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Abstract: Models that incorporate species interactions and their effects on the dynamics of commercially important ﬁsh stocks
are needed to better understand the importance of ecological interactions and to facilitate sustainable ﬁsheries. We developed
a dynamic age-structured population model for the Northeast Arctic stock of Atlantic haddock (Melanogrammus aegleﬁnus) based
on scientiﬁc survey and commercial landings data. Our goal was to investigate climate effects and ecological interactions within
the haddock food web. A Bayesian state-space framework was used to separate information from ecological noise and observation error. Our results indicate signiﬁcant impacts of species interactions on haddock dynamics. Haddock survival was associated
with biomass indices of cod (Gadus morhua) (negative effect) and capelin (Mallotus villosus) (positive effect). The latter may reﬂect
lower predation by predators such as marine mammals at high capelin biomass. We further detect weak density dependence in
the survival of young haddock and a convex relationship between haddock abundance and the scientiﬁc survey indices. Our
ﬁndings highlight the importance of considering natural resources as part of an ecosystem with its diverse interactions both
within and between species. This study shows that it is possible to detect ecological interactions with a population model based
on noisy data.
Résumé : Des modèles qui intègrent les interactions d’espèces et les effets de ces interactions sur la dynamique de stocks de
poissons d’importance commerciale sont nécessaires pour mieux comprendre l’importance des interactions écologiques et
faciliter le maintien de pêches durables. Nous avons mis au point un modèle de population dynamique structuré par l’âge pour
le stock d’aigleﬁns (Melanogrammus aegleﬁnus) du nord-est de l’Arctique reposant sur des données d’évaluations scientiﬁques et de
débarquements commerciaux. L’objectif était d’étudier les effets du climat et les interactions écologiques dans le réseau
trophique des aigleﬁns. Un cadre bayésien d’espace d’états a été utilisé pour séparer l’information du bruit écologique et des
erreurs d’observation. Nos résultats indiquent des effets signiﬁcatifs des interactions interspéciﬁques sur la dynamique des
aigleﬁns. La survie de ces derniers est associée à des indices de biomasse de morues (Gadus morhua) (effet négatif) et de capelans
(Mallotus villosus) (effet positif). Ce dernier effet pourrait reﬂéter une réduction de la prédation par des prédateurs comme les
mammifères marins quand la biomasse de capelans est grande. Nous décelons également une faible dépendance de la survie
des jeunes aigleﬁns à leur densité et une relation convexe entre l’abondance d’aigleﬁns et les indices de suivis scientiﬁques. Nos
résultats soulignent l’importance de considérer les ressources naturelles comme faisant partie d’un écosystème, avec ses
interactions variées tant au sein d’espèces qu’entre elles. L’étude démontre qu’il est possible de détecter des interactions
écologiques avec un modèle de population reposant sur des données bruitées. [Traduit par la Rédaction]

Introduction
The recent focus on an ecosystem approach to ﬁsheries management recognizes that species do not exist in isolation, but as
part of larger food webs with complex ecological interactions
(Pikitch et al. 2004; Mangel and Levin 2005). Population dynamics
models traditionally incorporate only intrinsic effects such as
density-dependent processes (Quinn and Collie 2005). However, population dynamics are not only intrinsically determined, but depend
on species interactions (Tyrrell et al. 2011) and bottom-up climate
effects (Hare et al. 2010). An appreciation of the importance of ecological interactions is necessary to understand the potentially cascading consequences of single-species management decisions (Tyrrell
et al. 2011) as well as to generate realistic scenarios under environmental change (Hare et al. 2010). Estimating these effects is difﬁcult,
because species interactions may vary with time and space (Lehodey

et al. 2008; Kempf et al. 2010) and because the available data are
associated with observation error. Furthermore, to detect interactions between species, one may need to incorporate different lifehistory stages of the interacting organisms, because most species
undergo ontogenetic shifts in diet and (or) habitat that alter predatory and competitive interactions. Therefore, models that accurately
describe a species life cycle are particularly useful, as they increase
the probability of detecting ecological interactions such as predation
effects that affect speciﬁc life stages. Dynamic life-cycle models also
propagate information and uncertainty about effects on one life
stage to processes affecting other life stages (Maunder and Deriso
2011).
State-space models provide a framework for ﬁtting complex models of ecological processes to noisy data (e.g., Rivot et al 2004;
de Valpine and Hastings 2002; Dennis et al. 2006). State-space popu-
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lation models are composed of two sets of equations, one set describing the true population dynamics and another describing the
observations of these dynamics. This allows the incorporation of
both process noise, that is, stochasticity in the population dynamics, and observation error due to inaccurate measurement or reporting. Accounting for observation error is important and allows
for more accurate parameter estimation (Calder et al. 2003; Knape
and de Valpine 2012). The state-space approach can also handle
environmental covariates (e.g., Maunder and Watters 2003) to increase realism in stock–recruitment models and more generally
in ﬁsheries stock assessment and management (Kuparinen et al.
2012). While state-space models are ﬁnding increased use in ﬁsheries
applications (e.g., Millar and Meyer 2000; Maunder and Deriso 2011;
Fleischman et al. 2013), relatively few examples exist of using such an
approach to detect age-dependent species interactions (but see Swain
et al. 2009 and Mäntyniemi et al. 2013).
In this study, we constructed a state-space population model for
the Northeast Arctic (NEA) haddock (Melanogrammus aegleﬁnus), a
commercially important ﬁsh stock that has been exploited for
decades (ICES 2013). NEA haddock inhabit the Norwegian and
Barents seas (Bergstad et al. 1987). Spawning occurs around March
and April along the Norwegian coast (Olsen et al. 2010). Eggs and
larvae develop while drifting northeastward into the Barents Sea,
where the juveniles settle and feed until reaching maturity, when
the ﬁsh start performing their annual spawning migrations between the Barents and Norwegian seas. Larval and juvenile haddock feed mostly on planktonic organisms, while older haddock
switch to benthic crustaceans and other ﬁsh species (Albert 1994;
Burgos and Mehl 1987). Haddock are preyed upon by birds, marine
mammals, and larger ﬁsh predators (Planque et al. 2014). Based on
stomach content data, cod (Gadus morhua) are known to prey on
ages 0–3 haddock (ICES 2013).
We use a state-space model to assess the importance of interacting
species as well as the effects of changes in climate (i.e., temperature)
and compensatory density dependence for haddock population dynamics. Speciﬁcally, we investigate whether interactions with capelin (Mallotus villosus) and cod, two of the most abundant species in this
ecosystem, affect haddock dynamics through direct or indirect effects on haddock survival. Indirect effects may occur, for instance,
through shared predators or prey species. Ultimately, we aim to test
whether the state-space approach can disentangle information from
noise in a multispecies system and detect ecological interactions and
their effects on population abundances.

Methods
Data sources
The International Council for the Exploration of the Sea (ICES),
through the Arctic Fishery Working Group, performs annual stock
assessments for Arctic ﬁsh stocks, including NEA haddock. Most of
the data used herein come from the 2013 report (ICES 2013). From
ICES, we obtained time series of age-speciﬁc commercial landings
from 1980 to 2012, as well as mass-at-age and maturity-at-age data.
We also used survey indices for ages 1–7 from the Joint Barents Sea
Bottom Trawl Survey, conducted in winter (Jakobsen et al. 1997).
Age 0 haddock indices were obtained from the international pelagic
0-group surveys in the Barents Sea (Dingsør 2005). Temperature records (1980–present) were obtained from the Kola meridian transect,
a good indicator of the thermal conditions in the Barents Sea
(Dippner and Ottersen 2001). Mean winter (December to April) values
were calculated by averaging along the transect and vertically from 0
to 200 m water depth (values provided by Knipovich Polar Research
Institute of Marine Fisheries and Oceanography (PINRO): www.
pinro.ru). This temperature is linked to the inﬂow of warm Atlantic
water to the Barents Sea (Skagseth et al. 2008) and the advection of
zooplankton prey for young haddock (Ottersen and Stenseth
2001).
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The state-space model
We model a complex life cycle with stochasticity in the population dynamics while accounting for errors in the observations. We
therefore constructed a state-space model, which is composed of
two parts: the process model describing the process of interest
(hidden state), here the population dynamics, and the observation
model describing the link between the hidden state and our observations (the data). In the following sections we will refer to
landings and survey indices as observations, given by ICES (2013).
The state variables refer to the “true” numbers that are estimated
by the model (i.e., the catch-at-age and the population numbers).
We built an age-structured model with age-classes 0 to 13 and a
plus-group with all ﬁsh age 14 and older. We note Na,y as the number
of ﬁsh at age a in the year y and Za,y as its mortality rate:
(1)

Na⫹1,y⫹1 ⫽ Na,y exp(⫺Za,y)

We decomposed the mortality into a natural mortality term Ma,y
and a ﬁshing mortality term Fa,y:
(2)

Za,y ⫽ Ma,y ⫹ Fa,y

We further decomposed the natural mortality into a ﬁxed term,
a density-dependent term, a cod predation term, and a capelinrelated term. We used a Beverton–Holt relationship for density dependence as done in Ohlberger et al. (2014). We linked covariates
(biomass of cod ages 3 to 6 and capelin stock biomass from ICES
(2013)) to haddock mortality Ma,y through an exponential relationship. Previous approaches to modeling predator–prey relationships
in age-structured models include simple log-linear functions with
predator or prey biomass as covariates (e.g., Deriso et al. 2008;
Maunder and Deriso 2011) and data-rich formulations requiring detailed stomach content data and information on species and size
preferences. To be able to detect direct as well as indirect species
interactions, we treated cod and capelin biomass indices as ecological covariates. We used an exponential relationship because it respects the constraint of keeping the mortality above zero and is
approximated by a linear relationship close to zero. A constant ␦a
allows for an unbiased estimate of the mean mortality (Maunder and
Watters 2003). With ma being the age-speciﬁc ﬁxed mortality, Da the
age-speciﬁc density-dependent term, ga the age-speciﬁc cod predation term, Gy the biomass of ages 3–6 cod, ba the age-speciﬁc capelinrelated term, By the capelin biomass, and Y the number of years of
data, we get
(3)

Ma,y ⫽ ma exp(␦a ⫹ gaGy ⫹ baBy) ⫹ ln(1 ⫹ DaNa,y)

(4)

␦a ⫽

兺

Y
y

exp(gaGy ⫹ baBy)

In this equation we assume that density dependence occurs
before the process represented by the covariates. Density dependence in survival was assumed to be negligible for age 4 and older
ﬁsh, as older age-classes are subject to increasing ﬁshing mortality.
Predation was also assumed to be negligible for ages 4+ because the
main predators of haddock generally prey on smaller individuals
(Bogstad et al. 2015). The ﬁshing mortality Fa,y is decomposed as in
Aanes et al. (2007) into (i) an age-speciﬁc selectivity term fa, for age 3
and older haddock, (ii) a year-speciﬁc term ey, which follows a random walk with variance F2 to be estimated, and (iii) a random term
2
.
independent of year and age with a mean of 0 and a variance of W
2
is added so that the expected value is
A correction factor of ⫺0.5W
equal to the mean of the distribution.
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冉

(5)

ln(Fa,y) ⬃ N ln(f a) ⫹ ey ⫺

(6)

ey⫹1 ⬃ N共ey, F2兲

冊

2
W
2
, W
2

mean so that the expected value of landings is equal to the mean
catches given by eq. 11.

(13)

The number of juveniles (N0,y) born each year was obtained by
a stochastic stock–recruitment relationship. Spawning stock biomass (Sy) was calculated as the total biomass of mature ﬁsh. We
used age-speciﬁc mass-at-age (wa,y) and proportion of mature ﬁsh
at age (a,y) from ICES (2013). The mean number of juveniles was
calculated using estimates of fecundity in number of eggs per gram
and mortality from eggs to 0-group. We assumed that N0,y is lognormally distributed around the mean number. N0,y was further considered to depend on temperature according to an exponential
relationship. With 2 being the variance of this distribution (i.e., the
process error),  the mean fecundity, ⫺0.52 a correction factor, T
the temperature-dependent factor, T̄ the mean temperature from
December to February, ␦T a correction factor to have unbiased mean
fecundity, and me the mortality during the period from egg to
0-group survey, we get

兺w

a,ya,yNa,y

(7)

Sy ⫽

(8)

ˉ 兲兴
y ⫽  exp关␦T ⫹ T共Ty ⫺ T

(9)

␦T ⫽

(10)

a

兺

Y
y

ˉ 兲兴
exp关T共Ty ⫺ T

冉

ln(N0,y) ⬃ N ln[Syy exp(⫺me)] ⫺

冊

2 2
,
2 

The catch-at-age numbers (Ca,y) were obtained by calculating the
part of the population removed by ﬁshing according to the Baranov catch equation (Quinn and Deriso 1999).
(11)

Ca,y ⫽

Fa,y
N [1 ⫺ exp(⫺Fa,y ⫺ Ma,y)]
Fa,y ⫹ Ma,y a,y

These catches were compared with the landings reported by
ICES (2013). The ﬁshing ﬂeet targets haddock of age 3 and older.
We have two types of observations for estimating the model parameters. Firstly, we have survey indices for ages 0 to 7, which are
assumed to be log-normally distributed around a power function
of the population numbers-at-age. We assume the following notations and equation: Ia,y is the abundance index for age a and year y,
given in number of ﬁsh; qa is the catchability at age a scaling the
indices to the population numbers; ␣a is the nonlinearity factor of
the relationship between age-speciﬁc survey catches and estimated
abundances. Such nonlinearity in the survey is also used in current
assessments for age 3 and older haddock (ICES 2013). I2 is the
variance of the distribution, also called observation error, and
⫺0.5I2 is a correction factor.
(12)

冉

␣a
ln(Ia,y) ⬃ N ln共qaNa,y
兲⫺

冊

I2 2
,
2 I

Secondly, we have age-speciﬁc landings La,y, which are also assumed to be log-normally distributed around the true catches Ca,y
with a variance of C2 . A correction factor of ⫺0.5C2 is added to the

1

冉

ln(La,y) ⬃ N ln(Ca,y) ⫺

冊

C2 2
,
2 C

Priors and parameters values
We used log-normal priors for mortalities. Mean values were 0.2
for age 4+ mortality rates (with a common mortality parameter, m4+),
as is commonly used in stock assessments (ICES 2013), 0.25 for age 3,
0.4 for age 2, 1.65 for age 1, and 2.0 for age 0, as used for the North Sea
haddock stock (Jones and Shanks 1990). Concerning the egg and
larval stages, we used literature values for daily survival (Langangen
et al. 2014; Lough et al. 2006; Mountain et al. 2008). We also set the
number of days spent in each stage according to Langangen et al.
(2014) and Lough et al. (2006). The haddock fecundity was set according to histological analyses of mature ﬁsh (Hislop 1988). These values
then determine the mean recruitment. The parameters controlling
age 0 recruitment (fecundity, juvenile mortality) could not be estimated in the model along with the process error. Predation and
temperature coefﬁcients were given wide normal priors. Parameters
governing the degree of nonlinearity in the survey (␣a), observation
errors, and process errors were given weakly informative uniform
priors. Fishing ﬂeet selectivity, catchabilities, and the ﬁrst year population numbers follow log-normal distributions. All of the priors are
summarized in the online supplementary material, Table S11.
Parameter estimation
To estimate the model parameters, we used JAGS (version 3.4.0
Plummer 2013) called from the R statistical platform (version 3.0.2;
R Core Team 2015) using the R2jags package (Su and Yajima 2015). JAGS
is a cross-platform program for Bayesian model analysis. Given a
prior distribution for each parameter, samples from the posterior
distributions of the parameters are obtained through Markov
chain Monte Carlo (MCMC) simulations. To minimize the inﬂuence of starting values, we kept samples only after a certain number of iterations. After that, the Markov chain was thinned to
avoid autocorrelation. We repeated this process three times and
compared the chains to conﬁrm that the model had converged
and that convergence was global. Chains were run for 750 000
iterations and initialized with random numbers drawn from the
prior distribution. The ﬁrst 500 000 iterations were discarded as
the burn-in, and the following 250 000 were thinned by keeping
every 250th sample. This gave a total of 3000 samples from the
posterior distribution, 1000 from each chain.

Results
Density-dependent survival was detected for age 0 haddock,
while estimates for older age-classes had larger uncertainties. As
this parameter, Da, has to be positive, we could not directly test
whether the estimates were signiﬁcantly different from 0. Instead
we examined whether it had a notable effect on natural mortality.
Natural mortality has three components: (i) background mortality,
(ii) predation mortality, and (iii) density-dependent mortality. Thus,
we tested whether the third term was important compared with the
other two. A graphical assessment (Fig. 1) indicates that the densitydependent term was not important for ages 1 to 3 but appears quite
important for age 0 (see also Fig. S11).
Cod predation was clearly estimated and signiﬁcant for age 0
haddock (ga; Fig. 2a). Higher cod numbers correspond to higher
age 0 haddock mortality, suggesting an effect of cod predation on
young haddock. It was also possible to estimate the capelin coefﬁcient (ba; Fig. 2b). While an effect of capelin biomass on age 0

Supplementary data are available with the article through the journal Web site at http://nrcresearchpress.com/doi/suppl/10.1139/cjfas-2015-0004.
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Fig. 1. Density dependence in juvenile haddock. Circles correspond to the model-estimated mortality in relation to the mean number of
haddock estimated in the model. Solid line is the contribution of density dependence to the mortality, as estimated in the model, with
90% credible intervals represented by dashed lines.

Fig. 2. (a) Posterior mean and 90% credible intervals for ga, the age-speciﬁc effect of cod biomass (ages 3–6) on haddock mortality. (b) Posterior
mean and 90% credible intervals for ba, the age-speciﬁc effect of capelin biomass on haddock mortality.

haddock was not detected, the coefﬁcients for ages 1 to 3 were signiﬁcantly different from zero. Ages 1 to 3 coefﬁcients were negative,
meaning that higher capelin biomass is associated with lower mortality in haddock. This suggests either a direct effect of haddock
predation on capelin or an indirect effect of capelin on haddock
mortality via predation by cod and (or) marine mammals. The magnitude of the capelin and cod effects on haddock mortality is shown
in Fig. 3. Although the relationship in eq. 3 is nonlinear, the estimated effects are close to linear. Over the range of cod biomass
experienced through the study period, age 0 haddock annual survival rate changed by 0.35 (90% credible interval: 0.15–0.56). Capelin
biomass variation changed haddock annual survival rate by 0.21 for
age 1 (0.08–0.37), by 0.27 for age 2 (0.10–0.43), and by 0.20 for age 3
(0.05–0.34). In comparison, density dependence for age 0 haddock
changed by 0.07 (90% credible interval: 10−4–0.19) over the range of
population density observed. Estimates of cod and capelin terms
using a linear rather than exponential model resulted in similar
estimated magnitudes of effects (Fig. S81). In addition, we detected a

signiﬁcant positive effect of temperature on juvenile survival
(Fig. 4a). Models including additional species interactions affecting older (ages 4+) haddock did not converge, likely due to strong
parameter correlations.
Most parameters are not correlated, while few show rather strong
2
, the random error in ﬁshing mortality,
correlations (see Fig. S31). W
and C2, the observation error for catches, are strongly negatively
cov共W, C兲
correlated (with a correlation coefﬁcient (
) lower than
CW
2
–0.6). W
is unexplained variability in ﬁshing mortality, while C2
is observation error in landings (i.e., the difference between observed (La,y) and true (Ca,y) harvest). The model cannot determine
whether some part of the variability of La,y is observation error (corresponding to a higher C2) or a ﬁshing mortality signal (correspond2
). Posterior distributions for natural moralities
ing to a higher W
differed slightly from the priors (see Fig. S11). Age 0 mortality was
estimated slightly higher than 2, while mean estimates for ages 1, 2,
Published by NRC Research Press
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Fig. 3. (a) Magnitude of the effect of cod biomass on haddock age 0 annual survival rate, calculated using MCMC samples for cod and capelin effect,
accounting for a median biomass of capelin and sampling the median for m0. (b–d) Magnitude of the effect of capelin biomass on haddock age 1 (b),
2 (c), and 3 (d) annual survival rate, calculated using MCMC samples for cod and capelin effect, accounting for a median biomass of cod and sampling
the median for ma. Dashed lines represent 90% credible intervals. Density dependence is not accounted for in those calculations.

Fig. 4. (a) Posterior mean and 90% credible intervals for T, the coefﬁcient describing the effect of temperature on age 0 haddock. (b) Relationship
between the mean number of age 0 haddock estimated by the model and temperature.

3, and 4+ varied from 0.15 to 0.33. Age 0 mortality was correlated with
age 0 survey parameters (q0 and ␣0) and the density-dependent parameter D0. Age 4+ mortality showed strong correlation with the
selectivities, indicating that the model is not able to fully discriminate between natural and ﬁshing mortality.
The model estimates a nonlinearity in survey indices (Fig. 5). Nonlinearity was detected in all ages apart from age 0 haddock and was
particularly strong in older age-classes. All ␣a are signiﬁcantly different from 1, except ␣0, whose estimate is close to 1. However, the ␣a
terms were negatively correlated with the age-speciﬁc catchabilities q0 (see Fig. S31). Time series of biomass for haddock, cod, and
capelin, additional model diagnostics, and results can be found in
the supplementary material (Table S2; Figs. S1–S81).

Discussion
The state-space approach allowed us to incorporate ecological
interactions and climate effects into a dynamic age-structured population model based on data from both commercial landings and
scientiﬁc surveys. The process part of the model indicates that
trophic interactions strongly affect the haddock dynamics. We
found a negative effect of cod biomass (ages 3–6) on the survival of
age 0 haddock, a positive effect of capelin biomass on the survival
of older (ages 1–3) haddock age-classes, and intraspeciﬁc density
dependence in haddock.
The model suggests a positive trend of higher recruitment with
increasing temperature (Fig. 4a), in line with previous work (Stige
et al. 2010; Dingsør et al. 2007). A comparison of historical temPublished by NRC Research Press
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Fig. 5. Nonlinearity in survey indices. The 90% credible intervals are
plotted around the mean of the posterior distribution. The dashed
line shows linear expectation (␣ = 1).

peratures with model-estimated age 0 abundance shows that at
low temperature, recruitment has always been low to intermediate,
whereas at high temperature both intermediate and high recruitment have occurred (Fig. 4b). Warm temperatures thus seem necessary but not sufﬁcient for high recruitment, as has been previously
suggested by Ottersen and Loeng (2000). The positive effect of temperature on age 0 recruitment could reﬂect direct effects of temperature on growth rates, thus reducing the duration of time in
vulnerable early life stages, or increased production of zooplankton prey due to water inﬂux from the Norwegian Sea. Incorporating the temperature effect slightly decreased the process-error
variance; however, most of the variability in the spawning process
and egg and larval survival remains unexplained. Haddock biomass dynamics are driven by a few strong year classes (Fogarty
et al. 2001), which are important for the haddock ﬁshery, and
according to our results are unlikely to occur under cold conditions.
We found evidence for compensatory density dependence in
juvenile haddock. Compensatory density dependence occurs when
survival rate (or individual growth rate) decreases with increasing
population abundance. The mortality rate of age 0 haddock was
found to increase with population numbers, thus limiting population growth (Fig. 1a). Although density dependence was weak for
age 0, accounting for observation error makes this estimate more
reliable compared with classical correlation analysis (Knape and
de Valpine 2012). Density-dependent survival in juvenile haddock has
already been shown by previous work, suggesting that it occurs only
at high temperature (Dingsør et al. 2007; Stige et al. 2010). Moreover,
available mass and maturity data from ICES (2013) suggest that haddock show density-dependent growth and maturation (Fig. 6). More
abundant cohorts have a lower proportion of mature ﬁsh and a lower
mass. Taken together, these results suggest that density dependence
in survival occurs primarily at age 0, while older age-classes experience density-dependent growth.
We showed that both cod predation and capelin biomass are
important for haddock population dynamics. We used ages 3 to 6
cod biomass to represent cod predation on haddock, because these
are the most abundant cod age-classes that may prey on young haddock. While we use age-classes to characterize these predator–prey
relationships, we acknowledge that such trophic interactions primarily depend on the sizes of interacting individuals (de Roos and
Persson 2013), although age-dependent habitat shifts that affect spatial overlap with predators are likely also important for young haddock (Olsen et al. 2010). Furthermore, we used the biomass of cod and
capelin in our model because biomass data are easier to obtain than
stomach content data and can be used more generally to identify
species interactions. Stomach content data may be more accurate, as
they include temporal changes in diet, but they have other limitations; identiﬁcation of diet content is often difﬁcult and scaling to
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Fig. 6. Density-dependent growth, shown as (a) the relationship
between mass at age 3 and estimated age 3 abundance, and (b) the
relationship between the probability of being mature at age 3 and
estimated age 3 abundance. Data for maturity and mass-at-age are
from ICES (2013). Age 3 abundances are model estimates.

population size can be problematic because of extensive spatial variability.
Marine mammals of the Barents Sea such as minke whales
(Balaenoptera acutorostrata) and harp seals (Pagophilus groenlandicus)
are known to prey on haddock (Haug et al. 1995), and there is some
indication of a diet change of these mammals in years when the
capelin stock is low (i.e., a switch from capelin to other food sources
such as gadoids, including haddock; Bogstad et al. 2000, 2015; Haug
et al. 2002). The same shift is known to occur in cod diets with older
cod preying on young cod, and possibly young gadoids in general,
when there are fewer capelin (Hjermann et al. 2007; Lindstrøm et al.
2009). Durant et al. (2014) suggest that the cod diet depends on the
abundance of capelin, and the same has been shown for the diet of
harp seals (Bogstad et al. 2015). The negative relationship we observe
between capelin biomass and haddock mortality (ages 1–3) is therefore likely to reﬂect prey switching by cod or marine mammal predators. However, note that we did not detect a direct effect of cod
biomass on mortality of these haddock age-classes. The effect is unlikely to represent predation of capelin by haddock, because haddock prefer shellﬁsh and other benthic organisms (Dolgov 2009).
Haddock have a low consumption of capelin, with a mean proportion of 10% capelin in their diet. The lack of an effect on age 0 haddock could reﬂect size-selective predation or differences in spatial–
temporal overlap between predators and prey.
Accounting for species interactions is important for an ecosystembased approach to ﬁsheries (Pikitch et al. 2004). For instance, ﬁsheries may exert asymmetric pressure on an ecosystem by targeting
speciﬁc life stages of a species or by removing a predator but not its
prey (or vice versa), thereby altering food-web dynamics. However,
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identifying ecological interactions and their consequences on population dynamics remains challenging. Environmental variability interacting with complex trophic interactions, such as when different
predators prey on different prey life stages, blurs predation signals in
biomass time series data (Oken and Essington 2015). Furthermore,
the spatio-temporal overlap of predator and prey distributions may
change through time (Kempf et al. 2010), and characterizing this
overlap requires detailed distribution data that are difﬁcult to obtain. Despite these masking effects, our results indicate that both
direct and indirect trophic interactions may be detected in time series data using age-structured models, which offer the advantage of
characterizing food-web interactions by life stage. Such an approach
is recommended when detailed landings and (or) survey data are
available.
This study shows that it is possible to estimate covariate effects
on populations while taking into account observation and process
noise. Few studies have tried to incorporate covariates in agestructured state-space models (but see Deriso et al. 2008; Maunder
and Watters 2003; Mäntyniemi et al. 2013), although this approach
seems to be a good compromise among model complexity, biological realism, and observation error estimation. Here we focus on
the impact of species interactions on a single species by looking
at how these covariates might affect variability in biological
rates. We did not, however, attempt to build a fully multispecies
state-space model that would allow feedbacks between species
and permit a more integrated modeling of the community. An alternative approach, as done by Lindegren et al. (2009) with a multivariate autoregressive (MAR(1)) model (Ives et al. 2003), is to model
biomass dynamics instead of age-structured dynamics. While this
approach eases estimation, it may fail to detect age-speciﬁc interactions. An age-structured, multispecies approach would require detailed knowledge about the underlying functional responses as well
as sufﬁcient information on each species to ﬁrst build complete
single-species models (New 2010). Constructing a dynamic, multispecies, age-structured model remains an avenue for future research.
Concerning the observation part of the model, our ﬁndings
indicate nonlinearity of the survey indices. The coefﬁcients were
estimated signiﬁcantly different from a linear relationship, and
running the model without the nonlinearity led to unrealistically
high spawning stock biomass. This nonlinear relationship could
be explained by aggregative behavior of gadoids at higher density.
Such behaviour has been shown using video observation during
trawling (Godø et al. 1999); however, the link between the aggregative response and the population size remains poorly studied.
The nonlinearity of the survey indices is consistent with the current stock assessment of NEA haddock (ICES 2013). Age 0 survey
indices did not show any nonlinearity. This could be explained by
a different behavior of age 0 haddock or by the fact that they are
obtained from a different survey.
In conclusion, our results show that it is possible to detect agedependent ecological interactions with a population model based on
noisy data. Among the species interactions found for the NEA haddock population, one of the most important was the effect of capelin
biomass, which suggests that predators such as marine mammals
shift their diet from capelin to haddock when capelin biomass is low,
thus affecting interannual variation in haddock abundance. Our
model allowed us to estimate direct and indirect interspeciﬁc interactions along with intraspeciﬁc density dependence. Competition
among haddock, in addition to predation by cod, was found to affect
the survival of age 0 haddock. This study thus demonstrates complex ecological interactions among multiple predator–prey systems
within the same food web, highlighting the importance of an
ecosystem-based approach to ﬁsheries management.

Acknowledgements
We thank Øystein Langangen for his help with nonlinearity in
survey indices. Geir Ottersen and Joël Durant provided insightful
comments on previous versions of this manuscript. We further

7

thank staff and scientists at PINRO for the temperature records of
the Kola section. These analyses largely beneﬁted from the Montpellier Bioinformatics Biodiversity computing cluster platform.
This work was supported by VISTA, a basic research program funded
by Statoil and conducted in collaboration with The Norwegian Academy of Science and Letters. L.A.R. acknowledges support from the
Norden Top-level Research Initiative subprogram “Effect Studies and
Adaptation to Climate Change” through the Nordic Centre for Research on Marine Ecosystems and Resources under Climate Change.

References
Aanes, S., Engen, S., Sæther, B.-E., and Aanes, R. 2007. Estimation of the parameters of ﬁsh stock dynamics from catch-at-age data and indices of abundance:
can natural and ﬁshing mortality be separated? Can. J. Fish. Aquat. Sci. 64(8):
1130–1142. doi:10.1139/f07-074.
Albert, O.T. 1994. Ecology of haddock (Melanogrammus aegleﬁnus L.) in the Norwegian Deep. ICES J. Mar. Sci. 51(1): 31–44. doi:10.1006/jmsc.1994.1004.
Bergstad, O.A., Jørgensen, T., and Dragesund, O. 1987. Life history and ecology of
the gadoid resources of the Barents Sea. Fish. Res. 5(2): 119–161. doi:10.1016/
0165-7836(87)90037-3.
Bogstad, B., Haug, T., and Mehl, S. 2000. Who eats whom in the Barents Sea?
NAMMCO Sci. Publ. 2: 98–119. doi:10.1890/13-1062.1.
Bogstad, B., Gjøsæter, H., Haug, T., and Lindstrøm, U. 2015. A review of the battle
for food in the Barents Sea: cod vs. marine mammals. Fr. Ecol. Evol. 3: 29.
doi:10.3389/fevo.2015.00029.
Burgos, G., and Mehl, S. 1987. Diet overlap between North-East Arctic cod and
haddock in the southern part of the Barents Sea in 1984–1986. ICES CM
1987/G:50.
Calder, C., Lavine, M., Müller, P., and Clark, J.S. 2003. Incorporating multiple
sources of stochasticity into dynamic population models. Ecology, 84(6):
1395–1402. doi:10.1890/0012-9658(2003)084[1395:IMSOSI]2.0.CO;2.
De Roos, A.M., and Persson, L. 2013. Population and community ecology of
ontogenetic development. Princeton University Press.
de Valpine, P., and Hastings, A. 2002. Fitting population models incorporating
process noise and observation error. Ecol. Monogr. 72(1): 57–76. doi:10.1890/
0012-9615(2002)072[0057:FPMIPN]2.0.CO;2.
Dennis, B., Ponciano, J.M., Lele, S.R., Taper, M.L., and Staples, D.F. 2006. Estimating density dependence, process noise, and observation error. Ecol. Monogr.
76(3): 323–341. doi:10.1890/0012-9615(2006)76[323:EDDPNA]2.0.CO;2.
Deriso, R.B., Maunder, M.N., and Pearson, W.H. 2008. Incorporating covariates
into ﬁsheries stock assessment models with application to Paciﬁc herring.
Ecol. Appl. 18(5): 1270–1286. doi:10.1890/07-0708.1. PMID:18686586.
Dingsør, G.E. 2005. Estimating abundance indices from the international
0-group ﬁsh survey in the Barents Sea. Fish. Res. 72(2): 205–218. doi:10.1016/
j.ﬁshres.2004.11.001.
Dingsør, G.E., Ciannelli, L., Chan, K.-S., Ottersen, G., and Stenseth, N.C. 2007.
Density dependence and density independence during the early life stages of
four marine ﬁsh stocks. Ecology, 88(3): 625–634. doi:10.1890/05-1782. PMID:
17503591.
Dippner, J.W., and Ottersen, G. 2001. Cod and climate variability in the Barents
Sea. Clim. Res. 17: 73–82. doi:10.3354/cr017073.
Dolgov, A.V. 2009. Trophic structure of the Barents Sea ﬁsh assemblage with
special reference to the cod stock recoverability. Prog. Oceanogr. 81(1–4):
165–173. doi:10.1016/j.pocean.2009.04.009.
Durant, J.M., Skern-Mauritzen, M., Krasnov, Y.V., Nikolaeva, N.G., Lindstrøm, U.,
and Dolgov, A. 2014. Temporal dynamics of top predators interactions in
the Barents Sea. PloS ONE, 9(11): e110933. doi:10.1371/journal.pone.0110933.
PMID:25365430.
Fleischman, S.J., Catalano, M.J., Clark, R.A., and Bernard, D.R. 2013. An agestructured state-space stock–recruit model for Paciﬁc salmon (Oncorhynchus
spp.). Can. J. Fish. Aquat. Sci. 70(3): 401–414. doi:10.1139/cjfas-2012-0112.
Fogarty, M.J., Myers, R.A., and Bowen, K.G. 2001. Recruitment of cod and haddock in the North Atlantic: a comparative analysis. ICES J. Mar. Sci. 58(5):
952–961. doi:10.1006/jmsc.2001.1108.
Godø, O., Walsh, S., and Engäas, A. 1999. Investigating density-dependent catchability in bottom-trawl surveys. ICES J. Mar. Sci. 56(3): 292–298. doi:10.1006/
jmsc.1999.0444.
Hare, J.A., Alexander, M.A., Fogarty, M.J., Williams, E.H., and Scott, J.D. 2010.
Forecasting the dynamics of a coastal ﬁshery species using a coupled climatepopulation model. Ecol. Appl. 20(2): 452–464. doi:10.1890/08-1863.1.
Haug, T., Gjøsæter, H., Lindstrøm, U., and Nilssen, K.T. 1995. Diet and food
availability for northeast Atlantic minke whales (Balaenoptera acutorostrata),
during the summer of 1992. ICES J. Mar. Sci. 52(1): 77–86. doi:10.1016/10543139(95)80017-4.
Haug, T., Lindstrøm, U., and Nilssen, K.T. 2002. Variations in minke whale
(Balaenoptera acutorostrata) diet and body condition in response to ecosystem changes in the Barents Sea. Sarsia, 87(6): 409–422. doi:10.1080/
0036482021000155715.
Hislop, J.R.G. 1988. The inﬂuence of maternal length and age on the size and
weight of the eggs and the relative fecundity of the haddock, Melanogrammus
Published by NRC Research Press

Pagination not final (cite DOI) / Pagination provisoire (citer le DOI)

Can. J. Fish. Aquat. Sci. Downloaded from www.nrcresearchpress.com by Rémi Patin on 02/29/16
For personal use only.

8

aegleﬁnus, in British waters. J. Fish Biol. 32(6): 923–930. doi:10.1111/j.1095-8649.
1988.tb05435.x.
Hjermann, D.Ø., Bogstad, B., Eikeset, A.M., Ottersen, G., Gjøsæter, H., and
Stenseth, N.C. 2007. Food web dynamics affect Northeast Arctic cod recruitment. Proc. R. Soc. B Biol. Sci. 274(1610): 661–669. doi:10.1098/rspb.2006.0069.
ICES. 2013. Report of the Arctic Fisheries Working Group (AFWG), 18–24 April
2013. ICES CM 2013/ACOM:05. ICES Headquarters, Copenhagen, Denmark.
Ives, A.R., Dennis, B., Cottingham, K.L., and Carpenter, S.R. 2003. Estimating
community stability and ecological interactions from time-series data. Ecol.
Monogr. 73(2): 301–330. doi:10.1890/0012-9615(2003)073[0301:ECSAEI]2.0.CO;2.
Jakobsen, T., Korsbrekke, K., Mehl, S., and Nakken, O. 1997. Norwegian combined acoustic and bottom trawl surveys for demersal ﬁsh in the Barents Sea
during winter. ICES CM 1997/Y:17. ICES.
Jones, R., and Shanks, A.M. 1990. An estimate of natural mortality for North Sea
haddock. ICES J. Mar. Sci. 47(1): 99–103. doi:10.1093/icesjms/47.1.99.
Kempf, A., Dingsør, G.E., Huse, G., Vinther, M., Floeter, J., and Temming, A. 2010.
The importance of predator-prey overlap: predicting North Sea cod recovery
with a multispecies assessment model. ICES J. Mar. Sci. 67(9): 1989–1997.
doi:10.1093/icesjms/fsq114.
Knape, J., and de Valpine, P. 2012. Are patterns of density dependence in the
Global Population Dynamics Database driven by uncertainty about population abundance? Ecol. Lett. 15(1): 17–23. doi:10.1111/j.1461-0248.2011.01702.x.
PMID:22017744.
Kuparinen, A., Mäntyniemi, S., Hutchings, J.A., and Kuikka, S. 2012. Increasing
biological realism of ﬁsheries stock assessment: towards hierarchical Bayesian methods. Environ. Rev. 20(2): 135–151. doi:10.1139/a2012-006.
Langangen, Ø., Stige, L.C., Yaragina, N.A., Vikebø, F.B., Bogstad, B., and Gusdal, Y.
2014. Egg mortality of northeast Arctic cod (Gadus morhua) and haddock (Melanogrammus aegleﬁnus). ICES J. Mar. Sci. 71(5): 1129–1136. doi:10.1093/icesjms/
fst007.
Lehodey, P., Senina, I., and Murtugudde, R. 2008. A spatial ecosystem and populations dynamics model (SEAPODYM). Modeling of tuna and tuna-like populations. Prog. Oceanogr. 78(4): 304–318. doi:10.1016/j.pocean.2008.06.004.
Lindegren, M., Möllmann, C., Nielsen, A., and Stenseth, N.C. 2009. Preventing
the collapse of the Baltic cod stock through an ecosystem-based management
approach. Proc. Natl. Acad. Sci. U.S.A. 106(34): 14722–14727. doi:10.1073/pnas.
0906620106. PMID:19706557.
Lindstrøm, U., Smout, S., Howell, D., and Bogstad, B. 2009. Modelling multispecies interactions in the Barents Sea ecosystem with special emphasis on
minke whales and their interactions with cod, herring and capelin. Deep Sea
Res. II Top. Stud. Oceanogr. 56(21–22): 2068–2079. doi:10.1016/j.dsr2.2008.11.
017.
Lough, R.G., Hannah, C.G., Berrien, P., Brickman, D., Loder, J.W., and
Quinlan, J.A. 2006. Spawning pattern variability and its effect on retention,
larval growth and recruitment in Georges Bank cod and haddock. Mar. Ecol.
Prog. Ser. 310: 193–212. doi:10.3354/meps310193.
Mangel, M., and Levin, P.S. 2005. Regime, phase and paradigm shifts: making
community ecology the basic science for ﬁsheries. Philos. Trans. R. Soc. B
Biol. 360(1453): 95–105. doi:10.1098/rstb.2004.1571.
Mäntyniemi, S., Uusitalo, L., Peltonen, H., Haapasaari, P., Kuikka, S., and
Hilborn, R. 2013. Integrated, age-structured, length-based stock assessment
model with uncertain process variances, structural uncertainty, and environmental covariates: case of Central Baltic herring. Can. J. Fish. Aquat. Sci.
70(9): 1317–1326. doi:10.1139/cjfas-2012-0315.
Maunder, M.N., and Deriso, R.B. 2011. A state-space multistage life cycle model to
evaluate population impacts in the presence of density dependence: illustrated with application to delta smelt (Hyposmesus transpaciﬁcus). Can. J. Fish.
Aquat. Sci. 68(7): 1285–1306. doi:10.1139/f2011-071.
Maunder, M.N., and Watters, G.M. 2003. A general framework for integrating
environmental time series into stock assessment models: model description,
simulation testing, and example. Fish. Bull. 101(1): 89–99.
Millar, R.B., and Meyer, R. 2000. Bayesian state-space modeling of age-structured
data: ﬁtting a model is just the beginning. Can. J. Fish. Aquat. Sci. 57(1): 43–50.
doi:10.1139/f99-169.
Mountain, D., Green, J., Sibunka, J., and Johnson, D. 2008. Growth and mortality
of Atlantic cod (Gadus morhua) and haddock (Melanogrammus aegleﬁnus) eggs
and larvae on Georges Bank, 1995 to 1999. Mar. Ecol. Prog. Ser. 353: 225.
doi:10.3354/meps07176.
New, L.F. 2010. Multi-species state-space modelling of the hen harrier (Circus
cyaneus) and red grouse (Lagopus lagopus scoticus) in Scotland. Doctoral dissertation, University of St. Andrews.
Ohlberger, J., Rogers, L.A., and Stenseth, N.C. 2014. Stochasticity and determinism: how density-independent and density-dependent processes affect population variability. PloS ONE, 9(6): e98940. doi:10.1371/journal.pone.0098940.
PMID:24893001.
Oken, K.L., and Essington, T.E. 2015. How detectable is predation in stage-

Can. J. Fish. Aquat. Sci. Vol. 73, 2016

structured populations? Insights from a simulation-testing analysis. J. Anim.
Ecol. 84: 60–70. PMID:25056097.
Olsen, E., Aanes, S., Mehl, S., Holst, J.C., Aglen, A., and Gjøsæter, H. 2010. Cod,
haddock, saithe, herring, and capelin in the Barents Sea and adjacent waters:
a review of the biological value of the area. ICES J. Mar. Sci. 67(1): 87–101.
doi:10.1093/icesjms/fsp229.
Ottersen, G., and Loeng, H. 2000. Covariability in early growth and year-class
strength of Barents Sea cod, haddock, and herring: the environmental link.
ICES J. Mar. Sci. 57(2): 339–348. doi:10.1006/jmsc.1999.0529.
Ottersen, G., and Stenseth, N.C. 2001. Atlantic climate governs oceanographic
and ecological variability in the Barents Sea. Limnol. Oceanogr. 46(7): 1774–
1780. doi:10.4319/lo.2001.46.7.1774.
Pikitch, E.K., Santora, C., Babcock, E.A., Bakun, A., Bonﬁl, R., Conover, D.,
Dayton, P., Doukakis, P., Fluharty, D., Heheman, B., Houde, E.D., Link, J.,
Livingston, P.A., Mangel, M., McAllister, M.K., Pope, J., and Sainsbury, K.J.
2004. Ecosystem-based ﬁshery management. Science, 305: 346–347. doi:10.
1126/science.1098222. PMID:15256658.
Planque, B., Primicerio, R., Michalsen, K., Aschan, M., Certain, G., Dalpadado, P.,
Gjøsæter, H., Hansen, C., Johannesen, E., Jørgensen, L.L., Kolsum, I.,
Kortsch, S., Leclerc, L.-M., Omli, L., Skern-Mauritzen, M., and Wiedmann, M.
2014. Who eats whom in the Barents Sea: a food web topology from plankton
to whales. Ecology, 95(5): 1430–1430. doi:10.1890/13-1062.1.
Plummer, M. 2013. JAGS Version 3.4.0 user manual [online]. Available from
http://sourceforge.net/projects/mcmc-jags/ﬁles/Manuals/3.x/.
Quinn, T.J., and Collie, J.S. 2005. Sustainability in single-species population models. Philos. Trans. R. Soc. B Biol. 360(1453): 147–162. doi:10.1098/rstb.2004.
1577.
Quinn, T.J., and Deriso, R.B. 1999. Quantitative ﬁsh dynamics. Oxford University
Press.
R Core Team. 2015. R: a language and environment for statistical computing
[online]. R Foundation for Statistical Computing, Vienna, Austria. Available
from http://www.R-project.org/.
Rivot, E., Prévost, E., Parent, E., and Baglinière, J.L. 2004. A Bayesian state-space
modelling framework for ﬁtting a salmon stage-structured population dynamic model to multiple time series of ﬁeld data. Ecol. Model. 179(4): 463–
485. doi:10.1016/j.ecolmodel.2004.05.011.
Skagseth, Ø., Furevik, T., Ingvaldsen, R., Loeng, H., Mork, K.A., Orvik, K.A., and
Ozhigin, V. 2008. Volume and heat transports to the Arctic Ocean via the
Norwegian and Barents seas. In Arctic-subarctic ocean ﬂuxes: deﬁning the
role of the northern seas in climate. pp. 45–64. doi:10.1007/978-1-4020-67747_3.
Stige, L.C., Ottersen, G., Dalpadado, P., Chan, K.-S., Hjermann, D.Ø., Lajus, D.L.,
Yaragina, N.A., and Stenseth, N.C. 2010. Direct and indirect climate forcing in
a multi-species marine system. Proc. R. Soc. B Biol. Sci. 277(1699): 3411–3420.
doi:10.1098/rspb.2010.0602.
Su, Y.-S., and Yajima, M. 2015. R2jags: a package for running ‘JAGS’ from R.
R package version 0.05-03 [online]. Available from http://CRAN.R-project.org/
package=R2jags.
Swain, D.P., Jonsen, I.D., Simon, J.E., and Myers, R.A. 2009. Assessing threats to
species at risk using stage-structured state-space models: mortality trends in
skate populations. Ecol. Appl. 19(5): 1347–1364. doi:10.1890/08-1699.1. PMID:
19688940.
Tyrrell, M.C., Link, J.S., and Moustahﬁd, H. 2011. The importance of including
predation in ﬁsh population models: implications for biological reference
points. Fish Res. 108(1): 1–8.14. doi:10.1016/j.ﬁshres.2010.12.025.

Appendix A. Model with linear relationship
To see whether the nonlinearity in eq. 3 had an impact on our
results, we compared our model with a linear model. Equation 3
was then replaced by eq. A1:
(3)
(A1)

Ma,y ⫽ maexp(␦a ⫹ gaGy ⫹ baBy) ⫹ ln(1 ⫹ DaNa,y)
Ma,y ⫽ ma ⫹ gaGy ⫹ baBy ⫹ ln(1 ⫹ DaNa,y)

This alternative model was used to produce Fig. S81, which shows
that although the model using eq. 3 is nonlinear, the model can be
approximated as linear, as the magnitude of response does not
change much. Note that eq. A1 does not constrain mortality Ma,y to
be above zero, leading to annual survival rate above 1, as seen in
Fig. S81.
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