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1.  INTRODUCTION

Forage species are an important component of
global fisheries (FAO 2006, Alder et al. 2008) and also
occupy a critical position in marine food webs, link-
ing the energy produced by plankton to large-bodied
fishes, birds, and mammals. A primary challenge for
fisheries managers and policymakers is to determine
a level of fishing on forage fish that accounts for the
important ecological role that they play in the larger
marine environment (Alheit & Niquen 2004, Pikitch
et al. 2012). However, determining a sustainable
catch level is often hampered by a limited ability to

predict biomass of forage fish for 3 fundamental, but
not mutually exclusive, reasons: (1) forage fish bio-
mass can be difficult to quantify because it exhibits
large spatial variation; (2) forage fish are prone to
booms and busts (i.e. abundances change rapidly in
response to environmental conditions), with large
associated impacts on dependent organisms; and (3)
forage fish exhibit strong population responses
(i.e. changes in abundance and/or distribution) to
environmental variability (Hilborn & Walters 1992,
Pikitch et al. 2012).

Capelin Mallotus villosus is a keystone forage fish
species in the North Atlantic ecosystem and is an
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important commercial fishery species. It is a small,
short-lived, shoaling species that exhibits ‘boom-bust’
population dynamics and is characterized by a large
proportion of spent adults experiencing post-spawn-
ing mortality (Templeman 1948, Shackell et al. 1994).
The 3 largest capelin stocks are in the Barents Sea,
off the coast of Iceland, and on the Newfoundland
and Labrador (Canada) continental shelf (Carscadden
& Vilhjálmsson 2002). For the Barents Sea capelin
stock, an assessment model framework using Bifrost/
Captool is used for advice on total allowable catch
(TAC) (Gjøsæter et al. 2015). The model uses a fall
(September) acoustic survey to predict spawning
stock biomass (SSB), and to estimate capelin matu-
rity, growth, and natural mortality (including preda-
tion by immature cod on pre-spawning capelin; ICES
2016b). The Iceland capelin stock is surveyed twice
each year (fall and winter). A provisional TAC is set
after the fall acoustic survey of the immature portion
of the stock with the final TAC based on a model that
accounts for the uncertainties in the fall and winter
acoustic surveys and predation from cod, haddock,
and saithe (ICES 2016a). Both the Barents Sea and
Iceland capelin stocks have a biomass limit (Blim) and
the fishery will be closed if the estimated SSB is less
than the Blim. Acoustic surveys for both the Barents
Sea and Iceland capelin stocks are assumed to cover
the entire distributional range of capelin.

The capelin stock on the Newfoundland and Labra -
dor (Canada) continental shelf (North Atlantic Fish-
eries Organization [NAFO] Div. 2J3KL capelin stock;
hereafter the Newfoundland capelin stock) has de -
creased dramatically from a high of 6 million tonnes
(Mt) in the late 1980s to 0.02−0.06 Mt in 1990−1991
with minimal recovery over the past 28 yr (DFO 2018,
Buren et al. 2019). The decline in capelin biomass
coincided with a regime shift in the NW Atlantic
 ecosystem during the late 1980s and early 1990s
(DeYoung & Rose 1993, Pedersen et al. 2017). Major
changes in the biology and ecology of capelin oc -
curred after the collapse of the capelin stock, includ-
ing delayed and protracted spawning, as well as
declines in somatic condition, size at maturity (Cars-
cadden et al. 2001, Nakashima & Wheeler 2002), and
proportion of older age classes (DFO 2018). In con-
trast to the other 2 major capelin stocks where top-
down (i.e. predation) forces are considered major
drivers of capelin survival, the collapse of the New-
foundland capelin stock in the early 1990s is hypoth-
esized to have been due to bottom-up processes that
affected the recruitment and survival of capelin
(Buren et al. 2014a, Obradovich et al. 2014, Murphy
et al. 2018). In the NW Atlantic, capelin are a key

driver in the biomass dynamics of Atlantic cod Gadus
morhua (Buren et al. 2014b), linked to changes in
fecundity of Northwest Atlantic harp seals Pago -
philus groenlandicus (Stenson et al. 2016), and are
key prey for Greenland halibut Reinhardtius hippo -
glossoides (Dwyer et al. 2010), whales (Gulka et al.
2017, J. Lawson & G. Stenson unpubl. data), and sea-
birds (Davoren & Montevecchi 2003, Montevecchi
2007, Buren et al. 2012). Given the importance of
capelin in food web dynamics and their currently
depressed population state, understanding the mech -
anisms that regulate capelin biomass is vital to
understanding broader ecosystem changes in the
NW Atlantic. A mechanistic understanding of capelin
regulation is also essential to predict capelin biomass
to improve the provision of Fisheries and Oceans
Canada’s (DFO) science advice for capelin manage-
ment and to allow for an ecosystem-based approach
to management for the many predators that rely on
capelin as a primary food source (Link 2002, Pikitch
et al. 2004).

A variety of mechanisms operating at different life
stages may regulate the Newfoundland capelin
stock. Capelin cohort strength (or year class strength)
has been related to larval survival (Leggett et al.
1984, Dalley et al. 2002, Murphy et al. 2018), and lar-
val survival in the first 2 wk was related to onshore
winds from 1974−1990 (Carscadden et al. 2000). Post-
1990, capelin cohort strength was related to larval
abundance of the same cohort and density of their
preferred larval prey, Pseudocalanus spp. (Murphy
et al. 2018). While cohort strength is set early in the
life history of capelin, capelin experience mortality
throughout their life cycle which may modulate
cohort strength. Pre-spawning mortality of capelin is
regulated by seasonal sea ice dynamics, putatively
via its effects on the spring bloom, which in turn
influences the dynamics of Calanus finmarchicus, the
main prey of adult capelin (Buren et al. 2014a).
Match−mismatch dynamics between C. finmarchicus
and pre-spawning capelin was hypothesized to influ-
ence the condition and mortality of capelin (Buren et
al. 2014a). The relationship between sea ice retreat
and capelin biomass is not linear but rather dome-
shaped, with an early or late sea ice retreat related to
low capelin abundance due to a potential mismatch
with C. finmarchicus, while a medium sea ice retreat
may result in high capelin abundance due to a poten-
tial match with the C. finmarchicus bloom. Finally,
the fall somatic condition of pre-spawning capelin,
prior to overwintering, may influence their survival
potential during the spring pre-spawning mortality
bottleneck (Buren et al. 2014a).
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The strength of ecological relationships can change
over time (Taylor et al. 2002); this is true for the New-
foundland capelin stock with neither the relationship
between capelin cohort strength and onshore winds
(Murphy et al. 2018) nor the relationship between
capelin biomass and sea ice (F. K. Mowbray & A. D.
Buren unpubl. data) producing robust predictions in
recent years. Further, a single variable is unlikely to
capture the multiple, highly stochastic processes that
influence capelin demography from emerging larvae
to the pre-spawning adult stage. For example, larval
abundance does not capture years of extremely low or
high cohort strength (Murphy et al. 2018). Having
only a partial understanding of the regulatory mecha-
nisms underlying capelin population dynamics has
limited our ability to forecast capelin biomass. Near-
term forecasting of capelin biomass would be of im-
mediate benefit for the management of this stock
(Payne et al. 2017, Dietze et al. 2018).

Here, we expand upon previous work by testing
and comparing a series of hypotheses regarding the
bottom-up regulation of capelin using a Bayesian ap-
proach in a multimodel inference framework. Specifi-
cally, we re-examined the influence of cohort strength
(larval abundance and availability of preferred larval
prey; Murphy et al. 2018) and pre-spawning adult
mortality (sea ice dynamics and its link to spring feed-
ing; Buren et al. 2014a) on the biomass of the New-
foundland capelin stock. We also considered fall con-
dition of capelin, due to its po tential impact on
survival during the spring pre-spawning mortality
bottleneck (Table 1). Further, we tested combinations
of these factors to assess their relative importance in
describing capelin stock biomass. The models were
developed with the aim of producing forecasts of
capelin biomass 1−2 management cycles in advance.

2.  MATERIALS AND METHODS

2.1.  Study area and data series

The dominant bathymetric feature on the New-
foundland and Labrador (NL) shelf is the Grand
Banks (Fig. 1) while the Labrador Current, which
brings cold, fresh water south from the Arctic, is the
dominant physical oceanographic feature. Sea ice
coverage is seasonal and coverage is related to the
variation in the interannual strength of the Labrador
Current (Rice 2002). The retreat of the sea ice in
spring is strongly correlated with the timing of the
spring phytoplankton bloom (Wu et al. 2007).

2.1.1.  Capelin biomass

We used the capelin stock biomass index derived
from DFO’s spring acoustic survey off the eastern
coast of NL (1982−1992, 1996, 1999−2005, 2007− 2015,
2017; Mowbray 2013, 2014). This index covers the
core of the spring distribution area (46−50° N) of the
Newfoundland capelin stock (predominately age-2
capelin; Fig. 1), and covers the area from the New-
foundland coastline to the 500 m depth contour along
the shelf edge. Due to incomplete coverage, this
 survey is considered an index and not an estimate
of total biomass. Acoustic backscatter from the cali-
brated 38 kHz frequency of a Simrad EK500/EK60
echo sounder system was integrated along parallel
transects within depth-delimited strata. Targeted
fishing with a Campelen 1800 shrimp trawl was used
to verify species composition and obtain biological
samples. The capelin spring acoustic survey esti-
mates capelin abundance that is converted to bio-

mass. Monte Carlo simulations
were performed to estimate 95%
confidence intervals (Mowbray
2013). Note that 2018 capelin
biomass estimates are currently
unavailable.

2.1.2.  Cohort strength indices

We used DFO’s larval emer-
gence index from Bellevue Beach,
Trinity Bay, NL (2001− 2018).
 Larval sampling was  conducted
in this area based on earlier work
that found capelin beach spawn-
ing was synchronous across
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Variable Time series Lag Range Reference
duration

Capelin biomass (kt) 1982−2017 0 22−6000 Mowbray (2013, 2014)

Larval abundance 2001−2017 2 578−3770 Murphy et al. (2018)
(larvae m−3)

Zooplankton abundance 1999−2016 2 3738−27659 Pepin et al. (2017)
(larval prey; no. m−2)

tice (DOY) 1969−2018 0 39−98 Buren et al. (2014a)

Capelin condition 1995−2017 1 0.97−1.03 Le Cren (1951)
(unitless)

Table 1. Variables used to explain capelin biomass with the associated duration of
the time series, the lag in years of the time series used in the analysis, and range of
values. Reference column provides references with the most complete or original
description for deriving these variables. tice: timing of the retreat of sea ice; DOY: 

day of the year
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 Newfoundland beaches (Frank & Leggett 1981b, Na-
kashima 1996). The methods for larval emergent sam-
pling are described elsewhere (Nakashima & Mow-
bray 2014, Murphy et al. 2018). Briefly, emergent
capelin larvae were sampled from the onset to the end
of emergence, which can last up to 6 wk. Capelin lar-
val sampling occurred by boat and consisted of sur -
face tows of 10 min duration at 2.1 knots every 24−
48 h during daylight at 5 stations using a 270 μm mesh
size net with a 0.75 m diameter ring with an attached
General Oceanic flowmeter. Cape lin larval samples
were preserved in 5% formalin and seawater and
were enumerated in the laboratory. Annual larval
production (m−3) was estimated using the trapezoidal
integration method (Murphy et al. 2018).

To calculate interannual larval prey density, we
used DFO’sAtlantic Zone Monitoring Program (AZMP)
estimates of Pseudocalanus spp. abundance from the
high frequency sampling site, Stn 27, from 1 June−
1 October for the years 1999−2017 (Fig. 1) (Pepin et

al. 2017). Although there is an AZMP sampling line
closer to Trinity Bay (the Bonavista Line), this line is
not sampled as often as Stn 27. Wilson et al. (2018)
found that Pseudocalanus spp. abundance is strongly
correlated (r = 0.75) between Stn 27 and the Bona -
vista Line so we used Stn 27 as a proxy for Pseudo-
calanus spp. production in Trinity Bay.

2.1.3.  Adult mortality indices

To determine the annual timing of the seasonal sea
ice retreat (tice), digital versions of weekly regional ice
charts for the Newfoundland region were ob tained
from the Canadian Ice Service (http:// iceweb1. cis.
ec.gc.ca/Archive/page1.xhtml). For each week for the
years 2003−2017, we converted the ice chart date into
the day of the year (DOY) and then determined
the most southern position of the sea ice from 55° N
(Hamilton Bank) to the Grand Banks of Newfoundland
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(43° N). Following Wu et al. (2007) and
Buren et al. (2014a), the DOY of the
most southerly position within a year
was defined as the start of the sea ice
retreat. Ice that was not part of the
main ice pack, such as ice trapped
in bays around the island of New -
foundland or in Lake Melville in
Labrador, was not considered when
determining the value of tice. To deter-
mine if tice was further influenced by
large ice sheets floating free of the ice
pack, we visually assessed all of the
ice maps. Weeks with sheets of ice
south of the main pack were  removed
from the analysis if they  influenced
the value of tice.

We calculated the fall somatic condition (hereafter,
fall capelin condition) of age-1 (n = 9151) and age-2
(n = 9974) capelin from 1998−2017 based on the length
and weight of capelin sampled during the DFO fall
(October−December) multi-species bottom-trawl sur-
vey (DFO 2018). The relative condition of capelin
was estimated as a relative condition factor:

(1)

where W is the weight of the individual capelin
and Ŵ is the predicted body weight from a log-log
length− weight relationship (Le Cren 1951). Capelin
<80 mm in length or <2 g in weight were considered
age-0 fish that had not yet undergone metamorpho-
sis and were removed from the analyses.

2.2.  Data analysis

2.2.1.  Models

Due to the large interannual variation in capelin
biomass, all analyses were performed on the natural
logarithm of capelin biomass. To describe the varia-
tion in capelin biomass, we developed a suite of mod-
els using variables that were previously identified
as im portant for Newfoundland capelin pop ulation
dynamics: larval abundance and larval prey densities
(cohort strength; Murphy et al. 2018), as well as tice

and fall capelin condition (adult mortality; Buren et
al. 2014a; Table 2; Fig. 2 shows an overview of the
temporal re lationships amongst the variables). There
were 2 cohort strength models: one that re lated
capelin biomass to larval abundance (CS0) and a sec-
ond model that related capelin biomass to larval
abundance and larval prey densities (CS1). Both of

the cohort strength models were linear and lagged
by 2 yr in order to compare survivors of the same
cohort (Murphy et al. 2018). There were also 2
pre-spawning adult mortality models. One related
capelin biomass to the tice in the spring of the current
year (dome-shaped relationship based on Buren et
al. 2014a; see model AM0 in Table 2 for model struc-
ture). A second model (AM1) included tice and the fall

= ˆK W
W

r
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Model family Model Formal model
abbreviation

Cohort strength CS0 CBi = α + β× LAi

(CS) CS1 CBi = α + β× LAi + γ × ZOi

Adult mortality AM0 CBi = δ1× TIi × (1 − TIi /η2)
(AM) AM1 CBi = α + δ× TIi × (1 − TIi / η) + θ× COi

CS/AM CSAM1 CBi = α + β× LAi + θ× COi

CSAM2 CBi = α + β× LAi + δ× TIi × (1 − TIi / η)
CSAM3 CBi = α + β× LAi + δ× TIi × (1 − TIi / η) + θ×ηOi

Table 2. Statistical models with variables used to explain and forecast capelin
biomass (CB). Parameters are in Greek letters and are slopes unless otherwise
specified (α = intercept, the error term is not shown). LA: larval abundance;
ZO: zooplankton biomass (larval food); TI: timing of ice retreat (tice); CO:
capelin condition. For the time lags on the variables, see Table 1. δ, η: rate of 

increase and width of the dome, respectively

Dec Dec Dec DecJunMar Sep Mar Jun Sep Mar Jun Sep

year(t−2)

larval 
 emergence
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emergence

year(t−1)
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year(t)

t ice
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Fig. 2. Overview of the temporal relationship among the ex-
planatory variables (see Table 1), capelin biomass generated
from the acoustic spring survey as well as associated activi-
ties, i.e. management meetings and the capelin fishery. Dou-
ble headed arrows: extent of a calendar year; bars above
text: extent of the given variable or activity; arrow and text
for years match the variables and activities that occur in that 

year; tice: timing of the retreat of sea ice
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capelin condition (i.e. capelin sampled the previous
fall; linear relationship). The cohort strength + adult
mortality models (CSAM1, CSAM2, CSAM3) com-
bined the influence of capelin larval abundance with
one or both proxies for adult mortality, i.e. tice, and
fall capelin condition. We did not include larval prey
densities in the combined models as preliminary re -
sults suggested this variable had poor explanatory
power.

We fitted the models from Murphy et al. (2018;
CS0) and Buren et al. (2014a; AM0) for these data
series in order to compare the more complex models
to the original work. Note, however, that the results
from CS0 and AM0 are not directly comparable to
the original work presented in Murphy et al. (2018)
and Buren et al. (2014a) as both studies used differ-
ent portions of the available time series than used
in the current analysis. An information-theoretic ap -
proach requires the same data to be used across all
models and, as such, our analyses were limited by
the shortest time series, which was the capelin larval
surface tows. Models assumed a normal error struc-
ture and we used an identity link.

2.2.2.  Model implementation

All of the explanatory variables were normalized
prior to analysis (Zuur et al. 2013) except for tice (see
Table 2), which could not be normalized because the
resulting negative values would make the resulting
dome-shaped model biologically uninterpretable. In -
stead, tice was divided by 100 in order to make the
scale similar to the other variables. Following Zuur et
al. (2010), we conducted an exploratory data analysis
prior to the formal data analysis. Scatterplots were
used to visualize relationships and assess possible
collinearity amongst variables, but we detected no sig -
nificant issues. Parameters and associated credible
intervals were estimated in a Bayesian framework.
We present capelin biomass forecasts and their asso-
ciated uncertainty in the form of prediction intervals.

Prior distributions. For the intercept and all other
variables where the associated parameters were
slopes (i.e. larval abundance, larval prey density, and
fall condition), we used uninformative, normal pri-
ors (mean = 0, SD = 100; Zuur et al. 2013). For the er-
ror term, we used an uninformative uniform prior
(range = 0−100). For the tice maximal rate of increase
parameter (see Table 2; δ), we used uninformative
priors based on the uniform distribution (min. = 0,
max. = 100; Bolker 2008). This prior was bounded by
zero so that the dome would only have positive  values

of capelin biomass. For tice width (η), we used the uni-
form distribution (min. = 0, max. = 3.65; Bolker 2008).
This prior was bounded by zero and 3.65 so that the
results applied to the days in a  calendar year.

Model convergence. We used 3 chains in the
Markov chain Monte Carlo process with a burn-in of
1000 iterations (Zuur et al. 2013). Subsequently, we
started each analysis using a thinning rate of 3 and
2000 iterations for each posterior distribution. To
assess convergence, we used the Gelman and Rubin
R̂ convergence diagnostic (Gelman & Rubin 1992)
and visually inspected the mixing of the chains. If
convergence was in doubt, we used the previous
number of iterations as a burn-in and then ran
300 000 iterations with a burn-in of 100 000 and a
thinning rate of 50. Otherwise, we proceeded with
the analysis. We found no evidence of autocorrelation
among the chains by visually assessing autocorrela-
tion plots.

2.2.3.  Model comparison and selection

The parsimony of this set of models was assessed
using the deviance information criterion (DIC), which
is appropriate for comparing models within the
Bayesian framework (Spiegelhalter et al. 2002, Zuur
et al. 2013, Hooten & Hobbs 2015). We also calcu-
lated the mean square prediction error (MSPE) in
order to compare the predictive ability of each model
(Gelman et al. 2014, Hobbs et al. 2015). A comparison
of the information criteria among a set of models
reveals the most parsimonious model but this may
simply indicate the best in a set of poor models (Mac
Nally et al. 2018). Commonly used measures of
model fit, such as R2 for ordinary least squares (OLS)
regression or an examination of the confidence inter-
vals of the parameter estimates, alleviates this prob-
lem. However, the R2 for OLS regression is not appli-
cable in a Bayesian framework. In response, Gelman
et al. (2018) proposed an R2 that is appropriate for
Bayesian analyses. We calculated this ‘Bayesian R2’
for all of the above models.

2.2.4.  Model validation and sensitivity

To validate the models, we performed 3 steps. First,
following Zuur et al. (2013), we calculated a disper-
sion parameter as a test for overdispersion. Second,
we plotted the Pearson residuals of each model
against the covariates to determine if there were any
issues with non-linearity. We found no problems with
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overdispersion or non-linearity. Finally, the leave-
one-out jack-knife method, a type of cross-valida-
tion, has been shown to provide an unbiased esti-
mate of model performance, i.e. how well the model
predicts new observations with data that are inde-
pendent of those data used to estimate the model’s
parameters (Olden et al. 2002). Essentially, we
sequentially left out the value of capelin biomass for
a given year, recalculated the model, and used the
model to predict capelin biomass for the left out year.
We then compared the confidence interval of the
observed biomass to the prediction interval of the
new model.

Finally, we sought to determine how sensitive the
predictions of the most parsimonious model were to
variation in the input values. Using the most parsimo-
nious model with a fixed value for larval abundance
(which is known from 2 yr prior), we re-ran the model
with variations of the observed values for fall condi-
tion and tice: good/late (+1 SD), medium (mean), and
poor/early (−1 SD). We also re-ran the model using
very early values for tice (−2 SD) because a value of
this magnitude occurred in 2010. No values of +2 SD
for tice have been observed since the early 1970s and,
given the projected warming trend on the NL shelf
(Han et al. 2015), it would be unrealistic to expect
such late dates of ice retreat. We compared the pre-
dicted values of these 9 possible scenarios with the
actual predicted value.

2.2.5.  Forecasts

In addition to a better understanding of factors that
influence capelin biomass, this work is also intended
to inform management. Depending on the variables
in the model, we used capelin larval abundance and
larval prey density (i.e. Pseudocalanus spp.) in 2016
and 2017 to produce capelin biomass forecasts for
2018 and 2019 respectively. We used the fall condi-
tion index from 2017 to inform the capelin biomass
forecast for 2018 and used average fall condition over
the data series to forecast capelin biomass in 2019.
Similarly, we assessed the ice charts to determine tice

for 2018 and used the average value of the tice over
the time series (79 d) to forecast capelin biomass in
2019. We present 2018 capelin biomass as a ‘forecast’
because the 2018 estimates of biomass are currently
unavailable.

We performed all analyses in program R v.3.3.3 (R
Core Team 2017) using RStudio v.1.0.136. Bayesian
analyses were performed using JAGS (Plummer
2003) within the R environment using packages

‘R2jags’ v.0.5-7 (Su & Yajima 2012) and ‘rjags’ v.4-6
(Plummer 2012). Mixing of chains, autocorrelation,
comparisons of the priors/posteriors, and posterior
values were assessed using functions produced by
Highland Statistics (Zuur et al. 2013).

3.  RESULTS

Based on the annual offshore spring acoustic sur-
veys, the capelin biomass index (hereafter, capelin
biomass) varied between 22 and 982 thousand tonnes
(kt) from 2003−2017. For most years, capelin biomass
ranged from 98−300 kt; all 3 of the highest values
were from 2013−2015 (660−980 kt) with the lowest
capelin biomass in 2010 (22 kt).

The CSAM3 model, which included larval abun-
dance, tice, and fall condition, received considerable
support and explained 68% of the variance (Table 3).
For CSAM3, many of the yearly estimates were very
similar to the observed biomass values and all years
were captured except 2014, i.e. the estimated capelin
biomass in 2014 did not fall within the credible inter-
val of this model although the fitted trend was cor-
rect (Fig. 3A). The CSAM2 model received moder-
ate support but failed to capture 2013−2014. The
CS1 and CSAM1 models received considerably less
 support than the CSAM3 model, while the AM1,
CS0, and AM0 models received very little support
(Table 3). These models failed to capture between 2
and 5 years of capelin biomass. None of the models
under consideration had a ΔDIC > 10. As indicated by
the MSPE scores, the ability of the models to predict
out-of-sample observations did not always align with
the DIC scores, but CSAM3 still had the best predic-
tive ability of all of the models based on the MSPE
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Model DIC ΔDIC MSE R2 SD

CSAM3 23.2 0.0 0.57 0.68 0.12
CSAM2 25.8 2.6 0.70 0.64 0.14
CS1 29.8 6.6 1.21 0.53 0.15
CSAM1 30.3 7.1 0.63 0.49 0.15
AM1 32.2 9.0 0.92 0.47 0.17
CS0 32.9 9.7 0.70 0.38 0.17
AM0 33.1 9.9 0.91 0.17 0.06

Table 3. Model selection statistics for the capelin biomass
models considered in Table 2. DIC: deviance information
criterion; ΔDIC: difference between change in DIC from the
most parsimonious model; MSE: mean squared error (Gel-
man et al. 2014). R2 and associated standard deviation (SD)
are for Bayesian analyses (Gelman et al. 2018). Lower values 

of MSE indicate greater predictive ability
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scores (Table 3). We subsequently ex amined the pos-
terior values of the parameter estimates of CSAM3 to
determine the relative importance of different vari-
ables and to further interpret the DIC table.

The posterior distribution of parameters of CSAM3,
the most parsimonious model, showed that model par-

simony was largely driven by larval
abundance and tice while fall condition
explained a lesser amount of the inter-
annual varia bility in capelin biomass
(Fig. 3B−F). For CSAM3, the 95% cred-
ible intervals of the posterior values
for larval abundance and tice (maximal
rate of increase) did not overlap zero,
suggesting a strong effect (Fig. 3C−E,
Table 4). The median value of the pos-
terior distributions  suggests a 0.63 in-
crease in capelin biomass for a unit in-
crease in larval abundance while the
tice dome was centered (width/2) at
84 d, indicating that, according to this
model, maximum capelin biomass oc-
curs when the sea ice retreat begins in
mid-to-late March (Fig. 3C−E, Fig. 4).
The other variables under considera-
tion in this model set, including larval
prey availability density (Pseudocala nus
spp.; CS1) and fall capelin con dition
(AM1, CSAM1, and CSAM3), had a
positive but weaker relationship with
capelin biomass, i.e. the 2.5% credible
limit of the posterior values was less
than zero.

The jack-knife cross-validation indi-
cates that the predictive performance
of the most parsimonious model,
CSAM3, is robust for most years. The
average percent difference between
predicted and observed values was
13.0 ± 13.4% (Fig. 5). Percent differ-
ences ranged from <1 to 20% for all
years except 2010 (52.6%), which was
the only year with extremely low
capelin biomass.

The predictions of the CSAM3 model
are reasonably insensitive to deviations
in tice and fall capelin condition. When
the input values are within 1 SD of the
 average, the results are very similar to
the predicted biomass values. Only
very early tice combined with medium
or poor fall capelin condition results in
statistical differences from the pre-

dicted value (Fig. 6). The CSAM3 model forecasts
capelin biomass will increase in 2018 (median =
137 kt, 80% prediction interval = 44−407 kt) and
again in 2019 (median = 197 kt, 80% prediction inter-
val = 80− 493 k) compared to 2017 (median = 101 kt,
95% credible interval = 53−197 kt; Fig. 3A).
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4.  DISCUSSION

Forage fish populations are known to fluctuate
 dramatically and have consequently been difficult
to forecast (Pikitch et al. 2012). By using readily
available in dices of capelin cohort strength, adult
fall condition, and adult mortality (tice), we were
able to explain 68% of the variation in Newfound-
land capelin stock biomass. Further, the stock bio-
mass can be predicted 1−2 management cycles in
advance, providing valuable information for fisheries
management.

These results extend earlier research that found
the timing of sea ice retreat, i.e. tice (Buren et al.
2014a; AM0), and the abundance of emergent larvae
(Murphy et al. 2018; CS0) play an important role in

the regulation of capelin bio-
mass. The CSAM3 model offers a
substantial im provement over the
AM0 and CS0 models by combin-
ing cohort strength, fall capelin
condition, and tice to forecast
capelin biomass. Essentially,
higher larval abundance in July
and August 2 years prior im -
proved adult condition the pre-
ceding fall, and a retreat of sea
ice in mid-to-late March of the
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Parameters Associated variables Mean SE 2.5% Median 97.5%

α Intercept −1.05 3.13 −7.68 −0.89 4.38
β Larval abundance 0.63 0.23 0.18 0.63 1.09
δ tice: max. rate of increase 17.11 9.30 2.27 16.43 36.96
η tice: width 1.68 0.31 1.37 1.57 2.60
θ Condition 0.27 0.19 −0.10 0.27 0.66

Table 4. Posterior parameter estimates (±SE) with associated variables and 2.5 and
97.5% credible values for the capelin cohort strength + adult mortality model
(CSAM3), the most parsimonious model (see Table 2 for model structure). β and θ
reflect a linear relationship with the associated variable while δ and η are para-

meters in the dome-shaped model. tice: timing of the retreat of sea ice
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Fig. 4. Graphical representation of the cohort strength +
adult mortality model (CSAM3) at 3 levels of the fall body
condition of pre-spawning capelin (light grey: minimum
condition observed; mid-grey: average condition observed;
dark grey: maximum condition observed). tice: timing of the 

retreat of sea ice
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(PI) generated by a leave-one-out jack-knife validation
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current year produced the highest annual capelin
biomass. This model also had the best predictive abil -
ity of the models we considered.

4.1.  Bottom-up regulation

Capelin condition in the fall has not previously been
considered as a factor influencing capelin population
dynamics. Although fall condition had a weak, posi-
tive influence on capelin biomass, fall condition was
the only difference between the CSAM3 and CSAM2
models. This suggests that prey availability for adult
capelin in the fall before the overwintering period is a
driver of capelin survival. In the Newfoundland re-
gion, capelin diet in the fall and spring is dominated
by Calanus spp. copepods (C. finmarchicus, C. glacia -
lis, and C. hyperboreus) (Dalpadado & Mowbray 2013,
F. Mowbray unpubl. data). However, since 2015 there
has been a shift in the zooplankton community on the
Newfoundland shelf from one dominated by large
bodied copepods like C. finmarchicus to one domi-
nated by medium-sized copepods like Pseudocalanus
spp. (Pepin et al. 2017). This recent change in prey
community composition may have a detrimental effect
on the condition of adult capelin in the fall and, ulti-
mately, on capelin survival. The importance of bot-
tom-up factors (e.g. prey availability) for capelin sur-
vival is consistent with other studies that have shown
forage fish populations are largely driven by bottom-
up forces (Schwartzlose & Alheit 1999, Cury et al.
2000, Vilhjálmsson 2002, Chavez et al. 2003, Alheit &
Niquen 2004, Pikitch et al. 2012, Boldt et al. 2018).

Sea ice extent is projected to decline in the coming
decades due to global climate change (Han et al.
2015) which may cause sea ice to retreat earlier.
Given the well-known influence of sea ice on the
spring bloom and zooplankton population dynamics
(Wu et al. 2007, Wassmann 2011), earlier tice will
likely negatively influence pre-spawning capelin
through match/mis-match dynamics by affecting the
abundance of its prey (Cushing 1990). This may
already be occurring with recent observed changes
in zooplankton phenology in the Newfoundland shelf
ecosystem (Pepin et al. 2017).

While there were signs of a potential recovery in
capelin in 2013−2015 with abundance estimates 25%
of those pre-1991, capelin abundance decreased 70%
in 2017 to levels similar to the late 2000s (DFO 2018).
Although a modest increase in capelin biomass is pre-
dicted by our model for 2018 and 2019, the environ-
mental trends of a changing zooplankton community
and its associated influence on capelin condition, as

well as earlier ice retreat, suggests that declines in
capelin biomass are likely beyond this time frame. In
short, the demographic, morphological, and ecosys-
tem indices relevant to capelin are low, and a precau-
tionary management approach is warranted.

4.2.  Management implications

Fisheries management involves assessing the like-
lihood and impact of different scenarios, especially in
the near-term (Payne et al. 2017, Scales et al. 2017,
Dietze et al. 2018). For improving management of
capelin, this model has a number of desirable fea-
tures. DFO in the Newfoundland region traditionally
holds annual scientific meetings for capelin in March
in order to determine the status of the capelin stock
and to provide advice to the Canadian Federal Fish-
eries Minister on TAC (Fig. 2). One advantage of the
CSAM3 model is that 2 of the 3 explanatory data
series are available for the stock assessment (Table 1).
For the third variable, tice, we can monitor the spring
ice conditions and use a variety of scenarios based on
historical patterns of sea ice retreat to provide advice
on a provisional TAC that can be revised in early
spring (April) when the final estimate of tice is avail-
able. Another advantage is that the CSAM3 model is
robust to modest deviations from the observed values
for tice and fall condition (Fig. 6). The CSAM3 model
also has the desirable feature of underestimating
capelin biomass in the few years when estimates of
biomass are high (Fig. 3A), as seen in 2013 and 2014,
so advice on TAC will be conservative. Finally, the
CSAM3 model can provide an early warning for
years when capelin stock biomass is forecasted to be
low due to a very early ice retreat.

4.3.  Sources of uncertainty

Like most forage fish, capelin are sensitive to envi-
ronmental conditions and, as such, capelin popula-
tions tend to be highly stochastic (process variation;
Pikitch et al. 2012). This process variation is com-
pounded by sampling variation, which is likely high
in the data used to develop the capelin forecast model
due to the incomplete spatial coverages of both the
spring acoustic survey and the larval monitoring pro-
gram. The spring acoustic survey covers the main
capelin nursery area (Div. 3KL; Fig. 1) which encom-
passes a large proportion of, but not the entire distrib-
utional area of the Newfoundland capelin stock (Mow-
bray 2013). Further, the larval monitoring program is

180



Lewis et al.: Forecasting capelin abundance

based at only one inshore area in one bay although
previous research found a high degree of synchrony
of larval emergence at Newfoundland beaches (Frank
& Leggett 1981a, Nakashima 1996). Nevertheless, the
CSAM3 model explains a considerable amount of the
variation in these data for 2 putative reasons. First, in
terms of cohort strength, the physical environment is
important for the early life history of capelin (Leggett
et al. 1984) and oceanographic/climatic conditions
are similar in the nearshore areas along the east coast
of Newfoundland. Second, large-scale environmental
variables on the Newfoundland shelf have been re-
lated to adult capelin mortality (Buren et al. 2014a).
All models tested, however, failed to capture the very
high capelin biomass observed in 2014 and all other
models except CSAM3 failed to capture 2013. Addi-
tional or alternative variables may be needed to
better capture these years.

Alternatively, data that could be included in the
capelin forecast model are phytoplankton bloom
dynamics and production of Calanus spp., which may
be more direct measures of environmental conditions
for capelin rather than using tice as a proxy for pri-
mary and secondary production. We did conduct
extensive exploratory analyses to determine if we
could further refine the tice variable by examining
total sea ice concentration, stage of ice development,
and associated partial concentration, but without
suc cess. We also sought to find a relationship be -
tween tice and sea ice extent (SIE) because statistical
projections for SIE have been developed (Han et al.
2015) with clear advantages from a management per-
spective. However, there was no relationship be -
tween tice and SIE or between SIE and capelin bio-
mass. Finally, top-down forces (i.e. fisheries and
predation) can inter act with bottom-up forces to
drive population dynamics (Essington et al. 2015,
Gjøsæter et al. 2015, Jacobsen & Essington 2018,
Stige et al. 2018), which is an important consideration
for management of a commercial forage fish like
capelin (Gjøsæter et al. 2015). The potential impacts
of fishing and predation mortality should be con-
sidered in future model iterations.

5.  CONCLUSIONS

Sustainability of forage fish stocks is important for
local economies (DFO 2017), and capelin, as a key-
stone forage fish, play a pivotal role in the New-
foundland ecosystem as important food for seabirds,
cod, seals, and whales (Montevecchi 2007, Buren et
al. 2014b, Stenson et al. 2016, J. Lawson & G. Stenson

unpubl. data). Given the depressed state of the New-
foundland capelin stock in the NW Atlantic, robust
tools are required to manage this stock. We showed
that simple proxies for adult mortality (i.e. tice and
fall capelin condition) and cohort strength (i.e. larval
abundance) can explain 68% of the variation in capelin
biomass. The approach we developed can provide
robust scientific advice for fisheries managers and
stakeholders on the projected state of the Newfound-
land capelin stock.
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