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The effects of temperature and predator densities on the
consumption of walleye pollock (Gadus chalcogrammus) by three
groundﬁsh in the Gulf of Alaska
Kevin A. Thompson, Selina S. Heppell, and Grant G. Thompson

Abstract: Many multispecies models have assumed that prey density determines per-capita predator consumption rates,
following a functional response relationship. However, empirical evidence suggests that a predator’s diet can also be inﬂuenced
by a variety of environmental factors, including interactions with other predators. We used diet and abundance data from
National Marine Fisheries Service (NMFS) bottom trawl surveys for three groundﬁsh predators (Paciﬁc cod (Gadus macrocephalus),
Paciﬁc halibut (Hippoglossus stenolepis), and sableﬁsh (Anoplopoma ﬁmbria)) in the Gulf of Alaska (GOA) to determine whether
temperature or other species inﬂuence the consumption of walleye pollock (Gadus chalcogrammus). Using an informationtheoretic approach, we tested for relationships between walleye pollock observed in predator stomachs and predator length,
bottom temperature, prey availability (walleye pollock catch per unit effort (CPUE) scaled by observed prey lengths), and CPUE
of the three predators and arrowtooth ﬂounder (Atheresthes stomias). Predator length was positively related to walleye pollock
presence and proportion of total diet mass in all predators. Increased temperatures negatively affected consumption of walleye
pollock by Paciﬁc halibut, but not the other predators. We found evidence for a number of interpredator effects of co-occurring
predators, both positive (facultative) and negative (competitive). Surprisingly, observed prey density was not statistically significant with respect to consumption for these predators, suggesting that trawls sample the environment far differently than
walleye pollock predators or species interactions are more complex than those used in previous multispecies models. These
factors should be considered for future models contributing to ecosystem-based management.
Résumé : De nombreux modèles multiespèces partent du principe que la densité de proies détermine les taux de consommation
individuels des prédateurs, selon une relation de réaction fonctionnelle. Les observations empiriques donnent cependant à
penser que le régime alimentaire d’un prédateur peut également être inﬂuencé par divers facteurs environnementaux, dont des
interactions avec d’autres prédateurs. Nous nous sommes servis de données sur le régime alimentaire et l’abondance provenant
de levés au chalut de fond du National Marine Fisheries Service des États-Unis (NMFS) pour trois poissons de fond prédateurs (la
morue du Paciﬁque (Gadus macrocephalus), le ﬂétan du Paciﬁque (Hippoglossus stenolepis) et la morue charbonnière (Anoplopoma
ﬁmbria)) dans le golfe d’Alaska (GOA) pour déterminer si la température ou d’autres espèces inﬂuencent la consommation de
goberge d’Alaska (Theragra chalcogramma). En utilisant une approche basée sur la théorie de l’information, nous avons vériﬁé s’il
y avait des liens entre les goberges d’Alaska observées dans les estomacs de prédateurs et la longueur des prédateurs, la
température au fond, la disponibilité des proies (la CPUE de goberges d’Alaska pondérée selon les longueurs de proie observées)
et les CPUE des trois prédateurs et de la plie à grande bouche (Atheresthes stomias). La longueur des prédateurs était positivement
reliée à la présence de goberges d’Alaska et à la proportion du poids total du régime alimentaire qu’elles représentaient chez tous
les prédateurs. Des températures élevées avaient un effet négatif sur la consommation de goberges d’Alaska par le ﬂétan du
Paciﬁque, mais non par les autres prédateurs. Des observations indiquent différents effets des interactions entre prédateurs
cooccurrents, tant positifs (facultatifs) que négatifs (concurrentiels). Étonnamment, la densité des proies observée n’était pas
statistiquement signiﬁcative par rapport à la consommation pour ces prédateurs, ce qui donne à penser que l’échantillonnage
du milieu par les chaluts est très différent de celui des prédateurs de la goberge, ou que les interactions entre espèces sont plus
complexes que celles utilisées dans les modèles multiespèces précédents. Ces facteurs devraient être pris en considération à
l’avenir dans l’élaboration de modèles servant à la gestion écosystémique. [Traduit par la Rédaction]

Introduction
As ecosystem-based models and approaches to ﬁsheries management continue to be developed, it is increasingly important
to understand the trophic dynamics of marine ecosystems, particularly the drivers of predator–prey relationships (Walters and
Martell 2004). A variety of modeling approaches have been taken
that incorporate predator–prey relationships to explore species
interactions and inform management decisions (Whipple et al.

2000). Models can build on existing stock assessments and include
modiﬁcations of natural mortality, M, based on the biomass
of select predators (Hollowed et al. 2000; Whipple et al. 2000;
Moustahﬁd et al. 2009). Alternatively, full ecosystem models can
be constructed to incorporate predation mortality into biomass
calculations, such as with Ecopath with Ecosim (EWE) massbalance models (Whipple et al. 2000; Aydin et al 2007; Gaichas
et al. 2009). Typically, both of these modeling approaches lack
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inputs from physical parameters of the system that have been
shown to affect ﬁsh behavior and consumption rates, such as
temperature, and fail to consider biotic interactions such as interand intraspeciﬁc predator competition or facilitation. Climate regimes and, by proxy, species distributions and interactions are
increasingly uncertain (Kennedy et al. 2002), and the inclusion of
parameters that account for environmental factors, including
more complex interactions among species, can potentially improve population forecasts in a changing environment.
The Gulf of Alaska (GOA) supports a diverse biological community, including a number of ﬁsheries, and has been the subject of
a variety of multispecies and ecosystem modeling studies. These
have included incorporation of predation in stock assessments for
walleye pollock (Gadus chalcogrammus) as well as full ecosystem
models (Hollowed et al. 2000; Aydin et al 2007; Gaichas et al. 2009;
A’mar et al. 2010; Van Kirk et al. 2010). Many of the existing multispecies models in the literature, and in particular with this system, share similar constraints for inclusion of predation terms;
the consumption rate of a prey species is restricted to a function of
available prey density and predator length. Many existing models
assume that consumption rates of predators follow a Holling
type II functional response (Hollowed et al. 2000; A’mar et al.
2010). However, recent studies have shown that multispecies model
outputs, such as biomass estimates of prey species, are sensitive to
the speciﬁc form of the functional response used to describe predator foraging rates (Kinzey and Punt 2009; A’mar et al. 2010;
Gaichas et al. 2012). Multispecies models for the GOA and elsewhere could potentially be more representative of ecosystem dynamics if factors that affect predator consumption rates were
better understood.
In addition to prey density, a variety of both biotic and abiotic
factors may affect foraging rates of predators. Temperature is a
ubiquitous aspect of the environment that may inﬂuence trophic
interactions. In addition to direct effects on growth rates and
metabolic demands of predators, temperature can impact behavior. Movement and activity rates have been shown to be sensitive
to temperature in both pelagic (Hurst 2007) and demersal (Hurst
and Duffy 2005) prey species, thereby altering consumption rates
of prey (Buckel et al. 1995; Taylor and Collie 2003). Activity and
movement rates affect encounter rates and probability of capture
success, which are important factors in predator–prey dynamics
(Peck et al. 2006; Hurst 2007). In addition, temperature is an important factor regulating seasonal and interannual variation in
species distribution, subsequently altering diet composition and
consumption rates on speciﬁc prey by predacious ﬁshes (Persson
1986).
Biotic factors can alter predator–prey dynamics as well. For example, nonadditive or synergistic predation, where species may
increase predation rates of other species, has been demonstrated
in ﬁshes (Soluk 1993; Hixon and Carr 1997; Harvey et al. 2004).
Most multispecies models do not account for resource competition between predators of a shared prey species (Kinzey and Punt
2009), although Van Kirk et al. (2012) illustrated the potential for
predator interactions in a multispecies framework.
Our overall objective was to determine if various environmental and biotic factors, chosen to represent complex predator–prey
dynamics not previously explored in multispecies models, affected the consumption of a focal prey species by groundﬁsh predators in the GOA. To that goal, the National Marine Fisheries
Service (NMFS) bottom trawl survey for groundﬁsh in the GOA
provides an excellent dataset to look for evidence of these relationships across large regions. We focused on three important
predators in the GOA ecosystem: Paciﬁc cod (Gadus macrocephalus),
Paciﬁc halibut (Hippoglossus stenolepis), and sableﬁsh (Anoplopoma
ﬁmbria). These predators were chosen because they support valuable ﬁsheries and have diverse, overlapping diets throughout
their ontogeny (Yang et al. 2006). We chose walleye pollock as our
focal prey species because it is the most frequently observed ﬁsh
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prey for these predators (Yang et al. 2006; Gaichas et al. 2010) and
supports a major ﬁshery (Dorn et al. 2012). In contrast with the
Bering Sea, where walleye pollock cannibalism is a major contributor to their natural mortality, other groundﬁsh predators such
as the three we focused on are the primary source for predation
mortality in the GOA (Hollowed et al. 2000).
Using a multiple regression, information-theoretic approach
(Burnham and Anderson 2002; Hobbs and Hilborn 2006) with diet
and abundance data, we evaluated evidence for complex predator–
prey interactions among our study species. Our ﬁrst objective
was to determine which combination of factors (predator length,
available walleye pollock density, temperature, and other predator densities) best described walleye pollock consumption by
these predators. This analysis accounted for correlations between
the study species (those for which we analyzed diet data) as well as
a fourth predator in the system, arrowtooth ﬂounder (Atheresthes
stomias). Arrowtooth ﬂounder has become the most numerically
dominant groundﬁsh predator in this system (von Szalay et al.
2010) and are important consumers of walleye pollock (Gaichas
et al. 2010; Dorn et al. 2012). While we did not have access to the
stomach contents data for arrowtooth ﬂounder at the level of
detail required for analyses, we hypothesized that it may be another predatory species that could be interacting substantially
with our chosen predators, so its density was used in our analyses
as a potential explanatory variable.
Our second objective was to evaluate effects of spatial aggregation in the data, as predator consumption rates and the importance of extrinsic factors may vary in different regions. For this
analysis, we compared the data across the entire GOA with smaller
regional data subsets representing the management subunits of
this ecosystem (DiCosimo 2001). Finally, we compared regression
models that accounted for environmental or biotic interactions
with models based solely on predator length and available prey
density to explore the improvement in predictive power that
might be gained from consideration of relevant abiotic and biotic
factors on walleye pollock consumption.

Methods
Data description
We used diet and catch data collected during the NMFS Alaska
Fisheries Science Center (AFSC) GOA bottom trawl surveys from
1990, 1993, 1996, 1999, 2001, 2003, 2005, 2007, and 2009. The surveys are conducted in the summer months with a stratiﬁed random sampling design in which the GOA is divided into 59 strata
based on depth, location, and habitat type (shelf, gully, and slope)
across three main geographical regions (western, central, and
eastern; DiCosimo 2001). Data collected on this survey include
catch per unit effort (CPUE), length frequency, and sex ratio of
species caught as well as physical descriptors of tow locations
such as depth and surface and bottom temperatures (von Szalay
et al. 2010). Starting in 1990, ﬁsh were subsampled for diet analysis
by the food habits lab of the Resource Ecology and Fisheries Management division of the AFSC. Prey items were identiﬁed to the
lowest taxonomic level possible (generally to species) and wet
masses recorded for each prey and total lengths recorded when
possible (speciﬁcs of sampling and stomach analysis were described by Yang et al. 2006). The data available included length,
mass, sex, stomach fullness, and maturity of each predator along
with the previously listed physical descriptors of the haul in
which the stomach was collected (AFSC 2012).
All stomachs from the three predator species (Paciﬁc cod, Paciﬁc halibut, and sableﬁsh) were initially included in this study.
For each observation (stomach), the predator length, total mass of
the stomach contents, and mass of walleye pollock present in the
stomach were used. Each stomach was related to the haul in
which it was collected, providing the gear water temperature (the
temperature recorded by instrumentation associated with the net
Published by NRC Research Press
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Table 1. Sample sizes of datasets used in our walleye pollock predation analyses for three predators and each region
of the Gulf of Alaska (GOA), based on survey samples collected between 1990 and 2009.
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Sableﬁsh
Paciﬁc cod
Paciﬁc halibut

Western

Central

N

Pollock present

N

251
1825
703

23
238
94

782
2962
1427

Eastern

Total GOA

Pollock present

N

Pollock present

N

Pollock present

144
241
231

105
263
143

8
17
15

1138
5050
2273

175
496
340

Note: N represents the total stomachs observed for that predator and region, which was modeled with logistic regressions, and
“Present” indicates stomachs where walleye pollock were present and is the sample size used in the linear models for proportion of
total mass.

at the trawling depth), year, region, and stratum. Year and strata
information were used to link each stomach recorded to the total
stratum CPUE (numbers) recorded in the catch database for each
of the three predators, walleye pollock, and arrowtooth ﬂounder.
Data preparation
We used a multiple regression approach to identify factors related to walleye pollock consumption by these predators. Even
though walleye pollock is a very common prey for these species
(Yang et al. 2006; Gaichas et al. 2010), most stomachs of these three
predators did not contain walleye pollock (Table 1), leading to a
zero-inﬂated dataset. As such, we chose two separate response
variables to represent the preference for walleye pollock in the
diet of these predators. The ﬁrst was a binary response for the
presence or absence of walleye pollock in the stomach, which was
used for analysis of all stomachs in our dataset. This response used
the largest possible sample size and was potentially a more accurate measure of diet composition, as identiﬁcation of an individual prey item may be more reliable than recording accurate
masses, because of digestion (Bowen 1996). We modeled this response using logistic regression with a binomial distribution with
a logit link (Gotelli and Ellison 2004). The second response was the
proportion of walleye pollock in the diet relative to the total
stomach contents of the individual predator (walleye pollock total
mass/total stomach contents mass). Use of this variable was limited to those stomachs in which pollock were present and identiﬁable, so only a subset of the stomachs modeled with the binary
response were included in the model using the proportional response (approximately 10% of the total samples, depending on
species; details given in Table 1). We used a general linear model
with this response variable to determine which factors are related
to the contribution of walleye pollock, when present, to a predator’s overall diet.
The explanatory variables included abiotic and biotic factors
that we hypothesized would inﬂuence the diets of these groundﬁsh predators, including predator length, bottom temperature,
and CPUE by geographic stratum. We included CPUE values for
each of the ﬁve species in the study (sableﬁsh, Paciﬁc cod, Paciﬁc
halibut, arrowtooth ﬂounder, and walleye pollock). The same set
of variables was used for both of the diet response models for all
three predator species. Thus, the full regression equation for the
models is walleye pollock consumption (presence or proportion of
mass) ⬃ predator length + bottom temperature + CPUE sableﬁsh +
CPUE Paciﬁc cod + CPUE Paciﬁc halibut + CPUE walleye pollock +
CPUE arrowtooth ﬂounder.
The scales at which data are available for each of the chosen
variables differ. Predator length was unique for each stomach
observation used in the dataset, but bottom temperature was speciﬁc to each haul in which a stomach was taken for analysis. We
considered the area swept by an individual haul (mean area ±
standard deviation: 0.0623 ± 0.0401 km2) to be too small to represent the prey ﬁeld available to a predator as well as the number
of other possibly interacting predators. Conversely, the region
(65 228 to 169 542 km2) or entire GOA (⬃320 000 km2; all areas
from von Szalay et al. 2010) was too large to be representative
of the biotic environment each predator experienced before

being sampled and the stomach contents observed. Horne and
Schneider (1994) suggest that a 40 cm Atlantic cod (Gadus morhua)
could travel approximately 38 km in the time in which it takes for
ﬁsh prey to be evacuated from the gut. However, this area would
not be entirely representative of the other predators and prey
moving throughout the ecosystem during the same time period.
Thus, we used the sum of CPUEs recorded from all individual
hauls in the stratum (5242 ± 3729 km2) from which each stomach
was taken, rather than the individual haul, region, or entire GOA.
To calculate this, we summed the total catch of a species and
divided it by the total area swept by all hauls in a stratum in a year.
While the area swept among hauls is relatively consistent, there is
variation and this approach accounts for this, rather than just
summing CPUEs that may be generated from different effort. Similar mesoscales were used to investigate patterns in feeding in
Atlantic cod (Smith et al. 2007).
Because only a portion of the prey in an area will actually be
available to gape-limited predators (Christensen 1996; Nilsson and
Bronmark 2000), stratum CPUE of walleye pollock had to be reduced to reﬂect the subset of the prey species that is actually
consumable. Additionally, because predators of different sizes
have potentially different gape limitations, the availability of
walleye pollock was calculated separately for different size classes
of the three predators. Therefore, we conducted preliminary
analyses regarding the length distributions of walleye pollock
consumed by, and available to, the studied predators. For each
predator species, we determined the minimum length where
walleye pollock was observed in the diet. These minimum lengths
were used to deﬁne the start of a set of 20 cm bins for each
predator species. We then calculated the 2.5% and 97.5% quantiles
of walleye pollock lengths observed in stomachs for each 20 cm
length bin for each predator (representing the range in which
95% of length observations were included; Table 2). These quantile
values were used to deﬁne the length ranges of prey available to
each predator in our dataset. Using the length–frequency data
taken from the hauls, total stratum CPUE of walleye pollock was
rescaled for each individual predator in our data by multiplying
the total CPUE by the proportion of walleye pollock observed in
the length range that corresponded with the 2.5%–97.5% percentiles for the same predator species and length. We used this new
value of available CPUE of walleye pollock as the explanatory
variable representing the CPUE of prey in the analyses. Empty
stomachs (total stomach contents mass = 0) were removed from
the dataset, as is standard in many diet analyses (Bowen 1996;
Yang et al. 2006), as were stomachs from predators that were too
small to be potential predators of walleye pollock (given by the
length analyses; Table 2). Both of these steps removed only a few
observations (<1% of the total for sableﬁsh and Paciﬁc cod and 6%
for Paciﬁc halibut) from the initial dataset.
For analyses of both presence of walleye pollock and proportion
of total mass, CPUE data for predators and walleye pollock were
log-transformed. Also, the proportion-of-mass response variable
was arcsine-square-root-transformed to achieve normality, a common step with proportional data (Gotelli and Ellison 2004). Pearson’s correlation statistics (r) were calculated for all combinations
Published by NRC Research Press
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Table 2. Mean total length (TL) and 95% conﬁdence intervals of walleye pollock measured in stomachs for the three predators for the
entire GOA and across all years.

Sableﬁsh
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Paciﬁc cod

Paciﬁc halibut

Length
bin (cm)

Mean
TL (cm)

Lower
95% limit

Upper
95% limit

30–49
50–69
70+
10–29
30–49
50–69
70–89
90+
30–49
50–69
70–89
90–109
110+

19.3
27.4
30.6
8.0
11.6
19.6
34.8
37.7
10.8
13.8
26.4
36.0
41.7

5.6
11.7
15.2
5.0
4.2
3.9
7.6
8.3
3.4
4.5
5.7
15.2
15.5

35.1
40.6
41.8
11.0
37.0
42.9
52.0
55.0
39.4
46.5
49.5
53.1
65.0

of the explanatory variables, and no set of variables was found
to be highly correlated (average correlation coefﬁcient = 0.02,
|max| = 0.45). Therefore, all seven variables were included in our
model selection process. Furthermore, for the logistic models of
walleye pollock presence, models were checked for overdispersion in the data, a common problem in ecological studies. However, in all cases the residual deviance was less than the degrees of
freedom, indicating that in our study, the binomial data were not
overdispersed (Ver Hoef and Boveng 2007).
Model selection
Because we aimed to treat each combination of parameters in
the regression models as a competing hypothesis to describe the
interaction between the explanatory variables and the consumption of walleye pollock, we used an information-theoretic approach to model selection as outlined in Burnham and Anderson
(2002). This is a likelihood-based method for evaluating multiple
models with a dataset. We chose this method over the alternative
of stepwise regression because stepwise methods compare models with an intercept-only null model to determine signiﬁcance
and can lead to spurious results, as variables chosen are sensitive
to the order of addition to the model (Burnham and Anderson
2002; Cummings et al. 2011; Hobbs and Hilborn 2006). This is
among the reasons why the use of likelihood methods in modeling ecological and ﬁsheries data has increased. This method has
similar assumptions to traditional multiple regression, such as
independence of observations, errors are independent and normally distributed, and x axis is measured without error.
We used an additive multiple regression approach that did not
account for interactions, as the focus of our research was determining how these factors independently affect the consumption
of walleye pollock. Using the MuMIn package in R (Barton 2012),
we ﬁtted all possible models (seven descriptor variables, giving 27 =
128 total possible models, one of which is the intercept-only model)
2k共k⫹1兲
and ranked them by AICc: AICc ⫽ 冋2k ⫺ 2ln 共L兲册 ⫹
, where k is
n⫺k⫺1
the number of parameters, L is the maximized value of the likelihood function, and n is the sample size (Burnham and Anderson
2002). The model with the lowest AICc value was considered the
top model and used to calculate ⌬AICc for each model i using the
formula ⌬AICci ⫽ AICci ⫺ min 共AICc兲 , where the best model’s
⌬AICc = 0. While there are a number of potential criteria to determine conﬁdence sets of models, we considered models with a
⌬AICc < 4 to be relatively supported by the data in comparison
with the full suite of models (Burnham and Anderson 2002;
Burnham et al. 2011). While many studies use ⌬AICc < 2 based on
Burnham and Anderson (2002), this is potentially too restrictive,
and therefore we followed the evidence criteria given by Royall

(1997) based on factors of model weight. From the conﬁdence set
of models, model-averaged parameter estimates (␤) were calculated as weighted sums of parameter coefﬁcients given by the
product of the parameter estimate (␤i) in model i multiplied its
Akaike weight, wi (Hobbs and Hilborn 2006). Similarly from the
conﬁdence set of top models, 95% conﬁdence intervals were calculated around the model-averaged parameters (Burnham and
Anderson 2002; Hobbs and Hilborn 2006; Codron et al 2007;
Ritchie et al. 2009). For each data subset modeled (referring to a
unique predator × response × region), model-averaged parameters
for which the 95% conﬁdence interval did not contain zero were
considered to affect the response variable and are referred to as
“important” as a matter of convention in the remainder of this
manuscript (Ritchie et al. 2009). We then used the combination of
variables that met this criteria to establish a “best” model (which
may or may not be the top model, i.e., the model with ⌬AICc = 0).
We used the sign and magnitude of the model-averaged parameters contained in the best model to draw conclusions regarding
the variables affecting the consumption of walleye pollock by
these predators.
Comparisons among response variables, regions, and prey
availability model
We used the model selection methodology described above for
each of the three predators, with both presence–absence and proportion of walleye pollock in stomachs by mass, resulting in six
total regressions for the entire GOA system. Furthermore, to test
the hypothesis that spatial scale of data may inﬂuence ecological
conclusions, regressions on both responses were repeated when
the data was subdivided by geographical region (western, central,
and eastern GOA) as well as with the data for the entire GOA
combined. Both the western GOA and central GOA data subsets
had sufﬁcient sample sizes of stomachs with walleye pollock observed to use both the presence–absence data and proportion-ofmass responses for all predators (Table 1). The eastern GOA had
sufﬁcient total observations for the logistic regression model selection but not with walleye pollock in them across the three
predators for analysis with the proportional mass response variable (Table 1). In total, 21 models were selected for the unique
predator × region × response combinations in our data.
To determine the information gained by consideration of abiotic and biotic factors in predation, we also compared best models
from each regression routine with a two-factor model (referred
to as the “prey availability model”): (presence or proportion of
mass) ⬃ predator length + CPUE of available walleye pollock,
which are the variables commonly used to ﬁt functional responses in existing multispecies models of the GOA groundﬁsh
community as well as other marine systems (Hall et al. 2006;
A’mar et al. 2010). For each regression, we compared the Akaike
weight for the best model with the wi of the prey availability
model using the evidence ratio (), calculated by dividing the best
model weight by that of the null model (Hobbs and Hilborn 2006).
This evidence ratio represents the factor by which the data support the best model over that of the prey availability model. R2
values for each model were also calculated to compare the variability explained by each model.

Results
For all model selection procedures, each explanatory variable
appeared at least once in the conﬁdence set of models, leading to
model-averaged parameters and conﬁdence intervals for each of
the possible seven variables in each dataset. Most model selection
routines yielded at least one variable that was considered important (chosen to include in the best model). There were two exceptions. First, no variables satisﬁed our criteria for inclusion in a
best model for the proportion-of-mass of walleye pollock in stomachs of sableﬁsh in the western GOA subset of data. Second, for
the eastern GOA, which had much smaller sample sizes (Table 1),
Published by NRC Research Press
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Fig. 1. Model-averaged parameter estimates and 95% conﬁdence intervals for the seven explanatory variables for consumption of walleye
pollock by three predators in the Gulf of Alaska. Logistic model parameters predicting presence of walleye pollock are shown in panels A–C,
and linear model parameter estimates for proportion of stomach content mass are shown in panels D–F. Variables chosen in the best model
are shown in solid circles, and those not chosen (because of conﬁdence intervals that cross the zero line) are shown with open circles. The
number of total models from which parameters were averaged is shown in each panel in the upper right area.

none of the independent variables were included in the presence–
absence of walleye pollock in stomachs of any of the predators.
Therefore, we could not compare the best models for walleye
pollock presence–absence data in the eastern GOA with either the
full GOA dataset or the prey availability model for that region as
outlined in the Methods.
GOA walleye pollock consumption models
For the entire GOA dataset, the important variables varied according to predator species and, to a lesser extent, whether the
response variable was presence or proportion-of-mass of walleye
pollock in the stomachs (Fig. 1). For each predator species examined, the best proportion-of-mass models had fewer variables
than the best presence–absence models. All of the variables that
were important in explaining consumption of walleye pollock in
the proportion-of-mass models were also important in their cor-

responding presence–absence model, except for CPUE of walleye
pollock for sableﬁsh (Fig. 1).
There was consistency in the magnitude and sign of some important variables. For example, predator length was positively
related to both response variables in all three predator species
(Fig. 1). Except for sableﬁsh proportion-of-mass, all regression models
had predator length present in the candidate models (Fig. 1D).
Other important variables were species- or response-speciﬁc. Water temperature was generally not an important variable in explaining walleye pollock consumption for Paciﬁc cod or sableﬁsh
(Fig. 1). However, a temperature effect was present in all of the
models (both in the conﬁdence set and best models) for Paciﬁc
halibut, and the averaged coefﬁcients were consistently negative
(Figs. 1C, 1F), indicating that lower water temperatures were associated with increased proportion of walleye pollock in the diet.
Published by NRC Research Press
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Fig. 2. Model-averaged parameter estimates and 95% conﬁdence intervals for the seven explanatory variables for linear models describing the
proportion-of-mass of walleye pollock in the stomachs of three predators sampled from two regions of the Gulf of Alaska (GOA). The model
parameters predicting proportion-of-mass of walleye pollock in these predators from the western GOA are shown in the panels A–C, whereas
stomachs from the central region of the GOA are shown in panels D–F. Variables chosen in the best model are shown in solid circles, and
those that were not interpreted to be affecting the response variable (because of conﬁdence intervals that cross the zero line) are shown with
open circles. The number of total models from which parameters were averaged is shown in each panel in the upper right area.

There was evidence for predator–predator interactions affecting walleye pollock consumption at the GOA-wide spatial scale.
The CPUE of at least one of the predators was important in all
models, with one exception (Fig. 1F). For sableﬁsh, arrowtooth
ﬂounder CPUE (positive) and Paciﬁc halibut CPUE (negative) were
important in both models of walleye pollock consumption
(Figs. 1A, 1D). Paciﬁc halibut CPUE was also important in both
models for Paciﬁc cod; however, the direction of this effect was
dependent on response variable (Figs. 1B, 1D). All three predators
showed additional biotic interactions when considering presence
of walleye pollock, including potential intraspeciﬁc effects with
sableﬁsh (negative) and Paciﬁc cod (positive; Figs. 1A, 1B). However, these relationships were not noted for the proportion-ofmass models at this spatial scale. CPUE of available walleye
pollock was not consistently important for walleye pollock pres-

ence or proportion-of-mass for these predators across the GOA,
occurring in only two of the six system-wide models (Figs. 1C, 1D).
Regional comparisons
In general, the results of the regional analysis follow similar
patterns to those described for the overall GOA. However, the
presence–absence results were more consistent between regional
and GOA-wide scales than models describing proportion-of-mass.
Predator length was consistently important in the regional models, as it was in the overall GOA. It was absent only in the regional
proportion-of-mass models for sableﬁsh, as it was in the GOA-wide
case (Figs. 2A, 23D). Other important variables in the regional
analyses depended on species and metric.
With one exception, important explanatory variables in the
best regional presence–absence models tended to be subsets of
Published by NRC Research Press
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Fig. 3. Model-averaged parameter estimates and 95% conﬁdence intervals for the seven explanatory variables for logistic models describing
the presence of walleye pollock in the stomachs of three predators sampled from two regions of the Gulf of Alaska (GOA). The model
parameters predicting presence of walleye pollock in these predators from the western GOA are shown in panels A–C, and those for the
central region of the GOA are shown in panels D–F. Variables chosen in the best model are shown in solid circles, and those not chosen
(because of conﬁdence intervals that cross the zero line) are shown with open circles. The number of total models from which parameters
were averaged is shown in each panel in the upper right area.

their GOA-wide counterparts (Fig. 3D). Three parameters (temperature, walleye pollock CPUE, and sableﬁsh CPUE) were found to be
important in regional models for walleye pollock presence that
were absent in the corresponding GOA-wide models (Figs. 1A, 1B,
3B, 3D, 3E). Otherwise, the important variables in the regional
models were all subsets of their GOA-wide counterparts, with
parameters of the same sign (Fig. 3). This suggests that many of the
relationships we observed for walleye pollock presence in predator stomachs were consistent across two spatial scales.
The regional proportion-of-mass models were not as consistently subsets of the important variables in the corresponding
GOA models (Fig. 2). The western GOA models for this metric
either had few, if any, important variables. The model for Paciﬁc
cod in the western GOA also included additional predator interactions not seen in the GOA model (Fig. 2B). Models for the central
GOA region more closely mirrored their GOA-wide counterparts,

generally with two important variables that were also present in
GOA models. In all cases, the same variables were chosen as in the
corresponding GOA-wide model, with the same sign, except that
Paciﬁc cod CPUE was included in the best regional model for
sableﬁsh instead of walleye pollock (Fig. 2D). Furthermore, the
parameter values for many of the variables in the best models for
the central GOA region were very similar to the estimates for the
GOA dataset (Fig. 2).
Comparing results with a prey availability model
We were able to create a best model of walleye pollock consumption, and therefore make comparisons with a prey availability model, for each combination of predator, response, and region
(western GOA and central GOA) for all but one case (Fig. 2A). In
general, AICc scores indicated that the prey availability models
performed poorly. Except for the Paciﬁc halibut data in the westPublished by NRC Research Press
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Table 3. Comparison of the best model chosen (with K variables) based on variable importance values
and conﬁdence intervals for each regression run to the prey availability model that relates the
response variable to predator length and prey availability only.
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Best model

Logistic models
GOA
Sableﬁsh
Paciﬁc cod
Paciﬁc halibut
Western
Sableﬁsh
Paciﬁc cod
Paciﬁc halibut
Central
Sableﬁsh
Paciﬁc cod
Paciﬁc halibut
Linear models
GOA
Sableﬁsh
Paciﬁc cod
Paciﬁc halibut
Western
Sableﬁsh
Paciﬁc cod
Paciﬁc halibut
Central
Sableﬁsh
Paciﬁc cod
Paciﬁc halibut

Prey availability model

K

⌬AICc

wi

R2

⌬AICc

wi

R2



5
5
4

0.000
0.000
0.000

0.428
0.241
0.201

0.143
0.241
0.275

65.380
30.800
20.770

2.719E-15
4.953E-08
6.215E-06

0.040
0.227
0.259

1.57E+14
4.87E+06
32 342

2
4
2

0.550
0.000
0.000

0.058
0.362
0.133

0.184
0.308
0.296

8.860
20.740
0.000

0.001
1.135E-05
0.133

0.096
0.287
0.296

58
31 907
1

6
4
2

0.000
0.000
1.080

0.510
0.228
0.082

0.158
0.196
0.314

60.220
10.410
37.460

4.273E-14
0.001
1.030E-09

0.024
0.184
0.275

1.19E+13
228
7.96E+07

2
2
2

0.000
0.000
0.000

0.143
0.085
0.119

0.049
0.100
0.193

15.300
11.550
5.030

6.826E-05
2.634E-04
0.005

0.021
0.096
0.188

2095
323
25

NA
3
1

NA
6.990
0.000

NA
0.003
0.123

NA
0.149
0.194

NA
9.150
2.050

NA
0.001
0.044

NA
0.147
0.213

NA
3
3

2
2
2

0.000
0.000
0.000

0.111
0.085
0.194

0.068
0.063
0.221

12.410
7.020
20.370

1.244E-04
0.003
7.330E-06

0.014
0.070
0.197

892
28
26 466

Note: Evidence ratios () for the best model given the data are calculated as the ratio of the best model Akaike
weight (wi) to that of the prey availability model. Logistic models used presence of walleye pollock as the response,
and linear models used proportion-of-mass of walleye pollock in the diet of the three predators.

ern GOA region, the best models all included variables for temperature or predator–predator interactions. Paciﬁc halibut in the
western GOA was also the only case in which the prey availability
model (includes both prey availability and predator length) was
contained within the conﬁdence set of top models (given by
⌬AICc < 4). For the walleye pollock presence–absence with Paciﬁc
halibut as predators, the simple prey availability model was the
top model, as predator length and available walleye pollock CPUE
were the only variables supported by the data. Otherwise, all of
the best models were ranked higher than the prey availability
model, indicating that the most likely models, given the data, are
those that included additional abiotic and predator interaction
terms (Table 3).
Although the R2 values indicated only a slight improvement in
the amount of variance explained by the more complex models,
the evidence ratios () suggested that the data supported the best
model over the prey availability model by at least a factor of three
and up to many orders of magnitude more, depending on the
species, response, and region (Table 3). In general, the largest
evidence ratios were found in the presence–absence models. The
lowest evidence ratios for our best models versus the prey availability models were found in those that contained both length
and CPUE of walleye pollock in them and few (or no) other variables.

Discussion
Our results suggest predator interactions and temperature affect the consumption of GOA walleye pollock by three groundﬁsh
predators. Predator length was an important variable in determining consumption of walleye pollock by these predators, conﬁrming previous work indicating that these species become more
piscivorous throughout their ontogeny (Yang et al. 2006). While

predator length and prey availability are the factors generally
applied to predator–prey interactions in existing multispecies
models, we did not observe a consistent relationship between
consumption of walleye pollock and their local abundance (CPUE).
More complex models that included predator–predator interactions or temperature were generally much more likely, given the
data, than models that lacked these factors. Patterns observed in
the important variables for each predator were generally consistent for both presence–absence and proportion-of-mass. While
the results showed some consistency between the entire GOA and
two regional subsets of the data, there were also some regional
variations in the factors affecting consumption. Our results indicate that models that incorporate predator–prey interactions
among ﬁshes in the GOA, and perhaps elsewhere, should consider
predator interactions and abiotic variables to the extent practicable.
We used presence of walleye pollock as a measure of consumption in these predators because it has potentially less error than
other diet indicators (Bowen 1996); however, we also included
proportion-of-mass as well as a representation of how functional
responses are determined in previous multispecies models (A’mar
et al. 2010; Gaichas et al. 2010). When modeling walleye pollock
presence, we identiﬁed more parameters, and of those, the magnitudes of estimated parameters were larger compared with
proportion-of-mass models (Fig. 1). However, the magnitude differences were likely driven by the differences in modeling methodology (binary versus continuous and logistic versus linear) and
the number of parameters because of much larger sample sizes
for the presence models (Gotelli and Ellison 2004). In general, the
important parameters and the effect on consumption of these
predators (given by the sign of the parameters) were the same for
a predator and system when comparing the two response variables. Therefore, we believe both are suitable for this study and
Published by NRC Research Press
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that the use of either presence of prey or proportion-of-mass in
ecological studies depends on the types of questions addressed
and the available data.
While interactions between ﬁsh predators has been demonstrated in large-scale studies using diet and distribution datasets,
much of that research focused on diet breadth and composition
and spatial overlap (e.g., Linke et al. 2001; Wilson et al. 2006;
Woodland et al. 2011). Our research was an investigation of a key
prey item and the ecological factors that contributed to its consumption and, as such, can be more directly applied to multispecies models of a few interacting species. We observed a consistent
selection of predator–predator effect terms in our models, potentially indicating both facultative predation and competition
among groundﬁsh species. Competition was suggested by Paciﬁc
halibut CPUE consistently chosen as important in our models,
showing a negative relationship with consumption of walleye
pollock in both Paciﬁc cod and sableﬁsh. Inversely, arrowtooth
ﬂounder and Paciﬁc cod model-averaged parameters suggested
facilitation in sableﬁsh diets. Data from Paciﬁc cod stomachs also
indicated a facilitative intrapredator effect. While facultative
predator–predator effects have been demonstrated, examples
have thus far been limited to experimental or small-scale observational work (Soluk 1993; Hixon and Carr 1997; Harvey et al.
2004). Our model selection process indicated that positive predator interactions between ﬁsh species may be supported by diet
data taken from a large-scale trawl survey.
Temperature is an important controller of ﬁsh behavior and
food consumption (Persson 1986; Essington and Hansson 2004;
Hurst and Duffy 2005), but, contrary to our expectations, temperature was an important variable only in the models for Paciﬁc
halibut, which consumed less walleye pollock as temperatures
increased. This suggests either that there is no ecological effect of
temperature on the consumption of walleye pollock by the other
two predators or that it may be too variable or at the wrong scale
(as it relates to the dataset) to make reliable inferences regarding
diet composition.
Given the nature of our data and regression approach, we cannot evaluate the actual mechanisms by which predation may be
affected. However, there is evidence that the variables we identiﬁed may reﬂect changes in predation behavior. Because our explanatory variables were not correlated, the predator CPUEs were
likely not driven by each other, temperature, or prey CPUE. This
may indicate that the effects we identiﬁed are not functions of
distributional changes of predator species, but involve potential
changes in predator and prey behavior in the system. Predator
activity and attack rates, capture efﬁciency, and position in the
water column can change because of other predators, temperature, or prey availability (Soluk 1993; Hixon and Carr 1997; Taylor
and Collie 2003; Harvey et al. 2004; Peck et al. 2006). Alternatively,
walleye pollock prey may be altering behaviors, as ﬁsh prey species will alter predator avoidance strategies in different habitats
or in different predator communities (Savino and Stein 1982; Eklöv
and VanKooten 2001). However, determining which of these potential mechanisms may be inﬂuencing the consumption of walleye pollock in these predators would require an experimental
approach where predation events could be observed directly.
Spatial aggregation in the diet data had a range of effects. Many
of the variables inﬂuencing walleye pollock consumption at the
regional level were similar to those found in the GOA-level analyses. In most cases, the important variables for presence–absence
were a subset of those included at the GOA level. Furthermore, in
only one case did a variable’s coefﬁcient at a regional level have a
sign opposite to that of its counterpart at the GOA level. This
suggests that while the regional best models did not replicate the
GOA-wide models, in those cases where the two sets of variables
were the same, the effects were consistent throughout the GOA.
However, differences between models for the western GOA and
central GOA regions were observed, indicating that local oceano-
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graphic or biotic conditions in those regions may vary enough to
inﬂuence the importance of factors affecting consumption, a result noted previously in other ecological studies (Jelinski and Wu
1996).
Walleye pollock CPUE was not a consistent indicator of its consumption by Paciﬁc cod or sableﬁsh in this system. Of the three
predators, Paciﬁc halibut was more consistently affected by the
CPUE of available walleye pollock, when walleye pollock presence
was the response variable. Gaichas et al. (2010) illustrated a similar
result, showing the proportion of walleye pollock in the diets of
Paciﬁc halibut declined over time as the GOA-wide biomass of
walleye pollock declined. In contrast, Paciﬁc cod and sableﬁsh
may be more inﬂuenced by predators or other factors.
Predator–prey dynamics in many multispecies models are structured such that prey availability determines consumption rates of
ﬁsh predators (Hollowed et al. 2000; Kinzey and Punt 2009; A’mar
et al. 2010). However, while some ﬁsheries studies have demonstrated relationships between prey CPUE and consumption by
predators (Essington and Hansson 2004; Johannesen et al. 2012),
accounting for the spatial scale that the predator actually experiences during feeding remains a challenge in ﬁsheries studies conducted across large oceanographic regions (Hunsicker et al. 2011).
CPUE-based methods of estimating prey availability across a system may not reﬂect the actual prey available to the predators
(Floeter and Temming 2003; Dalpadado and Bogstad 2004), but
over broad spatial and temporal scales, the catch of walleye pollock should indicate something about its relative abundance in
the environment. Predators and prey may congregate at small
scales in localized patches, but our methods would not be able to
detect that. However, given the limitations of trawl data, our results suggest that consumption of walleye pollock in these predators was related to the abundances of the other (or the same)
predators in the same stratum. This may indicate that the trawl
survey does not capture the available prey ﬁeld adequately, particularly in regard to smaller walleye pollock or forage ﬁsh that
the gear may not sample at a similar catchability to larger-bodied
groundﬁsh for which the survey was initially designed. However,
our rescaled CPUEs, depending on the size of the predator, were
made up of ﬁsh that could be reliably sampled. Furthermore, the
survey methodology is consistent year to year and therefore at
minimum can provide trends through time of a variety of species
and size classes. It is also possible that these predators, with their
diverse diets, are not foraging on walleye pollock based on availability alone.
Our study also illustrates an information-theoretic approach to
survey catch and diet data (Link and Barker 2006; Cummings et al.
2011). This method allowed us to draw inferences from a set of
candidate models and investigate the relative importance of a
suite of variables, rather than evaluate a single model versus a
noninformative null model (Burnham and Anderson 2002). Furthermore, the evidence ratios indicated that our more complex
models were much more likely than simple models, given the
data, even considering the penalty applied by AIC to increased
model complexity (Burnham and Anderson 2002; Hobbs and
Hilborn 2006). Previous studies have shown the discrepancies between using this type of model selection approach and more traditional methods, particularly the difference between using AIC
values and R2 values to rank models (Cummings et al. 2011). This
was again seen in our work whereby the evidence ratios greatly
supported our best models over the prey availability model, which
would not be as evident when using the R2 values.
In this study we demonstrated how predation may be affected
by predator community composition and temperature. Therefore,
we suggest that diet data can be used to determine the nature of
key ecosystem interactions before ecosystem modeling is done,
rather than using predetermined relationships based on ecological theory alone. How important these predator–predator or temperature interactions are in a population dynamics or ecosystem
Published by NRC Research Press
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sense cannot be determined by the present study. However, incorporating these factors into predator functional responses in a
multispecies modeling framework could illustrate the potential
impact of complex predator–prey interactions in terms of biomass estimates, reference points, and management decisions
made in an ecosystem framework.
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