
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population demographics (e.g., the impact of a changing environment on
rates of natural mortality, which could be modelled within the context of
multispecies assessment models, e.g. Holsman et al, [2016]).
Time-varying natural mortality could be included (if appropriate cova-
riates were available) in the population dynamics model, for example
following the approach of Barbeaux et al. (2020). That said, reliance on
past studies indicating relationships between environmental covariates
and demographic parameters could lead to non-significant effects when
assessments are updated given the well-known issue that such relation-
ships often “disappear” over time (Myers, 1998), indicating that either
the relationships are non-stationary or were incorrectly identified.
Moreover, care needs to be taken to avoid spurious correlations (see, for
example, the approaches of Haltuch et al., 2020, who assessed the impact
of environmental drivers on recruitment of petrale sole, Eopsetta jordani).

The analyses rely on covariates that can be computed from past
monitoring information and projected using downscaled climate
models. This restricts the set of covariates and induces a ‘mismatch’
between underlying hypotheses and how they are included in the pop-
ulation dynamics model. In principle, rather than including the cova-
riates directly into relationships such as Eqns (7) and (10), the drivers of
demographic parameters could be modelled as random effects (latent
variables) that are related (with error) to the measured covariates (e.g.,
Crone et al., 2019; Schirripa et al., 2009). This approach can more
appropriately deal with situations in which values for some covariates
are missing for some years and provides a bridge between the mecha-
nistic and process error approaches for including climate and environ-
mental drivers in population dynamics models.

There is confounding between inter-annual variation in growth pa-
rameters and temperature-dependent variation in growth increment,
with the model selection criteria providing more support for the latter
than the former. If independent information was available on the
temperature-growth increment relationship (e.g., from experimental
results such as is the case for pH), it could be included in the analysis by
imposing an informative prior on the parameter v,. Similarly, had
hindcasts of pH been available for the entire period considered in the
assessment, we could have treated the results from the analyses of the
experimental data (Supplementary Appendix B) as prior information.

The calculation of reference points and the projections are based on
the assumption of constant costs and prices, which can be a reason for
predicted negative profits. Northern rock sole is primarily an export
commodity, and import demand for northern rock sole can be estimated
from US trade data in future work.

The assessment assumed that recruitment was independent of
spawning biomass (attempts to estimate a stock-recruitment relation-
ship led to a failure of the MCMC algorithm to converge),'” but this
should be re-examined with additional data given that assuming
recruitment is independent of spawning biomass will lead to optimistic
results in terms of target levels of fishing mortality and yield/profit. The
level of optimism will be largest for strategies that imply lower levels of
spawning biomass — the reason little focus was placed on the estimates of
Fysy and MSY in this paper. In contrast, results for strategies that imply
lower levels of fishing mortality (e.g., those that aim to maximize profit)
are likely to be more robust to the assumption that recruitment is in-
dependent of spawning biomass. The projections assumed that the de-
viations in recruitment about expected recruitment (which are
determined given the effects of cold pool and pH) are temporally inde-
pendent and this same assumption is made for future values for 7, or k.
There is evidence for serial correlation in the estimates for 7., and x
(Supplementary Fig. 10) and future work could consider modeling this
serial correlation (e.g., following the approach developed by Johnson
et al., [2016]).

12 A stock-recruitment relationship is used to estimate Fysy and future ABCs
for actual management northern rock sole but the fitting of this relationship
occurs outside of the model fitting process so is not considered here.
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Results are shown by model, although each model is fitted to the
same data and it could have been possible to combine results over
models by computing model weights (e.g., based on DIC [Spiegelhalter
et al., 2002] or WAIC [Watanabe, 2013]). This would have led to most
(if not all) of the weight being assigned to model 9 given its (statistically)
much better fit to the data (Table 1). Such a weighting approach relies
on the weights assigned to each component of the likelihood function
being correct, which is unlikely to be the case.

The projection analyses of temperature, cold pool extent, and pH are
based on downscaled environmental variables derived from a single
simulation of one earth system model under a high-emissions scenario (i.
e., GFDL-ESM2M under RCP 8.5). However, it is well known that un-
certainty in long-term projections derives from several sources,
including intrinsic variability, inter-model structural uncertainty, and
alternative emissions scenarios (A’'mar et al., 2009; Hawkins and Sutton,
2009; Frolicher et al., 2016; Hollowed et al., 2020; Holsman et al.,
2020). Many chemical and physical properties such as pH and temper-
ature can be sensitive to carbon emissions assumptions, while
biologically-relevant variables are often dominated by uncertainty
related to the structure of model equations and their ability to capture
observation-poor processes (Frolicher et al., 2016).

5. Conclusion

A framework is developed that can integrate multiple climate and
environmental drivers within a stock assessment, while simultaneously
accounting for process error in demographic parameters. Estimates of
historical biomass, recruitment and fishing mortality are not markedly
impacted for the case study species, northern rock sole, but estimates of
target and limit reference points (economic and biological) are sensitive
to whether and how environmental factors are included in stock as-
sessments and projections. The general framework of the paper can be
applied to data-rich stocks with quantitative stock assessments and hy-
pothesized relationships between environmental variables and de-
mographic parameters.
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