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Small pelagic fish are important marine ecosystem components and highly variable fisheries resources. In the California Current upwelling
system, Pacific sardine (Sardinops sagax) has supported important fisheries in the past, but contrary to expectations, remains at low biomass
despite recent warm ocean conditions. We developed a data-driven, process-based population model that reproduces fluctuations of the US
Pacific sardine population based on ocean temperature, early life stage and adult food, and upwelling strength. The lack of sardine recovery
after 2014 can be explained by reduced food availability. Ensemble projections for the 21st century driven by downscaled ocean-biogeochemical
simulations under three Earth system models (ESMs) show a likely recovery to early 2000s sardine abundance and catch by mid-century, due
to increased recruitment. Ecological process uncertainty (ensemble configuration range) is of the same magnitude as uncertainty among ESM
projections, and uncertainty related to the thermal optimum of early life stages dominates after 2070. Even for a fish species presumably favoured
by warmer conditions, future climate projections entail risks of stock declines in food-limited years and when passing unknown thermal optima.
Quantification of combined environmental driver impacts and sources of uncertainty to projections under novel conditions open new pathways
for environment-responsive fisheries management strategies.
Keywords: climate change, environmental variability, forage fish, mechanistic model, population dynamics, small pelagic fish.

Introduction

Small pelagic fish (SPF) are an important component of marine
ecosystems, and for direct fisheries and production of aqua-
culture feed (Pikitch et al., 2014; FAO, 2020). The produc-
tivity of SPF such as sardine and anchovy is strongly driven
by environmental drivers linked to climate, and their dynam-
ics are characterized by pronounced cycles of collapse and
recovery. The impacts of global climate change on SPF can
therefore potentially be severe (Chavez et al., 2003; Check-
ley et al., 2017). However, incomplete understanding of the
mechanisms behind SPF population fluctuations poses signifi-
cant challenges for climate adaptation, fisheries management,
and marine food security (Bakun, 2014; Essington et al., 2015;
Peck et al., 2021).

The eastern boundary upwelling systems that are home to
the largest SPF stocks are themselves highly variable phys-
ically and ecologically. Climate change is projected to lead
to an increase in equatorward wind, and consequently, in-
creased coastal upwelling on poleward ends of upwelling
systems, with the opposite trend in equatorward portions
(Rykaczewski et al., 2015). However, the influence of chang-
ing winds on nutrient availability and biological productiv-
ity is complicated by changes in spatial patterns of upwelling,

stratification, and the nutrient content of upwelling source wa-
ters, and it is unclear how changes in primary productivity will
be transferred to intermediate trophic levels, for example, SPF
and top predators (Bakun et al., 2015; García-Reyes et al.,
2015).

The California Current System (CCS) is an upwelling sys-
tem where environmental variability is a primary driver of for-
age fish populations, which in turn impact the diet, condition,
reproductive success, and mortality in different seabirds, Cali-
fornia sea lions, humpback whales, and salmon (Checkley and
Barth, 2009). In 2014–2016, a large marine heatwave (known
as “The Blob,” followed by a strong El Niño event) had dras-
tic impacts on biological productivity in the CCS (Bond et al.,
2015; Cavole et al., 2016; Jacox et al., 2016), resulting in low
forage availability and subsequent extreme mortality events
for seabirds and California sea lions (McClatchie et al., 2016;
Piatt et al., 2020).

Pacific sardine (Sardinops sagax, Clupeidae) has histori-
cally sustained the most important small pelagic fisheries in
the CCS, and climate-driven fluctuations in abundance are
recorded also on paleolithic timescales (McClatchie et al.,
2017). In the 1950s, sardine fisheries collapsed due to a combi-
nation of worsening environmental conditions and overfishing
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(MacCall, 1979; Barnes et al., 1992). In the 1990s, the sar-
dine population recovered temporarily, but started to decline
again in the mid-2000s until the fishery was closed in 2015
(PFMC, 2017). Statistical analyses have related sea surface
temperature (SST) or the Pacific decadal oscillation (PDO)
to sardine recruitment and biomass (Jacobson and MacCall,
1995; Lindegren and Checkley, 2013; Zwolinski and Demer,
2014). However, the positive correlation of ocean tempera-
ture with sardine recruitment is dependent on system state
(Sugihara et al., 2012; Deyle et al., 2013). The recent sar-
dine collapse during a period of elevated SST has put the lin-
ear SST–recruitment relationship into question (McClatchie et
al., 2010; Zwolinski and Demer, 2019), and statistical habitat
models trained on pre-heatwave data failed to reproduce the
spatial distribution shifts in Pacific sardine to warmer waters
after 2014 (Muhling et al., 2020).

As statistical correlations with SST and large-scale climate
indices have proven insufficient to explain sardine dynamics,
and novel environmental conditions linked to climate change
are emerging in the CCS, there is a need to advance the incor-
poration of biological mechanisms to increase understanding
of how the environment shapes dynamics of SPF populations.
Multiple environmental drivers affect the response of fish pop-
ulations to climate change through impacts on recruitment,
reproduction, survival, growth, and behaviour (Rijnsdorp et
al., 2009; Pörtner and Peck, 2010; Koenigstein et al., 2016).
Specifically, climate impacts on SPF populations are medi-
ated by temperature-dependent vital rates, especially in early
life stages (ELS), planktonic food availability, adult condi-
tion and habitat availability, predation pressure, and oceano-
graphic mechanisms, such as offshore transport (Takasuka et
al., 2007; Peck et al., 2013; Nieto et al., 2014; Checkley et al.,
2017). Considering all of these factors in an integrative mod-
elling framework is needed to understand the relative contri-
butions of drivers of SPF dynamics.

Highly dynamic SPF–upwelling systems can serve as model
systems to improve understanding of environmental vari-
ability on marine fish population dynamics, and the re-
sponses of climate–ocean–fisheries systems to global change
(Bakun, 2014; Peck et al., 2021). High-resolution ocean-
biogeochemical (BGC) models are powerful tools to inves-
tigate future changes in regional oceans, providing detailed
projections of changes in upwelling, ocean warming, deoxy-
genation, acidification, and lower trophic level productivity
in the CCS in the course of the 21st century (Xiu et al.,
2018; Fiechter et al., 2020; Pozo Buil et al., 2021). While
some ecosystem models build upon ocean models and include
physiological processes for SPF (e.g. Kaplan et al., 2018; Poli-
tikos et al., 2018), it is challenging to assess uncertainty of
these complex models for application in fisheries managment
and climate change adaptation (Kaplan et al., 2018; Drenkard
et al., 2021).

We developed a mechanistic, age-structured population
model of intermediate complexity for ecosystem assessment
(Plaganyi et al., 2012; Punt et al., 2016) for the northern
subpopulation of Pacific sardine in the CCS. The model pro-
vides a full life cycle, process-based integration of environ-
mental drivers, and integrates available survey data, stock as-
sessment model output, and high-resolution regional ocean
model projections. An ensemble model configuration set span-
ning a wide range of possible parameter combinations that
reproduce the recent boom and bust of the sardine popu-
lation is used to bracket ecological uncertainty. Population

abundance and spatial distribution are projected under down-
scaled ocean-BGC model projections until 2100, identifying
mechanisms driving population-level responses and trends.
Additional uncertainty to long-term population trajectories
related to the response to novel temperature regimes is quan-
tified by sensitivity analysis. This work improves the potential
for understanding of SPF population drivers, quantification of
uncertainty, and mid- and long-term prediction under novel
environmental conditions due to climate change.

Material and methods

Adult population model

The model is an age-structured dynamic population model
for Pacific sardine (cf. Butler 1993).. We used the system dy-
namics modelling software STELLA Architect V.2.15, which
constructs finite difference equation systems from a graphical
“stocks and flows” annotation (www.iseesystems.com). Ar-
rayed “conveyor” stock elements contain yearly cohorts with
monthly substocks of (a) nonfeeding ELS (eggs and nonfeed-
ing larvae), (b) feeding larvae and juveniles (cf. the “ELS sur-
vival, adult consumption, and egg production” section), and
(c) adult sardine individuals (Figure 1a). Monthly, the con-
tent of each substock i becomes the inflow of the next sub-
stock i+1. Different mortality rates (see below) are subtracted
as linear “leakage flows” of the conveyors. Model equations
(Table 1) were solved for a dt of 1/16 month using Runge–
Kutta fourth-order integration.

Adult stocks are calculated for individuals of each age class
1–8 with age-dependent fishing, predation, and background
(natural) mortalities [Table 1, Equation (1.1)]. Fishing mor-
tality rates per age class n for each of two fleets f [Mexican–
Californian (MexCal) and Pacific Northwest (PNW)] are
based on fleet age selectivity, geographical access, and sardine
latitudinal position [Table 1, Equation (1.2)]. Predation mor-
tality is caused by a generic predator stock, representing all
predators that respond to sardine density, such as California
sea lions and brown pelicans [Table 1, Equation (1.3); Punt
et al., 2016; Kaplan et al., 2018].

ELS survival, adult consumption, and egg
production

To determine recruitment to the adult population, the model
uses dynamically calculated eggs and pre-feeding larvae [Table
1, Equation (2.1)] with temperature-dependent mortality and
development time, food-dependent late larvae and juvenile
starvation mortality [Table 1, Equation (3.1)], and a time-
varying calculation of consumption- and age-dependent egg
production. While static relationships of spawner biomass to
recruitment are traditionally used in fisheries stock assess-
ment models, they do not successfully describe recruitment
variation in SPF stocks (Canales et al., 2020). Eggs and pre-
feeding larvae have a temperature-dependent ELS mortality
to integrate the established physiological effects of tempera-
ture on survival rate [Table 1, Equation (2.2)] and stage du-
ration [Table 1, Equation (2.3)], resulting in thermal perfor-
mance curves for survival, which can be experimentally quan-
tified (Pörtner and Peck, 2010; Koenigstein et al., 2018). Ther-
mal optima for ELS survival outside of the model calibra-
tion temperature range are varied in sensitivity analysis dur-
ing projections (cf. the “Model ensemble configurations and
projections” section). The effective temperature for eggs and
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(a)

(c)

(b)

Figure 1. (a) Structure of the sardine population model with incorporated biological processes and environmental drivers; (b) model domain with 24
spatial zones for integration of ROMS-NEMUCSC output and observation data; and (c) workflow for model calibration, ensemble configuration, and
projections

pre-feeding larvae Te is calculated by weighting SST input
data according to ELS distribution among zones of the model
domain, and feeding larvae and juveniles [Table 1, Equation
(3.1)] have a starvation mortality rate dependent on current
larval-juvenile food [nanophytoplankton and microzooplank-
ton; Equation (3.2)] within the ELS distribution (cf. the “Spa-
tial distribution” section).

Adult individual consumption per food item [Table 1, Equa-
tion (4.1a, b)] is based on three different food items (diatoms,
mesozooplankton, and krill), weighted by the current adult
sardine distribution in the model domain, and constrained by
a “soft” population carrying capacity per model cell, above
which individual consumption linearly decreases [Equation
(4.2a, b)]. Sardine total egg production depends on total con-
sumption, and reproductive investment increasing with age
class depending on model configuration [Table 1, Equation
(4.3)].

Spatial distribution

Annual spatial distribution is simulated for sardine ELS (eggs,
larvae, and juveniles) and feeding adults to approximate the
effects of the annual sardine migration on ELS survival and
adult egg production (Demer et al., 2012) by calculating
distribution-integrated means of SST and planktonic food
availability. Fractions of ELS and adults are arrayed across
the 24 model zones (Figure 1b) based on SST and upwelling
strength (for ELS) and food biomass (for adults) as described
below.

ELS distribution is fitted to egg and larvae data for the
northern subpopulation of Pacific sardine in spring (April–
June) during 2003–2018 (Supplementary Figure S2) from the
California Cooperative Oceanic Fisheries Investigations (Cal-
COFI) programme and additional surveys in the northern
CCS (Auth et al., 2018; NOAA SWFSC, 2022). The latitudinal
centre of gravity (COG) of ELS distribution is determined for

each model year by the row of cells with an SST closest to an
optimum spawning temperature TSPA calculated during model
calibration. The fractions of ELS (cs) in remaining model zones
decay quadratically [Table 1, Equation (5.1)].

ELS distribution on the longitudinal (distance to coast)
axis is adjusted dynamically to simulate larval offshore trans-
port, by linear regression of the annual historical longitudinal
COG from the CalCOFI data to the CUTI (Coastal Upwelling
Transport Index) upwelling index for the core upwelling re-
gion in model zones 4–7 (Supplementary Figures S2 and S6;
Jacox et al., 2018). The final egg and larvae fractions are used
to weigh the SST and plankton group input data from the 24
spatial zones to calculate the annual ELS temperature Te and
larval-juvenile food availability D1,2 (see above).

Adult feeding distribution is calculated by determining an
annual feeding latitudinal COG based on the latitude of high-
est biomass density of the primary food item among spatial
cells, and sardine migration distance as the distance from the
spawning latitudinal COG for the same year, multiplied by
a forage migration factor FM resulting from model calibra-
tion. The decaying fraction of feeding adults (ca) in remaining
spatial cells depends on model configuration [Table 1, Equa-
tion (5.2)]. Adult distribution on the longitudinal (distance to
coast) axis is kept constant at the annual mean adult distri-
bution among zones from acoustic-trawl surveys (Zwolinski
et al., 2012; 50% of adults in zone B, 25% in zones A and
C). The final distribution of feeding adults is used to weigh
available adult food biomass Df (see above) to calculate food
availability averaged over the adult distribution.

Ocean-BGC model forcing and future projections

Environmental drivers for model calibration and projection
were output from a high-resolution CCS configuration of the
Regional Ocean Modeling System (ROMS) coupled with the
NEMUCSC BGC model (Fiechter et al., 2020), a version of
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Table 1. Model equations and parameters.

Equation
number Category (parameter) Equation (description)

1.1 Adult population An, i (t ) = An, i (t−dt ) + (In, i (t ) − In, i 0 (Fn (t ) + p ∗ P(t ) + Mn )) ∗ dt

An,i(t )

An,i(t−dt )

Number of adults of a monthly cohort in substock i of age class n at time t, and at the previous
time step

In,i(t ) Inflow of new individuals from the previous substock (= outflow of the previous age class
for the first substock; outflow of the last juvenile substock for the first age 1 substock inflow)

In,i0 Original inflow into the first substock i time steps prior (= In ,1 (t– i∗dt))
Fn(t ) Sum of age-dependent adult fishing mortality rates from two fleets [Equation (1.2)]
p ∗ P(t ) Predation mortality rate due to a dynamically responding predator stock (see below)
Mn Age-dependent background (natural) mortality rate

1.2 Fisheries mortality Fn, f (t ) = Cn, f (t )

Nn (t )
∗ sn, f ∗ a f ∗ L(t )

Cn, f (t ) Catch (number of individuals) per age class and fleet
Nn(t ) Total sardine number per age class
sn, f Fisheries selectivity at age class
a f Geographical fleet availability factor
L(t ) Annual latitudinal position of sardine habitat within the model domain (midpoint between

spawning and feeding habitat COG, scaled between 0 and 1; cf. “spatial migration”)

1.3 Predation P(t ) = P(t−dt ) + ((gp + p ∗ Atot (t ) ∗ fp)(t ) − P(t−dt )
2 ∗ mp) ∗ dt

L(t ) Predator number at time t
gp Base predator growth rate in the absence of sardine
p ∗ Atot(t ) Consumption of sardine adults by the predator
fp Predator feedback rate (i.e. efficiency of utilization of sardine consumption)
mp Quadratic predator natural mortality rate

2.1 Nonfeeding ELS Ei (t ) = Ei (t−dt ) + (Hi (t ) − H0 Me ) ∗ dt

Ei(t ) Number of developing eggs or early larvae in substock i at time t
H0 Number of newly hatched eggs
Hi(t ) The inflow from the previous substock (= H0 for the first substock)
Me Temperature-dependent ELS mortality rate

2.2 Me = 1 − Mt
(td )

Mt Thermal mortality per development time step

2.3 Mt = (1 − Tb) ∗ (1 − e−Ts∗(Tlim−Te ) )

Tb ELS background (natural) mortality rate
Ts Slope of thermal mortality
Tlim Maximum survival temperature (physiological thermal limit)

2.4 Development time td = dtemp ∗ e−ds∗Te + dmin

dtemp Duration of the temperature-sensitive period of ELS development
ds Development time slope
dmin Minimum development time (months)
Te Mean temperature experienced by ELS (◦C)

3.1 Feeding ELS Ji (t ) = Ji (t−dt ) + (Ki (t ) − J0 (Mj + S)) ∗ dt

Ji(t ) Number of developing eggs or early larvae in position i of the substock at time t
J0 Number of new feeding larvae (final substock of Ei)
Ki(t ) The inflow from the previous substock (= J0 for the first substock)
Mj Late larval-juvenile background mortality rate
S Starvation mortality rate

3.2 Starvation S = (s1 D1 + s2 D2)

s1,2 Starvation rates for diet items 1 (nanophytoplankton) and 2 (microzooplankton)
D1,2 Relative fractions of historical maximum biomass for diet items 1 and 2, weighted

over sardine feeding larvae and juvenile spatial distribution in the model domain

4.1a, b Consumption Q f (t ) = D f (t ) ∗ (1 − Q f min) + Q f min if Ntot (t ) < K′
(t )

Q f (t ) = Q f max ∗ K′
Ntot

if Ntot (t ) ≥ K′
(t )

D f (t ) Current biomass at time t of adult food item f (for diatoms, mesozooplankton and krill;
weighted by the current adult sardine distribution in the model domain, see the “Ocean-BGC
model forcing and future projections” section)
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Table 1. Continued

Equation
number Category (parameter) Equation (description)

Q fmin Consumption at minimum biomass level for food item f
Q fmax Maximum consumption of food item f
Ntot(t ) Current total adult population number (= �An,i(t ) )
K’ Distribution-integrated, “soft” population carrying capacity

4.2a, b Local carrying capacity K′
(t ) = LD ∗ ∑

Nk s (t ) if LD ∗ ∑
Nk s (t ) > Kmin

K′
(t ) = Kmin if LD ∗ ∑

Nk s (t ) ≤ Kmin

Nks(t ) Number of sardine above the carrying capacity for each of the 24 model zones at time t (i.e.
Ns (t)—K’/24 > 0, where Ns (t) is current number of sardine per zone)

Kmin Minimum total carrying capacity below, which there are no density-dependent effects
LD Local density dependence factor in the range between 0 and 1

4.3 Reproduction Rtot = ∑
(
∑

Q f ∗ Nn ∗ RIn )

�Q f Total individual consumption of the three adult food items
Nn Number of individuals per age class
RIn Annual reproductive investment, as fraction of consumed food biomass per age class

5.1 ELS distribution cs = 1
�s lat

2

�slat Distance in model zones to the ELS COG on the latitudinal axis

5.2 Adult distribution ca = 1
� f lat

CF

� f lat Distance to the feeding COG on the latitudinal axis in model domain cells
CF Adult concentration factor (range 0.5–3)

See Supplementary section S1 for further information on model calibration, and Supplementary Table S1 for ensemble configuration parameter values.

North Pacific Ecosystem Model for Understanding Regional
Oceanography (NEMURO, Kishi et al., 2007) specifically pa-
rameterized for the CCS. The ROMS-NEMUCSC output pro-
vides (a) SST and the CUTI upwelling index to inform sardine
spawning habitat, ELS offshore transport and temperature-
dependent ELS mortality, and (b) biomass of two phytoplank-
ton and three zooplankton groups to determine feeding habi-
tat, feeding larvae, and juvenile survival, and adult consump-
tion and egg production (cf. the “ELS survival, adult consump-
tion, and egg production”and “Spatial distribution”sections).

For model calibration (cf. the “Model ensemble configu-
rations and projections” section, Supplementary section S1),
output from a ROMS-NEMUCSC hindcast for 1980–2010
was used (Pozo Buil et al., 2021). The ability of the model
to capture the 2011–18 decline in sardine abundance under
relatively warm SST was tested by forcing with additional
SST output from a near-real time data assimilative version
of the CCS ROMS model (Neveu et al., 2016; oceanmodel-
ing.ucsc.edu) and fisheries landings data (no fishing after 2014
due to low estimated biomass). As high-resolution plankton
output was not available from ROMS-NEMUCSC for 2011–
18, we used food availability at the historical low of total
plankton biomass from the 1980–2010 ROMS-NEMUCSC
hindcast and tested sensitivity of the configurations by com-
paring to simulations using the historically highest value (Sup-
plementary Figure S1).

For future projections, three Earth system models (ESMs)
from the Coupled Model Intercomparison Project 5 (CMIP5)
were regionally downscaled using ROMS-NEMUCSC with
the time-varying delta method under Representative Con-
centration Pathway (RCP) 8.5 (a high emissions scenario).
The three models, the Geophysical Fluid Dynamics Labora-
tory ESM2M (termed GFDL hereafter), the Institut Pierre
Simon Laplace CM5A-MR (IPSL), and the Hadley Centre

HadGEM2-ES (HAD) were chosen to capture the CMIP5
range of projected future changes in physical and BGC CCS
properties (Pozo Buil et al., 2021).

Model ensemble configurations and projections

We identified an ensemble of nine different model configu-
rations, which span the ranges of parameter values and pro-
jected total sardine abundances for a wide range of possible
model configurations with good historical fits (Supplementary
Material). Identical among all ensemble configurations, an-
nual spawning location was fitted to CalCOFI egg and lar-
val survey data (cf. the “Spatial distribution” section), and
fisheries mortality rates per age class were fit to total annual
landings and age composition for two fleets from a Pacific sar-
dine stock assessment model spanning the sardine population
boom-bust cycle during 1980–2019 (Supplementary Table S2,
Supplementary Figures S2 and S5). All other model parame-
ters were estimated by fitting to numbers at age 1980–2010
from the same stock assessment model, identifying alterna-
tive configurations by a wide parameter search in a multi-step
process using sensitivity analyses and parameter optimization
(Figure 1c).

During projections, ELS COG follows TSPA obtained from
fitting to data and is therefore the same across ecological en-
semble members. By contrast, feeding adult COG is deter-
mined by the zone of highest availability of the primary adult
food item, and a maximum migration distance specific to each
ensemble configuration (cf. the “Spatial distribution”section).
Total annual catch Ctot = ∑

Cn,f for future projections is set
at a constant fraction of population abundance in the previ-
ous year, found by linear regression of 1980–2014 data, using
a catch cut-off value at 150.000 tons, approximating the cur-
rent harvest guideline (Supplementary section S1).
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To assess the impact of future novel temperature regimes
outside of the model calibration range (“thermal uncer-
tainty”), the parameter for the critical thermal limit Tlim
(which also determines the emerging optimum temperature
for larval survival Topt) was varied within the range of pro-
jection temperatures in an additional sensitivity analysis. Tlim
was varied in 0.5◦C steps between the lowest Tlim with an im-
pact on the fit during the calibration period (>99% of best R2

for total abundance) and the highest Tlim with a significant im-
pact on projections (>1% deviation in any annual abundance
value) to bracket the thermal uncertainty range (Supplemen-
tary Figure S8).

Results

Model fit during calibration period

The model ensemble configuration includes nine distinct pa-
rameter combination sets fitted to reproduce sardine numbers-
at-age estimates for 1980–2010. Each provides a good fit to
the stock assessment estimate of total annual adult sardine
abundance (R2 = 0.62–0.83) during the combined fitting and
testing period 1980–2018, while the best alternative model
configurations using only temperature or part of the food-
dependent processes explain less of the variance in historical
abundance (Supplementary Material).

Between 2004 and 2010, an adult density-dependent reduc-
tion in egg production paired with subaverage recruitment
success during several cooler years led to a decline of the
sardine stock (Figure 2). During 2011–18, the collapsed sar-
dine population, despite warmer SST and low or no fishing,
is reproduced by the model under low food availability due
to increased ELS starvation and additional impacts of low
egg production in some configurations (Supplementary Fig-
ures S3 and S4). Under a high food availability scenario, the
stock would have recovered to different degrees depending on
model configuration (Supplementary Figure S1).

Temperature-related ELS mortality is a major driver of re-
cruitment success in all ensemble configurations, and none of
the configurations suggests that temperatures during the cali-
bration period 1980–2010 have already exceeded the optimal
range for ELS. Topt ranges from 14.8◦C to above 17.7◦C (the
highest temperature reached in the sardine spawning habitat
during projections) according to the fitted shape and Tlim of
the ELS temperature response (Supplementary Figure S7).

Fitting to spatial egg and larval data resulted in an ideal
spawning habitat SST at TSPA = 13.5◦C, consistent with re-
sults of spatial habitat models for the northern subpopulation
of Pacific sardine in the CCS (Weber and McClatchie, 2010;
Zwolinski et al., 2011; Muhling et al., 2020), and the north-
ward shift in spawning habitat observed during 2015–16 is
approximated (Supplementary Figure S2).

Ensemble sardine abundance projections

Recovery and generally increasing trends in sardine abun-
dance over the course of the 21st century emerge in the en-
semble mean under all downscaled projections (Figure 2). A
likely return to abundance levels of the early 2000s (15–28
billion adult sardine) is projected by mid-century due to in-
creasing recruitment success under warming SST (Figure 2).
One extreme model configuration shows sardine abundance
remaining continuously low until late in the projections, but

this configuration was deemed biologically unlikely (Supple-
mentary section S1).

Decadal-scale fluctuations in periods of 15–30 years with
high sardine abundance for durations of 2–8 years are
produced to different extents among model configurations
(Figure 2). The highest abundance peaks in the ensemble
(100 billion sardine individuals in the HAD and IPSL pro-
jections under two model configurations from the ensemble),
are largely consistent in timing with fluctuations to abundance
peaks of 30–60 billion individuals in some of the other model
configurations.

After 2060, in HAD and IPSL projections, which include
significantly higher warming rates than GFDL, ensemble
means for most years show sardine abundance above peak
numbers seen in the early 2000s (25–34 billion), while abun-
dance under GFDL remains under 20 billion until the final
years of the projection. Abundance increases are primarily
linked to lowered ELS thermal mortality, leading to mean re-
cruitment success at up to three to six times the level of the
historical period in the second half of the HAD and ISPL pro-
jections. By contrast, in the GFDL projection, ELS survival
generally fluctuates around the level of the calibration period
with higher ELS survival in a warm period in 2040–45, and a
slightly increasing trend after 2070.

Ensemble mean egg production per individual shows a
marked decrease after 2045 under HAD and IPSL projections,
with egg number per sardine fluctuating around 25–50% of
the calibration period mean (Figure 2, centre panel). Under
GFDL, a more moderately decreasing trend is recorded after
2075. Decreases in egg production per individual are linked
to density-dependent reductions in adult consumption, and
decreases in adult food biomass (diatoms, mesozooplankton,
and krill) especially under HAD.

In contrast to the HAD and IPSL projections, increases in
sardine abundance and catch are more limited by higher rates
of ELS starvation in the GFDL projection, due to lower to-
tal nanophytoplankton and microzooplankton biomasses and
exacerbated by offshore transport. The lower rate of surface
water warming in the GFDL projection limits compensation
of ELS starvation rates by decreases in ELS thermal mortal-
ity until late in the projection, with the exception of three
consecutive warm years leading to a good sardine stock in
mid-century. Model sensitivity tests with food-dependent pro-
cesses disabled further illustrate that sardine increases under
the projected warming regimes will be limited by variability
and trends in food availability (Supplementary Material).

During 2061–82 in the IPSL projection, sardine abundance
is very stable. This is caused by reduced variability in SST,
nanophytoplankton, copepods, and krill during a period of
weakening upwelling-favourable winds, linked to a positive
phase of the PDO index in the underlying IPSL original solu-
tion (Pozo Buil et al., 2021: Supplementary Material).

Uncertainty related to ELS thermal limits quantified by sen-
sitivity analysis increases after 2060, as temperatures move
beyond the range of the model calibration period, with im-
pacts on sardine abundance starting between 2030 and 2080,
depending on model configuration and ESM (Supplementary
Figure S8). Across ecological and thermal uncertainty ranges,
high sardine abundance (>40 billion) is more likely later in the
HAD and IPSL projections; however, stock collapses to below
cut-off limits for sardine fisheries also occur more often after
2080 (Figure 3). Under GFDL, the risk for fisheries closures is
highest during 2060–80.
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Figure 2. Sardine adult abundance (top), reproduction (relative egg production per adult; centre row), and ELS survival (relative recruits per egg; bottom).
Mean and range of model ensemble configurations, during model calibration (“HIST”; dotted line: stock assessment abundance estimate) and in future
projections under three different downscaled ESMs (GFDL, HAD, IPSL; lighter coloured fill: full ensemble range for means of thermal sensitivity of nine
model configurations, darker coloured fill: range for seven configuration means without highest and lowest). Grey shaded area: thermal window
uncertainty range, from sensitivity analysis of thermal optima for ELS in all configurations. Reproduction and ELS survival are shown as relative to mean
during calibration period (dashed horizontal line).

Figure 3. Distribution of sardine abundance across 20 years periods, during model calibration (HIST) and under projections of three downscaled ESMs
(GFDL, HAD, and IPSL), including ecological uncertainty (nine ensemble model configurations) and thermal uncertainty (ELS temperature sensitivity
ranges). Sardine abundance is separated into four categories (bottom to top): 1. “No catch”: sardine below the harvest cutoff (<3 billion sardine); 2.
“recent catch period”: sardine harvested at up to 1990s–2000s peak abundance (3–20 billion); 3. “good stock”: sardine above to twice of 1990s–2000s
peak levels (20–40 billion); and 4. “historical high” sardine at or above 1930s abundance (>40 billion).

Projected sardine landings, spawning, and feeding
locations

Projected sardine landings are a proportional, but smoothed,
reflection of sardine abundance, except for years when the
stock is under the harvest cut-off value and the fishery is
closed (Figure 4). Landings show a recovery to catch levels
of the early 2000s in ensemble means at 1.5–2.5 billion sar-
dine around 2050. In the GFDL projection, landings decrease
after that and recover to mean levels around 1–1.5 billion af-
ter 2070. Under HAD and IPSL, landings increase beyond 2.5

billion sardine in the ensemble mean after 2060, with extreme
configurations reaching catch levels of 7–8 billion sardine dur-
ing abundance peaks (based on the historical stock-catch rela-
tion, not considering potential socio-economic limitations in
fleet or production capacity). Sensitivity of the modelled sar-
dine population to changing fisheries mortality rates differs
slightly among model configurations for the calibration pe-
riod (Supplementary Figure S9).

Following the mean annual sardine latitudinal posi-
tion, there is considerable interannual variability in relative
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Figure 4. Total projected sardine catch (top) and relative contribution of the PNW fleet (bottom). Mean and range of model ensemble configurations
during model calibration (“HIST”; dotted line: total landings estimates from stock assessment), and in future projections under three different
downscaled ESMs (red: GFDL, green: HAD, and blue: IPSL; lighter fill: full range of nine configurations, darker fill: range for seven configurations without
highest and lowest). Grey shaded area gives thermal window uncertainty range from sensitivity analysis of thermal limits for ELS for all configurations.
Based on fitted fleet selectivity per age class, future total catch assumes a constant harvest control rule based on historical landings and stock data (cf.
the “Adult population model” and “Model ensemble configurations and projections” sections).

composition among the two fishing fleets. In the long-term, the
northward shift in habitat leads to increased availability and
a relative increase in catches for the PNW fishing fleet, which
reaches 30–50% of the total catch (combined PNW, Califor-
nian, and Mexican fleets) at the end of the century. While age
composition of the catch fluctuates interannually, it remains
constant on a long-term basis (Supplementary Figure S5).

Sardine spawning habitat progressively moves northward
in future projections. Under GFDL, which projects a slower
rate of warming than the other two ESMs, spawning habitat
shows increased latitudinal variation during 2041–2080 and
moves northward slower than under HAD and IPSL. Spawn-
ing occurs mainly in the northern half of the CCS after 2040
(HAD and IPSL) or 2060 (GFDL), and is compressed in the
northernmost part of the domain by 2080–2100 (Figure 5,
bottom). Adult feeding habitat, which follows highest food
availability, moves north at a slower rate, reaching an inter-
annual mean location at 39.5◦N after around 2060 with vari-
ation among model configurations after 2080, driven by the
main food item used as a cue for migration (Figure 5, top).

Cross-shore distribution of ELS varies interannually, in-
fluenced by offshore transport linked to upwelling strength
(CUTI) with no discernible trend over projections. Reduced
ELS food availability by offshore transport causes additional
ELS starvation mortality and a reduction in recruitment suc-
cess, more pronounced in the first half of the projections.

Discussion

Environmental mechanisms driving sardine
populations

The nine mechanistic, age structured model configurations in
our ensemble reproduce the sardine stock boom and bust dur-
ing the model calibration and testing period 1980–2018. Con-
sidering planktonic food availability, upwelling strength, and

spatio-temporal variability in sardine spawning and feeding
habitats in the CCS, a generally positive correlation of recruit-
ment success with SST in the spawning habitat is identified as a
primary driver of sardine population variability, in agreement
with the results from other statistical and population mod-
elling approaches (Jacobson and MacCall, 1995; Lindegren
and Checkley, 2013).

Temperature-dependent variability in recruitment success
is, however, modulated by changing food availability for ELS
to different degrees among model configurations. The high-
est ELS starvation rates in the calibration period are reached
in 1983–84 and 1997 under low nanophytoplankton and mi-
crozooplankton levels in ROMS-NEMUCSC. These years co-
incide with periods of low upwelling-favourable winds and
two strong El Niño events, which led to low phytoplankton
and zooplankton biomasses in the main sardine spawning ar-
eas in Southern California (Lavaniegos and Ohman, 2007;
Venrick, 2012). Adult consumption and egg production con-
tribute further variability, agreeing with the linkage between
parental prespawning condition and Pacific sardine recruit-
ment strength (Zwolinski and Demer, 2014). An individual-
based model for CCS sardine coupled to a comparable ocean-
BGC model also finds recruitment variations during 1986–
2006 being shaped by variations in both egg production and
ELS survival, with only moderate decreases in food availabil-
ity for sardine larvae caused by offshore transport (Politikos
et al., 2018).

Our results point to low food availability for ELS as in-
hibiting the recovery of sardine during the model test period
of 2011–18, with reduced egg production under lower adult
food availability contributing to the decline in some model
configurations. Due to the lack of a ROMS-NEMUCSC hind-
cast after 2010, we are assuming food availability at his-
torical low levels in our model during that period. This is
supported by empirical data indicating low planktonic food
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Figure 5. Latitudinal distribution of projected spawning and feeding habitat during model calibration (left column), and by 20 years time period under
projections of three downscaled ESMs (red: GFDL, blue: HAD, and green: IPSL). Means (lines) and SDs (coloured areas) among ensemble model
configurations by latitudinal model cell for fractions of feeding adults (top, based on different food migration cues and maximum migration distances
from spawning habitat), and ELS (bottom, fitted to data and constant among model configurations).

availability for forage fish in the CCS during those years
(Gómez-Ocampo et al., 2018; Brodeur et al., 2019). Tested
with high food availability, most configurations show a re-
turn to early 2000s stock abundance by 2018, demonstrating
that within our model, low food availability is a necessary pre-
requisite to explain the lack of recovery of the sardine stock
during the last decade. Further analyses of how both oceano-
graphic and ecological drivers (e.g. via competition) have af-
fected sardine food availability during recent years could cor-
roborate these findings.

Sardine abundance and landings projections exhibit pe-
riodic decadal-scale fluctuations (boom-and-bust cycles) on
timescales of 15–30 years, similar to the oscillations recorded
in historical SPF landings data and stock estimates (Lluch-
Belda et al., 1989; Chavez et al., 2003; Checkley et al., 2017).
ELS survival (recruits per egg) and individual egg production
(eggs per adult) vary in periodicity on different timescales, and
together modulate total sardine recruitment and population
abundance over years (Figure 2). While recruitment success
follows short-term variations in SST and small prey types dur-
ing the spring spawning period on a time-scale of 2–4 years,
adult individual egg production fluctuates on slightly longer
timescales of 3–8 years. The most pronounced sardine abun-
dance fluctuations among our ensemble configurations are
driven by a combination of (a) short-term variability in ELS
survival determined by SST and ELS food availability, with
a smaller contribution of offshore transport, and (b) density-
dependent feedbacks in egg production, modulated by local
adult food limitation and migration to better feeding habitat
under local density limitation.

Together, these processes can produce large sardine peaks at
up to 25–34 billion age2+ individuals, which coincides with
estimates for the historical sardine peak in 1934 at 27 bil-
lion age2+ sardine (Murphy, 1966). These results mirror those
of Lindegren et al. (2013), who found different timescales of
variability in sardine population drivers, for example, recruit-
ment success combined with cohort resonance and long-term
climatic forcing to create SPF fluctuations in the CCS. Our
mechanistic modelling approach adds detail to this view by re-
solving dynamic changes in sardine age structure and density-
dependence, and demonstrating the relevance of food avail-
ability, upwelling strength, and adaptive spatial migration
strategies in producing sardine cycles from regional ocean-
BGC projections.

Long-term trends under climate change, and
sources of uncertainty

The ensemble of model configurations demonstrates that the
sardine population is not driven by a single environmental
driver in isolation, and provides an estimate for the range of
ecological uncertainty in the contributions of environmental
drivers and interactions with sardine population processes,
as a description of model parameter uncertainty. The over-
lap in our results with stock assessment, individual-based, and
catch distribution (see the “Spatial shift in sardine distribu-
tion, and changes in catch distribution among fleets” section)
models for the CCS indicates that this ecological uncertainty
likely incorporates a considerable part of structural model un-
certainty. The ESMs used for our high-resolution, regionally
downscaled projections for the CCS were initially selected to
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span a range of plausible futures under the IPCC medium and
high emission scenarios for the region. They disagree on the
rate of surface ocean warming and the direction of changes in
primary production, with intermodel variation enveloping the
uncertainty among RCP emission scenarios, thus describing
the bounds for future environmental parameters (Drenkard
et al., 2021; Pozo Buil et al., 2021). In the following, we use
specific years in model projections to describe sardine popu-
lation changes and their causes, while it is important to note
that these should not be viewed as predictions for the exact
timing of realized changes. The underlying downscaled ESM
projections are not designed to reproduce conditions in spe-
cific years, but rather to capture long-term trends and exhibit
typical fluctuations in environmental parameters.

The warming trend leads to a likely recovery to sardine
abundance at or slightly below early 2000s levels by mid-
century across ESMs due to increasing recruitment success
(Figure 2). Our model ensemble provides some insights into
the emergent interactions among temperature and the other
drivers from the variation among ESMs, and alternative model
configurations with food-dependent processes disabled fur-
ther illustrate that sardine levels are limited by the variable
food availability. Under the GFDL projection, ensemble sar-
dine abundance is limited by food availability for ELS for
much of the projection, exacerbated by offshore transport of
larvae to areas of lower food. In contrast, faster warming
rates in the HAD and IPSL projections override the impacts
of ELS and adult food availability in the course of the projec-
tions. Density-dependent population feedbacks, together with
the divergent trends in different environmental drivers in the
downscaled ESM projections, constrain ecological uncertainty
in our model after 2060.

The unknown response to temperatures in the future be-
yond the recorded range represents one of the largest uncer-
tainties for projecting the Pacific sardine population under cli-
mate change (Deyle et al., 2013; Checkley et al., 2017). As
environmental niches are usually narrowest for spawners and
ELS of marine fish (Pörtner and Peck, 2010), we quantify un-
certainty in sardine population trends related to ELS thermal
windows via sensitivity analysis, accounting for ecological un-
certainty across ensemble model configurations.

After 2060, as novel temperature regimes for Pacific sar-
dine ELS emerge, uncertainty related to the thermal window
of sardine ELS begins to increase beyond ecological uncer-
tainty (spread of model ensemble configurations) in the fast-
warming HAD and IPSL downscaled models, and if Topt is
passed, regular sardine stock collapses to below fishable lev-
els occur in the majority of the ensemble configurations after
2070. While sardine abundances at historical peak levels (>40
billion) become more likely under high ocean temperatures af-
ter 2060 in the HAD and IPSL projections, the risk of stock
collapses to below cut-off limits for sardine fisheries also in-
creases.

These results identify structural uncertainty with regard to
ESM input and the biological temperature response as main
contributors of uncertainty in long-term projections (2060–
2100). The specific year when thermal tolerance uncertainty
begins to have a significant effect on the population trajectory
varies strongly among model configurations (between 2030
and 2080), depending on the relative contribution of ELS ther-
mal mortality among all environmental drivers.

Earliest impacts of thermal sensitivity on our projections
start in the highly temperature-driven model configurations

at a Topt for ELS from 16◦C, and latest impacts occur at
17.5◦C in the HAD and IPSL projections. This range of Topt

with impacts on projections identified from our model cali-
bration period coincides with the results from experimental
work: early experiments with Pacific sardine larvae from the
CCS found fastest growth rates at 16–17◦C (Lasker, 1964),
while Japanese sardine (Sardinops melanostictus) show opti-
mum growth at 16.2◦C (Takasuka et al., 2007) and European
sardine (Sardina pichardus) experience reduced larval survival
at 17◦C (Faleiro et al., 2016). Updated physiological experi-
ments with Pacific sardine eggs and larvae from the CCS, pos-
sibly under different food conditions, would thus be critical
to further constrain the optimum and limit conditions for sar-
dine ELS survival, and reduce long-term uncertainty in our
projections.

During periods of less suitable environmental conditions,
reductions in sardine landings under the current harvest con-
trol rule succeed in dampening impacts and preventing sar-
dine collapses in our model. However, this assumes imme-
diate quota adjustments in the year following a population
decrease, with potentially significant socio-economic adapta-
tion costs for sardine fisheries. Furthermore, external impacts
on predation and natural mortality (e.g. long-term changes in
trophic interactions beyond those during the calibration pe-
riod) are not yet considered. A scenario-based incorporation
of socio-economic and political factors influencing catch and
other variables (Hamon et al., 2021), and a detailed analy-
sis of environment-sensitive, multispecies, and other harvest
control rules for ameliorating climate change impacts on the
sardine stock and fisheries will be undertaken in follow-up
work.

Quantifying the linkage to physical parameters and the un-
certainty related to BGC parameters will help to advance the
realism of long-term projections of marine ecosystems and
fish stocks (Payne et al., 2017; Jacox et al., 2020). While
ROMS-NEMUCSC achieves a good representation of large-
scale distribution patterns for chlorophyll and krill in the CCS
(Fiechter et al., 2020, 2021), the skill to reproduce variabil-
ity in plankton biomass, as in other BGC models, may be
lower than for physical variables (Séférian et al., 2020; Kear-
ney et al., 2021). More detailed uncertainty analysis of the
BGC model, expanding the ROMS-NEMUCSC hindcast to in-
clude the years 2011–20 for further testing and re-calibration
of the sardine model, and future updates to the latest gener-
ation downscaled CMIP6 runs currently under development,
may improve model fit and reduce uncertainty in projections.
Our work demonstrates that the combination and timing of
changes in multiple physical and lower trophic level variables,
not isolated trends in one driver, will determine the fate of SPF
stocks under climate change, and should be a focus of further
development in ocean and ecological models.

Spatial shift in sardine distribution and changes in
catch distribution among fleets

Our model allows adult sardine to adapt to changing ocean
conditions by following optimal feeding and spawning loca-
tions as they shift through the projection period. This be-
haviour is consistent with observations of sardine spawn-
ing and feeding habitat moving considerably northward af-
ter 2014 during a marine heatwave and El Niño conditions
(Auth et al., 2018; Muhling et al., 2020). Over the course of
the model projections, following the optimal SST of 13.5◦C,
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sardine spawning location moves northward, compressing the
stock in the northern half of the CCS after 2060 under the
fast-warming HAD and IPSL projections, and after 2080 un-
der GFDL.

Areas of best food availability for sardine move northward
at a slower rate than the spawning habitat, to a mean lati-
tude of 39.5◦ N in the second half of the projection, reducing
the northward shift in annual mean sardine distribution. This
finding agrees with the results of an individual-based model
for Pacific sardine forced with the same downscaled ROMS-
NEMUCSC projections, which suggests that the simple migra-
tion rules in our model are consistent with the more complex
behavioural movement based on prey and temperature cues in
the individual-based model (Fiechter et al., 2021).

As fleet availability in our model is responsive to the mean
latitudinal position of the sardine stock, catch distribution be-
tween the two fleets shows considerable interannual variabil-
ity, with a more northern sardine stock leading to an increased
proportion of catches for the PNW fleet relative to the com-
bined Californian and Mexican fleet, as observed in landing
data (Hill et al., 2018). Over the course of the projection, the
northward shift in habitat leads to increased availability and a
relative increase in catches for the PNW fishing fleet. The pro-
jected shift in relative catch between the two fleets matches the
trends projected with an individual-based model and a spatial
fleet distribution model for Pacific sardine in the CCS, which
were driven by the same downscaled ROMS-NEMUCSC pro-
jections (Fiechter et al., 2021; Smith et al., 2021).

Besides the projected changes in sardine abundance, the
poleward shifts in distribution and catch can be expected to
have considerable impacts on sardine fisheries and dependent
communities in the CCS, in the second half of the 21st century
under the RCP8.5 emissions scenario considered here. How-
ever, this analysis is based on the modelled northern subpop-
ulation of Pacific sardine in the CCS. Potentially, reductions
projected for the MexCal fisheries could be ameliorated by
the southern substock off Baja California, Mexico (which is
currently precluded from harvest in US management) migrat-
ing increasingly north under continuing warming, and lead-
ing to strongest impacts on sardine fisheries at the southern
margin of that substock’s distribution. Suitable habitat for Pa-
cific sardine in the future may be further constrained by de-
creases in oxygen availability and increasing acidification in
the CCS (Xiu et al., 2018; Howard et al., 2020), which should
be treated as additional uncertainties, and warrant further in-
vestigation and a precautionary approach for sardine manage-
ment.

Concluding remarks

We developed a process-based population model that repro-
duces the last boom and bust of the US Pacific sardine popu-
lation based on ocean temperature, ELS and adult food, and
upwelling strength, and demonstrates that the lack of recovery
after 2010 under a warm ocean regime and no fishing can be
explained by reduced food availability. The combination and
different periodicity of changes in ELS survival and egg pro-
duction per adult, based on input from downscaled regional
ocean models and the population model structure, produce
decadal-scale population fluctuations in sardine.

Future projections show a likely recovery of sardine abun-
dance and catch in the middle of the 21st century under
the current fisheries management regime, due to increasing

recruitment success under warming ocean temperatures.
Long-term trends in the second half of the 21st century are
modulated by ELS starvation, density- and food-availability-
dependent decreases in egg production per adult, and the
adaptive feeding migration of the sardine population. Spa-
tial distribution of Pacific sardine is projected to move to the
northern part of the CCS towards the end of the century, with
spawning habitat showing a more pronounced shift under
ocean warming than the best feeding habitat, which moves
north at a slower rate.

On the timescale of 20–50 years into the future, projec-
tion uncertainty for Pacific sardine population abundance
is determined by ecological uncertainty regarding the con-
tributions of different drivers to population processes, as
estimated from our ensemble configurations. Beyond 50–
60 years, downscaled ESMs increasingly disagree in the rate
of warming, and the physiological temperature optimum for
ELS survival becomes the dominant source of uncertainty in
the strongly warming HAD and ISPL models. When passing
thermal optima, there is considerable risk of sardine stock col-
lapses under all ecological model configurations and ESM pro-
jections.

The current harvest control rule buffers temporary sardine
stock declines in periods of 2–3 years with unsuitable environ-
mental conditions later in the 21st century. While a variety of
socio-economic and political factors will further impact sar-
dine catch in the future, our analysis highlights the value of
sustained monitoring of ecosystem conditions and population
properties to ensure sustainable fisheries management under
continued climate variability and change, for example, to de-
rive environment-responsive harvest control rules (Siple et al.,
2019). Underlying process relationships and ecological uncer-
tainty can be constrained further by conducting additional ex-
perimental studies and ship-based surveys on Pacific sardine
and other fish species.

Our findings open pathways for improving Pacific sardine
climate-responsive management under novel environmental
conditions in the future, by developing forecasts for recruit-
ment and age class abundance with associated ecological and
physiological uncertainties, as some physical ocean variables
in the CCS can be forecast with sufficient certainty 1–4 years
in advance (Tommasi et al., 2017; Jacox et al., 2020), and sar-
dine adult distribution can be forecast over several months in
advance (Kaplan et al., 2016). Advancing population projec-
tions informed by biological processes will enable anticipation
of emerging phenomena from nonlinear driver interactions,
and help distinguish predictable from unpredictable aspects
of ecosystem dynamics for marine fish stocks under climate
change.
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