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Ecography In shelf ecosystems, benthic invertebrates facilitate nutrient recycling and the trans-
fer of energy to higher trophic levels. However, large-scale monitoring through direct
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for predator species- and size-specific differences in forage group selectivities, which
may vary over space; and permits index estimation when diets are unevenly sampled
over space, time, and across predator species. We apply the model to four decades
of groundfish diet data from the eastern Bering Sea and estimate abundance indi-
ces for nine benthic forage groups. The ficted models were then used to generate: 1)
time-averaged maps of relative biomass density for forage groups and demarcation of
potential core habitat areas; 2) region-wide biomass index time series; and 3) an assess-
ment of bioregions based on benthic forage community composition and change in
bioregion area over time. Diet-based biomass densities were on average correlated well
with densities obtained from direct sampling (bottom trawl) for species of Chionoeceres
crabs (0.61-0.69). Correlations for polychaetes and bivalves, which had fewer direct
survey samples (benthic grabs) were also positive but weaker (0.45 and 0.20, respec-
tively), potentially reflecting larger differences in selectivities between predators and
sampling gear or sampling error. We argue that diet data can provide an additional and
cost-eflicient lens through which abundances of forage species can be quantified and
aid efforts to monitor change in marine ecosystems. Abundance indices can be used in
subsequent whole-of-ecosystem models, and habitat utilization maps can be used to
inform spatial management decisions.
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Introduction

Benthic invertebrates are a major component of marine food
webs, facilitate nutrient recycling, and provide critical for-
age for fished species (Grebmeier et al. 1988, Reynoldson
and Metcalfe-Smith 1992, Hale et al. 2017). For example,
in the eastern Bering Sea (EBS), a highly productive subpo-
lar shelf ecosystem, they account for 58% of animal biomass
and support 52% of fish production (Aydin et al. 2007,
Whitehouse et al. 2021). Accordingly, they may act as eco-
logical indicators, and changes in their abundances may help
reveal shifts in food web structure, function, and productivity
(Grebmeier et al. 2006, Yeung and McConnaughey 2006).
However, monitoring benthic invertebrate abundances in
marine ecosystems through direct sampling (e.g. benthic
grabs, bottom trawls, video surveys) can be expensive in
terms of time and labor (Bilyard 1987, Carey and Keough
2002), constraining the spatial and temporal scales at which
sampling is conducted. Moreover, different sampling gears
are effective at capturing different subsets of the benthic com-
munity (Jorgensen et al. 2011), and use of only one gear may
miss forage groups and size classes fed upon by higher trophic
level functional groups.

A promising, complementary approach to sampling
with mechanical gear entails the treatment of predators as
biological samplers (Link 2004). Predator stomach content
data provide a ‘snapshot’ of recent foraging success and the
prevalence of forage groups in diets can indicate availability
and abundance (Link 2004, Yeung et al. 2010, Deroba 2018,
Ngetal. 2021, Gaichas et al. 2024). If predators are routinely
sampled as part of ongoing resource monitoring efforts, the
collection of diet data is relatively straightforward and the
resulting forage abundance index adopts the spatial and tem-
poral scale of the predator distribution within the resource
survey (Ng et al. 2021). Further, by their very nature, diet-
based indices directly characterize abundances of forage
groups and sizes that are trophically relevant and therefore
potentially important indicators of ecosystem change. That
said, inferring forage abundance trends from diet data pres-
ents challenges. For instance, prey taxonomy may be difficult
to resolve depending on digestion level, and more challeng-
ing for soft-bodied prey (e.g. polychaetes) which are easier
to digest relative to hard-bodied prey (e.g. crustaceans;
Andersen et al. 2016). If characterizing abundances over large
areas, the synthesis of diet data from multiple predator spe-
cies may also be required, thus necessitating methods that
account for predator- and size-specific preferences for forage
species or functional groups (Deroba 2018). Within predator
species, forage preference or catchability may also change as a
function of space due to habitat features or the availability of
alternative prey (Ng et al. 2021, Griiss et al. 2023).

Recent research describes stomach content data as if they
arise from the predator capturing some proportion of prey
that it encounters within a given foraging area, where indi-
vidual prey are spatially distributed according to their habitat
preferences and have unique body sizes. These assumptions
result in a thinned and double-marked point process
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(Thorson et al. 2022). In more detail, this process arises when
individual prey have a random location that follows some
undetlying density function (i.e. following a point process),
where each individual prey has some body size (a continu-
ous mark), and a taxonomic or functional label (a categorical
mark). Next, envision that the contents of each stomach cor-
respond to a foraging trip over some portion of this landscape
with unknown area, and that diet samples arise from preda-
tor foraging (i.e. attack, capture, handling, and digestion)
rates over this foraging area. Under this model, diet samples
can be approximated using a multivariate generalized linear
mixed model (GLMM), where the expected quantity of each
forage category arises from the product of forage numerical
density, body size, and predator foraging rates. Expressing
stomach contents as a GLMM allows us to estimate how the
product of numerical density, average size, and foraging rates
varies across space and time. Foraging rates then are inter-
preted similarly to ‘gear catchability’ (a.k.a. detectability) in
conventional sampling theory, and are either assumed to be
constant over space (when estimating habitat utilization) or
time (when estimating abundance indices), and can also be
intercalibrated or validated relative to other sampling gears.

Building on this conceptual model for foraging processes
and their treatment as a GLMM, spatiotemporal models have
emerged as promising tools for synthesizing and standard-
izing ecological data sets including predator stomach content
data (Griss et al. 2021, 2023, Ng et al. 2021, Gaichas et al.
2024). For instance, using diet data collected from six dif-
ferent Northwest Atlantic predator species, Ng et al. (2021)
developed abundance indices for the forage species Atlantic
herring Clupea harengus wherein separate spatiotempo-
ral models were fit for each predator in which the specific
mass of herring (that is, g prey g™' predator) was treated as
the response variable. Separate abundance indices based on
each predator were obtained by summing the specific mass
of Atlantic herring (controlling for predator size) across the
survey region within years. To better synthesize data from
different sources into a common index, Griiss et al. (2023)
adopted an approach that differed in two significant ways.
First, data from multiple sources were included in a single
model (in their case, they included snow crab Chionoecetes
opilio data from different surveys as well as diet data from
Pacific cod Gadus macrocephalus, a predator of snow crab)
along with covariates to account for differences in catchabil-
ity between data sources. Second, covariates specific to each
data source were allowed to vary spatially to account for dif-
ferences in prey catchability. The resulting abundance index
incorporated information from all data sources while better
accounting for systematic differences in prey mass or catches.
The method is analogous to those used to construct abun-
dance indices based on catch-per-unit-effort (CPUE) when
different surveys or sampling gears are combined (Maunder
and Punt 2004, Griiss et al. 2023). The extensions proposed
by Griiss et al. (2023) offer a potentially useful way to com-
bine diet data from multiple predators to generate abundance
indices of forage species, but they are relatively new and have
seen limited application.



The EBS is a large, subpolar ecosystem with seasonal ice
coverage that overlies a broad continental shelf (Fig. 1A).
During the spring and summer growing season, high rates
of primary production result in large fluxes of detritus to the
seafloor which support high benthic standing stocks and pro-
ductivity levels (Stoker 1978, Grebmeier et al. 1988, 2015,
Aydin et al. 2007, Whitehouse et al. 2021). In the adjacent
northern Bering Sea (NBS), research programs have under-
taken long-term benthic monitoring at locations in the
vicinity of St. Lawrence Island (Grebmeier 2015, Moore
and Grebmeier 2018). Similarly, in the EBS, summertime
surveys since the 1970s have provided important informa-
tion on spatial patterns and temporal trends in groundfish
and large-bodied epibenthic invertebrates vulnerable to bot-
tom trawls (Stoker 1978, Jewett and Feder 1981, Yeung and
McConnaughey 20006, Stevenson and Lauth 2012). However,
within the EBS little attention has been paid to smaller epi-
benthos and infauna which comprise larger percentages of
benthic invertebrate biomass (30 and 61 versus 9%, respec-
tively; Whitehouse et al. 2021). Large-scale surveys (i.e. cov-
ering areas > 1000 km?) that directly sampled for infauna
and epibenthos are limited to the late 1950s, 1970s, and
mid-1980s (Haflinger 1981, McDonald et al. 1981, Stoker
1981, Grebmeier et al. 1988, Coyle et al. 2007). Since 2006,
smaller-scale surveys have also occurred on a sporadic basis,
but they are concentrated in the southern EBS and have
limited replication over time and space due to the changing
nature of the research objectives motivating the sampling
(Yeung et al. 2010, Yeung and Yang 2017, 2018). Collectively,
these studies have resolved important infaunal and epiben-
thos patterns including overall increasing trends in biomass
with latitude and relationships between community compo-
sition and covariates such as distance to shore, depth, sub-
strate characteristics, and other spatially structured variables
including properties of overlaying water masses. The sparsity
of sampling with respect to time, however, constrains efforts
to characterize temporal variation and system responses to

environmental conditions. In contrast, demersal fishes in the
region have been sampled using a standardized gear and pro-
tocol nearly continuously since 1982 in an annual, region-
wide fishery-independent bottom trawl survey (Stevenson
and Lauth 2012). Although the gear is ill-suited for directly
sampling small-bodied epibenthic invertebrates (i.e. less than
30 mm body width; Kotwicki et al. 2017), food habits data
are collected from several predator species, many of which
feed heavily on benthic forage groups including infauna and
epibenthos (Lang et al. 2003, Livingston et al. 2017).

Here, we sought to synthesize diet data from multiple
predators using spatiotemporal models to develop region-
wide abundance indices for key EBS benthic forage groups.
In doing so, we aimed to maximize the spatial and tem-
poral extent of data coverage contributing to each index.
Specifically, we estimated spatiotemporal patterns of benthic
forage groups that correspond to functional groups or nodes
in EBS food web models (Aydin et al. 2007, Whitehouse et al.
2021) and are therefore of interest with respect to modeling
trophic flows. Annual abundance indices of the forage groups
may thus also hold value for characterizing ecosystem trends
and contribute to ecosystem indicator development efforts
(Zador et al. 2017, Siddon 2024). In addition, we demon-
strate how the fitted models can be used to generate a wider
range of products with relevance for spatial management and
the characterization of biogeographic patterns. Although we
focus here on the estimation of spatiotemporal patterns, we
note that the modeling framework can also be used to test
causal hypotheses regarding forage distributions, and is the
subject of ongoing research.

Material and methods

Our analysis proceeded in two phases. First, we fic spatio-
temporal models to the diets of benthic predators to estimate
densities for several important benthic forage groups. Where

Max annual
(A) (B) sample size
Greenland turbot 4 228
645N 4 Alaska plaice 4 322
Yellowfin sole 4 809
Northern rock sole A 580
62°N Pacific halibut - 747
o Bering flounder 4 166
5 Flathead sole 4 732
" Pacific cod 4 1999
- 58°N - Walleye pollock 4 3101
Alaska skate 4 747
_ Arrowtooth flounder 4 1316
N 1990 2000 2010 2020
Year
SN T T T T Relative sample size (%) 25 50 75 100
175°W 170°W 165°W 160°W
Longitude

Figure 1. (A) Groundfish bottom trawl survey sampling grid for the southeastern Bering Sea and northern Bering Sea (SEBS and NBS,
green and blue outlines, respectively). Stations are located in the center of each grid cell and sampled annually. Dashed lines indicate 50 and
100 m isobaths. (B) Overview of stomach content sampling intensity for 11 predators sampled in the bottom trawl survey. Sample size
(filled circles) are scaled relative to the maximum number of individuals sampled in a single year.

Page 3 of 15



possible, we evaluated the level of correlation between diet-
based forage density estimates and those obtained from direct
survey-based measurements. In the second phase, we used the
fitted models to estimate 1) distribution maps and assess core
benthic forage group habitat areas, 2) obtain region-wide
annual biomass indices, and 3) evaluate bioregions in the
EBS based on benthic forage community composition and
change in bioregion area over time. We first provide over-
views of the EBS diet data and modeling framework, then
describe analytical approaches for achieving objectives in the
first and second analysis phases.

Eastern Bering Sea diet data

We obtained diet data for 11 predator species that feed signif-
icantly on benthic forage groups (Supporting information).
All were sampled as part of a fishery-independent bottom
trawl summer groundfish survey of the EBS by NOAA
Alaska Fisheries Science Center (Livingston et al. 2017).
The survey covers the southeastern and northern Bering Sea
(SEBS and NBS), with areas of 4.9 X 10° and 2.0 X 10° km?,
respectively. Sampling stations are gridded, with 20 km spac-
ing (Fig. 1A; Stevenson and Lauth 2012). In the SEBS, the
survey has been performed nearly continuously using the
same sampling design since 1982. For the NBS, the first sur-
vey was performed in 2010, again in 2017 and 2019, and
annually from 2021 to 2023. As part of the surveys, stomach
content data are collected from predators using an area- and
length-stratified sampling design (Livingston et al. 2017).
We focused our analyses on diet data collected between 1984
and 2022, when sampling intensity was generally higher and
included multiple predators, with the exception of years when
the bottom trawl survey was not performed (2020) or suffi-
cient diet data were not collected (2004 and 2020; Fig. 1B).
Additional details regarding the bottom trawl survey design
and stomach sampling are provided in the Supporting infor-
mation. All analyses were limited to 1984 through 2022
based on diet data availability (Fig. 1B).

Based on previous food web modeling efforts (Aydin et al.
2007, Whitehouse et al. 2021), we identified nine benthic
invertebrate forage groups that, combined, support 45% of
consumption demands for all EBS fish: polychactes, ben-
thic amphipods, benthic shrimps, bivalves, brittle stars,
snow crab C. opilio, Tanner crab Chionoecetes bairdi, miscel-
laneous worms, and miscellaneous crustaceans. The group
‘miscellaneous worms’ primarily consists of annelid worms
(including oligochaetes, leeches, flatworms) and sipunculids
while ‘miscellaneous crustaceans’ consists of epifauna such as
cumaceans, isopods, and small-bodied arthropods (see the
Supporting information for additional taxonomic details of
cach forage group). Although most of the forage groups are
taxonomically diverse, they correspond to distinct functional
groups or nodes in regional food web models (Aydin et al.
2007, Whitehouse et al. 2021) and are therefore relevant for
system monitoring in the EBS.

Predators were included as samplers of a forage group if 1)
diet records were available from at least 1000 individuals and
2) the forage group appeared in at least 10% of individual
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diets. The number of predators included in forage group
models ranged between seven (polychaetes and benthic
amphipods) and one (snow and Tanner crabs; Supporting
information). Maps depicting stomach sampling intensity
over the survey area are provided for each predator species
in the Supporting information. For two of the most widely
distributed predators in the region, Pacific cod and walleye
pollock, the proportion of the survey area covered by stom-
ach samples ranged between - 80 and 97% across most years
(Supporting information). For the remaining predators, spa-
tial coverage was lower and more variable due to changes in
sampling effort over time and differences in predator distri-
butions (Supporting information). However, when stomach
samples from all potential samplers of a forage group were
pooled, spatial coverage of the survey area was higher overall
and typically greater than 80% for all but three groups (brit-
tle stars, bivalves, and miscellaneous crustaceans). For those
groups, spatial coverage was relatively high (> 70%) in years
prior to 2000, but declined markedly thereafter (Supporting
information).

For each individual predator, we first obtained the spe-
cific forage mass (g forage g™' predator), where predator mass
was calculated from predator length using published length—
weight relationships (Reum et al. 2019). Predators were then
binned according to 5 cm length intervals, and specific forage
masses were averaged by sample date, station, and size bin.
The resulting mean value was treated as the response vari-
able in statistical models. Averaging was deemed necessary to
reduce the data set size and improve computational efficiency
of the analysis (Griiss et al. 2021). Predator length, which is
included as a covariate in models, was obtained in a similar
manner.

Spatiotemporal models
We sought to estimate prey biomass densities as a thinned
and double-marked point process. To do so, we fit the model
using the multivariate spatiotemporal package ‘tinyVAST’
(Thorson et al. 2024a). Here, we describe the model using
vector-matrix notation, i.e. bold for vectors (Edwards and
Auger-Méthé 2019), but modify notation from ‘tinyVAST’
for clarity of presentation.

We specify a log-linked linear predictor for prey bio-
mass density 4, at discretized locations s within a con-
tinuous spatial domain s €  and annual time intervals

fe{198;1983.”2022}

log(4,)=B, +o, +,

where f, is an annually varying intercept, ® is a spatially cor-
related random effect that is constant over time:

w~MVN(0,62R™1)

and where R is a spatial correlation matrix that approximates
a Matérn correlation function that accounts for geometric



anisotropy (Thorson et al. 2015) and uses the SPDE method
(Lindgren et al. 2011) with estimated decorrelation rate x,

Gi is the estimated magnitude of spatial variance, and MVN

indicates a multivariate normally distributed variable. In
practice, ® (and other spatially correlated random effects in
the model) are represented using a triangulated mesh, where
vertices (or ‘knots’) are used to approximate spatial variability
of the observations and bilinear interpolation is used to gen-
erate a continuous spatial field.

Similarly, €, is a spatially correlated random effect that var-
ies for each year #

ift =1982

5 { MVN(0,62R™1)
€ ift > 1983

MVN(pe.,02R~1)

where G- is the estimated spatiotemporal variance and p is
the estimated magnitude of first-order autoregression in the
spatiotemporal term (where @ and €, use the same estimated
decorrelation rate ).

However, we estimate prey biomass density 4, using bio-
mass samples y, from C predators, where c[7] indicates the
predator for a given sample 7. We assume that biomass con-
sumption can be approximated as foraging individual prey
items (i.e. approximately a Poisson point process) where each
prey item follows a continuous size (i.e. approximately a
gamma distribution). These assumptions result in a Tweedie
distribution with intensity A, for each sample (Thorson et al.
2022), which can be fitted as a generalized linear mixed
model:

Y, ~ Tweedie(?xi,d)[[,-], P)

where ¢, is the dispersion for each predator ¢ and p is the
power parameter that is shared across predators. Similarly,
foraging intensity A, is affected by prey biomass density as
well as an additional term representing thinning rates, i.e.
variation in foraging area as well as attack, capture, and diges-
tion rates among predators:

dg[iefi X q;
M_'—l fora ghi;g rate

ey biomass density .
relative to reference

where catchability ¢, includes the expected log-ratio vy,
for foraging rates for each predator ¢, as well as a spatially
varying coefficient (SVC) €, ., (Thorson et al. 2023) rep-
resenting variation in foraging rates for each predator ¢ at
location s:

_ 2
log(qi) = Zﬂi + Eie) T QX + Oy %, 64;‘]4
intercept SvC

covariates

and where SVC & for predator ¢ at location s

£, ~MVN(0,72R™1)

where 17 is the estimated SVC variance for each predator.
For identifiability, we specify thaty - =0 and § . =0 fora

selected reference predator ¢, such that y, for other predators
is their expected ratio relative to reference predator ¢'. We also
estimate a dome-shaped response of foraging rates to bot-
tom temperatures for each predator by including a separate
response (o, . and o, ) for each predator to bottom tempera-

2 .
ture x,, and bottom-temperature squared x_, as covariates.

Finally, we include a separate response 8, for each predator
to predator body length / for each diet sample as covariate to
account for size-based shifts in foraging rates and preference.
We center temperature and predator length (by subtracting
off their mean) prior to model fitting.

For all forage groups, the model domain spanned both the
SEBS and NBS, and spatial components of the model used
a mesh with a minimum distance between knots (i.e. cutoff)
of 60 km, resulting in 352 knots total. To fit the models,
‘tinyVAST” utilizes Template Model Builder, which employs
the Laplace method to approximate the marginal likelihood.
It then optimizes the log-marginal likelihood using gradients
computed using automatic differentiation (Kristensen et al.
2016). After ficting, model convergence was confirmed (all
marginal log-likelihood gradients were < 1.0 X 10~ for fixed
effects and the Hessian matrix of secondary derivatives of the
negative likelihood were positive-definite). To evaluate model
fit, we used simulation-based probability-integral-transform
(PIT) residuals (Smith 1985, Warton et al. 2017) visual-
ized using R package ‘DHARMa’ (Hartig and Lohse 2020)
and examined histograms and QQ-plots of the ‘DHARMa’
residuals. All forage group models successfully converged
and exhibited normally distributed residuals and relatively
uniform distributions of PIT residuals between 0 and 1,
indicative of adequate model fit (Hartig and Lohse 2020,
Supporting information).

Composite measures of local prey densities

Under the modeling framework, the SVC term &, ; per-
mits foraging rates to differ over space between predator spe-
cies. Therefore, maps of relative forage densities depend on
the SVC effect sizes of the specified predator. If a rationale
exists for selecting one predator species as a better sampler
of a forage group over another, distribution maps based on
that predator alone may be appropriate (Griiss et al. 2023).
However, analysts may lack a strong rationale for doing so.
Instead, composite measures of forage density that combine
predictions from all predators may be appropriate. We consid-
ered two possible approaches. For the first, we assumed that
predator-specific spatial processes that manifest as different
SVCs have an equal chance of increasing or decreasing pre-
dicted foraging rates relative to other predators in the model
(for instance, the availability of alternative forage groups or
presence of habitat features that change foraging success). We
then defined the composite measure, Dy, , as an average of
the expected relative foraging rates of the predators, where:
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DEq.s,t - E

For each predator ¢ we obtained expected foraging rates A,
for locations s in year #, and body lengths for each predator
species that corresponded to the size that on average fed most
heavily on the forage group. Specifically, for each predator we
used their mean body length weighted by the specific mass of
the forage group from the diet data set.

In the second composite measure, we made the additional
assumption that the average prevalence of a forage group in
the stomachs of a predator was proportional to its overall
effectiveness as a sampler. That is, predators that fed heavily
on a forage group were in general better samplers of that for-

age group. For the resulting composite measure, we obtained
A,,. as before, but weighted values for each predator by their

mean expected foraging rate. The weighted composite mea-
sure, Dy, , is given by:

Dy,,, =— Z?x. W,

where the normalized weights, w,, for each predator ¢ are cal-
culated as:

_ )\‘Avc,f
We = c .
: 7\‘Ave c
c=1
and A, is the geometric mean of all &, _ for predator ¢. We

subsequently compared relative density maps based on Dy ,,
and Dy, , and a third measure based on expected foragmg
rates for ‘the references predator alone (that is, simply 7\,

Dy, ;> Griiss et al. 2023).

Correspondence between diet- and survey-based
density estimates

We evaluated diet-based estimates of relative forage densi-
ties against observed densities for four benthic forage groups
with available data: snow and Tanner crabs, polychaetes, and
bivalves. For crabs, we obtained biomass density estimates
directly from the annual bottom trawl survey and calculated
densities for crabs with carapace widths (CW) < 90 mm.
The bottom trawl utilized in the survey has a 32-mm mesh
codend liner and is considered useful for sampling Chionocetes
crabs with CW > 30 mm (Kotwicki et al. 2017). Because
Pacific cod, their main groundfish predator, feed on indi-
viduals between 20 and 90 mm CW;, trawl density estimates
were deemed suitable for validating diet-based estimates. For
these forage species, the number of stations with both survey-
and diet-based density estimates within a year was ~ 350.
Due to the prevalence of zeros in the survey biomass density
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observations and failure to meet normality assumptions, we
computed the spatial correlation within each year using the
nonparametric Spearmans ranked correlation coeflicient
(called ‘spatial correlations’ hereafter), and visualized the
distribution of spatial correlations across all years. Although
ranked correlations are less sensitive to outliers and linearity
assumptions than parametric alternatives, they are best for
characterizing monotonic relationships between variables.
Trawl density estimates were not used to validate diet-based
estimates for other epibenthic forage groups because the
trawl is less effective at sampling organisms with significantly
smaller body widths (e.g. benthic amphipods and shrimp)
and those that are fragile and easily crushed by other catch in
the net (e.g. brittle stars).

For polychaetes and bivalves, we obtained field density
estimates based on samples collected using a 0.1 m* Van Veen
benthic grab (Yeung et al. 2010, Yeung and Yang 2014, 2017,
2025). Benthic samples were available for 11 years between
2006 and 2019, but covered a substantially smaller propor-
tion of the survey area in a given year (Supporting informa-
tion). On average, 23 stations were sampled within a year,
but ranged from 10 to 42; temporal replication across sta-
tions was low (Supporting information). We paired benthic
grab biomass densities with diet-based composite density
estimates averaged within a 10 km radius of the benthic grab
location and calculated spatial correlations in the same man-
ner as that for crabs.

Index standardization

Given the fitted model, we estimated area-expanded biomass
indices for each forage group for the SEBS where annual
sampling has occurred the longest. To do so, we divide the
EBS model domain T! into a set of 1248 square grid cells
(each with an area of 10.4 km?), and record the spatial area a,
and centroid for each cell. We then predict expected foragmg
rates & . at locations s in year ¢ for the ‘reference predator’
¢ at the sample -average predator length:

log(kw* ) =B, +o, +¢,, + Q %, T O, X

Next, we calculate the forage biomass index &, as the area-
expanded expected foraging for that predator:

7

b = Zﬂjxm’[*

s=1

where @ is the area associated with each prediction s. To
mitigate bias arising from retransformation and skewness of
random effects, we apply the epsilon estimator (Thorson and
Kristensen 2016), and we also calculate the standard error
using a generalization of the delta method (Kass and Steffey
1989). This model-based estimator is essentially ‘filtering out’
the variation in predator foraging rates g, by converting these
to be in units of expected forage biomass for the reference



predator ¢ and at standard length. Due to the additive struc-
ture of the model and common spatiotemporal effect €, the
resulting index time series is often insensitive to the choice of
predator as reference when expressed in anomaly space.

Forage distribution and hotspot maps

For each forage group, we generated time-averaged distribu-
tion maps of relative biomass densities for the entire EBS
survey area (SEBS and NBS) based on composite density
measures and evaluated evidence for forage biomass hotspots
in terms of agreement across predators. For the latter, we
defined biomass hotspots as the top fifth of EBS area with
the highest relative forage densities. Given a forage group,
we obtained time-averaged relative density maps for each
predator species. Next, we categorized 20% of EBS area that
accounted for the highest forage densities as a forage density
hotspot for each predator. We noted areas where agreement
across predator species in hotspot designation was greater
than 50 and 80%.

Bioregion analysis

We identified bioregions based on benthic forage community
composition using k-means cluster analysis (Legendre et al.
2012) and evaluated change in their spatial extent in the
SEBS over time. We focused on the SEBS again due to the
availability of diet data over a greater number of years. To
perform the analysis, we first standardized composite densi-
ties across forage groups by rescaling values to have a maxi-
mum of 1 (values were divided by the maximum composite
density of each respective forage group). Next, we square-root
transformed values to downweight the relative importance
of locations and time periods with unusually high densities
(Legendre and Legendre 2012). To identify regions and time
periods with similar community composition, we performed
k-means cluster analysis on the transformed site X year for-
age community densities. The clustering method is robust
to species with variable or patchy distributions and is useful
for grouping geographic regions based on species distribu-
tion data (Pata et al. 2024). Specifically, we assumed a range
of clusters (=2 to 15) and selected the cluster number at
which additional clusters did not appreciably decrease the
total within-cluster sum of squares (Legendre et al. 2012).
We subsequently assigned bioregions across all site X year
combinations according to cluster classification and exam-
ined change in spatial extent over time and differences in
community composition between bioregions using principal
components analysis (PCA).

Results

Composite measures of forage group density that averaged
foraging rates of predators in the model (D, ) and weighted
averages based on the relative prevalence of the forage group
in predator diets (D) were highly correlated with each

other and the third density measure based on the reference
predator alone (D, ; Supporting information). Within all

forage groups, correlations between density measures was
high, exceeding 0.83 with a mean of 0.96 (Supporting infor-
mation). For simplicity, we therefore limit all subsequent
analyses to Dy, , .

Spatial correlations between survey- and diet-based forage
densities were positive on average, but tended to be lower
for polychaetes and bivalves (p=0.45 and 0.20, respectively)
relative to those for snow and Tanner crabs (0.69 and 0.61,
respectively; Fig. 2A). Spatial correlations also varied greatly
among years for polychaetes and bivalves, with negative
correlations occurring in 12 and 30% of years, respectively
(Fig. 2A). In contrast, for the more well-sampled snow and
Tanner crabs, spatial correlations were positive in all years
and more tightly distributed around the multiyear average
value (Fig. 2A). For polychaetes and bivalves, the validation
data set (based on direct benthic grabs) was significantly more
limited in time and space and thus likely subject to higher
sampling error relative to that used for the crab validation
(the annual bottom trawl survey). Based on time-averaged
maps for snow crab, the diet-based density estimates captured
the northerly distribution evident in the survey-based esti-
mates, although the former indicated higher densities over
a wider area (Fig. 2B). For Tanner crab, diet-based density
estimates were also able to capture spatial patterns evident in
the survey-based data, namely, densities concentrated in the
southwestern region of the survey area (Fig. 2B).

To summarize and highlight differences in the distribution
of each forage group, we obtained time-averaged maps of rel-
ative densities (Fig. 3). In general, forage groups with higher
densities in deeper, offshore waters included brittle stars
and Tanner crabs while benthic shrimps were concentrated
in shallower, inshore waters (Fig. 3). Benthic amphipods
were concentrated mid-shelf, and snow crab also exhibited
a strong increase in abundance with latitude (Fig. 3). The
remaining forage groups exhibited patterns that were more
irregular, for instance, bivalve and miscellaneous crustacean
densities were roughly u-shape in distribution, with lower
densities mid-shelf and to the north (Fig. 3). These general
spatial patterns were also evident across years for each forage
group, though spatiotemporal variation was also prevalent to
varying degrees (Supporting information). For instance, the
offshore dominance of brittle stars and inshore dominance
of benthic shrimps largely persisted across years (Supporting
information), whereas in high abundance years, densities
of polychaetes appear to expand southward and shoreward
(Supporting information), benthic amphipods expand south-
ward and across the survey domain (Supporting informa-
tion), and snow crab expand at the southern end of their
distribution (Supporting information).

Areas designated as abundance hotspots with moderate
and high agreement across predators (> 50 and 80% agree-
ment, respectively) tended to coincide with regions with
high densities based on the composite density values (Fig. 3).
However, for some forage groups such as polychaetes and
miscellaneous worms, the area of high hotspot agreement was
small, indicating higher spatial variation among predators
in diet patterns for those groups (Fig. 3). In contrast, areas
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of high hotspot agreement were larger for benthic shrimps,
miscellaneous crustaceans, and brittle stars, indicating lower
spatial variation among predators. In the case of snow and
Tanner crabs, only one predator (the widely distributed
Pacific cod) was included in their respective models, thus no
disagreement is represented in the hotspot demarcation.
Spatial coverage of diet samples for predators of bivalves,
brittle stars, and miscellaneous crustaceans was poor after
2001 (Supporting information). Abundance indices for
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) methods.

those forage groups are therefore not shown for those years.
Overall, benthic species showed a variety of trends and
apparent cycles (Fig. 4), which could be fitted as abundance
indices in future models. For example, benthic amphipods
and miscellancous worms both went from relatively high
to low abundance from 1990 to 2000. Alternatively, poly-
chaetes and Tanner crabs have cycles from high to low to
high abundance from 2010 to 2022, which roughly corre-
spond to cold—warm stanzas.



Polychaete Ben.Amphipods
o
b %
J"‘“”‘. . 4
= :,\ ®

Misc.Worms.Etc

Bivavles

b 1.00
.. i -
y ‘ Q 0.40
v O 0.10
l":'»\/é‘ll ",-_'
L 4 : 0.01
S 0.00

Snow.crab

Figure 3. Time-averaged map of relative densities (Dy,

Tanner.crab

.) for benthic forage groups for the eastern Bering Sea (EBS) (northern Bering Sea

(NBS) +southeastern Bering Sea (SEBS)). For forage groups modeled with only one predator (snow and Tanner crabs), contour lines
demarcate hotspots (20% of area that accounts for the highest prey densities). For the remaining forage groups, densities are based on multi-
predator models, and contour lines indicate agreement level across individual predator species in hotspot location. Dashed contour lines
indicate hotspots with > 50% agreement across predators; solid lines, > 80%.

We limited the bioregional analysis to six forage groups
with the most complete temporal sampling in the data set:
polychaetes, benthic amphipods, benthic shrimp, miscella-
neous worms, and snow and Tanner crabs. Five bioregions
were identified through cluster analysis with distinct commu-
nity compositions (Fig. 5). On average, bioregion A occurred
in inshore waters and was characterized by relatively high
densities of benthic shrimps and low crab densities (Fig. 5).
Bioregion B occurred in northern mid-shelf waters and con-
tained higher relative densities of polychaetes and both snow
and Tanner crabs (Fig. 5). Bioregion C and D both occurred
mid-self but the latter was characterized by higher densities of
benthic shrimp, miscellaneous worms, and snow crab while

densities for all forage groups in the former were near average
(Fig. 5). Finally, bioregion E was characterized by higher den-
sities of Tanner crab and occurred in offshore waters (Fig. 5).
To illustrate interannual variation in the spatial configuration
of the benthic forage community, we provide bioregion maps
for 1996, 2010, and 2016 which correspond to average, cold,
and warm years in terms of historical bottom temperatures
(Fig. 5D). Overall, bioregions occupying the mid-shelf (B, C,
and D) exhibited the largest changes in aerial coverage over
time (Fig. 5C). For instance, bioregion D (benthic amphi-
pods, miscellaneous worms, and snow crab) covered ~ 25%
of the SEBS from 1984 to 2015, then decreased to ~ 10%
thereafter (Fig. 5C). In contrast, bioregion B (polychaetes,
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snow and Tanner crab) fluctuated in area between 4 and 22%
prior to 2015, but showed an increasing trend thereafter,
approaching 35% by 2023. Similarly, bioregion C (average
relative densities) also fluctuated in the first half of the time
series, but exhibited a decreasing trend in the latter half of the
time series (Fig. 5C). Long-term trends were less apparent for
inshore bioregion A (benthic amphipods) and offshore biore-
gion E (Tanner crab; Fig. 5C).

Discussion

Fish productivity in the EBS strongly depends on benthic
invertebrate resources but capacity to monitor infauna and
small epibenthos at the ecosystem scale through conventional
direct sampling is currently limited. Our analysis helps to
address this gap and demonstrates application of a spatiotem-
poral modeling framework that permits synthesis of diet data
from multiple predators that can enable a variety of products
including estimation of distribution maps, regional biomass
indices, and assessment of forage community patterns. The
approach thus offers a potential way to build monitoring
capacity for forage groups using diet data that are already
routinely collected and could be usefully applied to other sys-
tems where similar sampling efforts exist.
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Importantly, we show that community structure, and thus
foraging opportunities for benthic predators, varies across
the shelf and is dynamic. In general, densities of polychaetes,
benthic amphipods, and snow crab increase with latitude,
brittle star and tanner crab increase offshore, benthic shrimps
increase inshore, and spatial patterns for the remaining
groups are more irregular. Against these average spatial pat-
terns, we show that interannual variation in abundance also
fluctuates widely for each forage group along with distribu-
tional shifts. Other spatial distribution data on benthic forage
groups, particularly infauna, are highly limited for the EBS.
To our knowledge, the only studies in the past 40 years used
benthic grab samples collected opportunistically over the
period 2006-2021 to examine the distribution of the dom-
inant infaunal groups (Yeung et al. 2010, Yeung and Yang
2018). The results generally show higher polychaete densi-
ties on the inner shelf (< 50m deep) — both in the NBS and
in the SEBS near the Alaska Peninsula. Amphipod densities
also trended higher in the north, while bivalves were more
widely distributed, with lower-density areas nearshore north
of 60°N and on the middle shelf (50-100 m depth) north
of the Peninsula (Yeung and Yang 2018). However, this spa-
tially sparse data set covers only a small portion of the EBS
and cannot address temporal variability, thus complicating
direct comparison with our results. The present analysis has
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focused on the synthesis of diet data to generate a descrip-
tive understanding of how benthic forage groups change over
space and time, but an important next step is to explain how
environmental conditions govern variability. We recommend
extending the spatiotemporal modeling framework presented
here and estimating the effect of candidate environmental
covariates or, alternatively, by applying time series analyses
(Thorsen et al. 2024b) to abundance indices generated using
the model.

The multi-predator modeling approach we employed
builds on previous single-predator efforts that adopted a
similar spatiotemporal modeling framework (Ng et al. 2021,

Griiss et al. 2023), but affords at least three principal ben-
efits. First, including multiple predators with different distri-
butions increases the area sampled by predators in aggregate
(and therefore the spatial coverage of stomach samples as
well) and is more likely to encompass the forage species or
group distribution. As overlap increases between predator
and forage species, the resulting diet-based abundance index
becomes more informative (Ng et al. 2021). Second, by
including stomach content data from multiple predator spe-
cies in the model, higher frequencies of samples over time and
densities over space can be achieved, permitting estimation of
finer-resolution spatiotemporal patterns. Last, the precision
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of parameter estimates and derived quantities may be better
in multi-predator relative to single-predator models due to
the larger quantity of data used in their fitting (Griiss et al.
2023), while also allowing us to characterize aspects of varia-
tion in forage density maps among predators (e.g. hotspot
agreement across predators, Fig. 3). That said, inclusion of
multiple predators requires careful consideration of how for-
aging rates are combined to develop composite measures of
local forage densities. Other differences in predator behav-
ior, namely, foraging range, may also complicate efforts to
develop abundance indices on finer spatial scales — the level
of correspondence between stomach content data and local
forage densities may differ across predators if foraging ranges
also differs. Although the two approaches that we considered
were highly correlated, we do not presume this will necessar-
ily be the case in other systems or for other prey types. We
encourage additional research into other potential methods
for integrating predictions across predators, for example, if
sufficient survey-based density estimates are available, data-
weighted ensemble approaches or cross-validation optimiza-
tion methods may be advantageous (Dormann et al. 2018).
Further, depending on research objectives, it may also be rea-
sonable to pool diet data, disregarding predator species alto-
gether (Gaichas et al. 2024).

The present analysis demonstrates methods for inferring
benthic forage abundances from diet data, but we note that
the derived products have several potential applications in the
context of research and ecosystem-based fisheries manage-
ment in the EBS. Foremost, biomass indices for forage spe-
cies may help to characterize system-level changes in benthic
productivity in the EBS and the favorability of conditions for
fish growth and potentially survival (Yeung et al. 2010, Yeung
and Yang 2014, 2017). Such insights can help provide addi-
tional qualitative context for decision-making with respect to
total allowable catch limits (Zador et al. 2017, Barbeaux et al.
2020). Regional maps of benthic forage can inform fisher-
ies management decisions regarding spatial management. For
example, fisheries managers in the USA are required to iden-
tify the location of prey species’ habitat in their fisheries man-
agement plans (i.e. Component-7 of essential fish habitat, see
US Code of Federal Regulations Titde-50 §600.815, https
:/[www.govinfo.gov/content/pkg/ CFR-2023-title50-vol12/
xml/CFR-2023-title50-vol12-part600.xml#seqnum600.81
5), and this information could be used to minimize fishing
impacts on prey abundance. From a modeling perspective,
abundance indices could prove useful as covariates in sin-
gle- and multispecies stock assessments (Ianelli et al. 2016,
Holsman et al. 2020, Gaichas et al. 2024) and aid calibra-
tion and parameterization of ecosystem models (Reum et al.
2020, Whitchouse et al. 2021), and distribution patterns can
help refine spatially explicit EBS models including biogeo-
chemical models coupled to regional ocean models (Gibson
and Spitz 2011, Hermann et al. 2016, Kearney et al. 2020).
Importantly, the modeling approach employed here, along
with recent extensions (e.g. dynamic structural equation
models, Thorson et al. 2024b), also provides a framework
for evaluating how habitat variables, predation pressure, and
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disturbances such as those arising from bottom trawling, may
drive observed spatiotemporal patterns (Thorson 2019), and
are the foci of ongoing research.

Our analysis demonstrated correspondence between
diet- and survey-based forage density estimates, which offers
encouraging support for inferring abundance patterns using
diet data. However, we also note the lower mean and larger
spread of annual spatial correlation coeflicients for poly-
chaetes and bivalves relative to snow and Tanner crabs. For
the former forage groups, weaker and more variable correla-
tions were likely driven by higher sampling error, but model-
ing artifacts and predator foraging behaviors may also have
played important roles. Relative to the crab validation data
set, higher levels of sampling error may be driven by: 1) the
smaller sampling area of benthic grabs relative to the bottom
trawl (0.1 m? versus ~ 0.25 km?); 2) the sampling of fewer
stations (23 versus -~ 350 stations each year on average for
polychaetes, bivalves, and crabs, respectively); and 3) limited
temporal replication of sampling at stations — if spatial corre-
lations differ between subregions, this will impart additional
variability. Further, it is possible that the coarse taxonomic
levels we aggregated the benthic grab data to (to maximize
comparability with the most diet samples) weakened rela-
tionships that may exist if finer taxonomic levels are adopted
(Yeung et al. 2010).

However, challenges more general to our modeling
approach may also have weakened correlations. For instance,
the models” average diet information at scales related to knot
spacing (here, a minimum distance of 60 km), and it is pos-
sible that models fit at finer scales may improve correlations
at the cost of computational efficiency. Similarly, predator
behavior may limit the potential correlation between diet and
local prey densities if, for example, predators forage over large
areas or exhibit behaviors such as prey switching in the pres-
ence of alternative prey. While we are presently unable to dis-
entangle the relative importance of these different processes,
the stronger, more stable correlations associated with the
larger validation data set for Tanner and snow crabs indicates
that the approach holds merit. That said, we encourage large-
scale paired sampling of predator stomachs and macrobenthos
to further refine and validate our method for EBS predators.

We envision several lines for continued research regarding
spatiotemporal models for stomach content analysis:

1) Prey switching: Changes in thinning rates (i.e. attack and
capture probability) are confounded with prey or forage
densities. These potential changes could be examined
by adding covariates to the model that account for the
biomass of alternative prey in predator stomachs, which
would essentially correct for decreased predator attack
probabilities when alternative prey are present. In particu-
lar, these models are amenable to joint models including
multiple prey and predators, e.g. using ‘tinyVAST".

2) Nonlinear functional responses: Predators may forage
over a wider area when prey densities are low, and this
would result in a correlation between thinning rates and
prey density. Just as thinning rates are analogous to gear
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catchability in fishery CPUE standardization, this non-
linearity is analogous to hyperstable CPUE (Hilborn and
Walters 1992, Wilberg et al. 2009). We imagine that
hyperstability would be identifiable given auxiliary infor-
mation, e.g. when intercalibrating stomach samples rela-
tive to conventional sampling methods.

3) Process research: Predators typically digest prey faster in
warmer waters (Andersen 1999) or may change prey search
volume (and thus prey encounter rates) and prey attack
rates (Englund et al. 2011, Gliwicz et al. 2018). Analysts
could potentially account for variation in ‘thinning rates’
attributable to temperature-dependent stomach evacua-
tion, attack, or search rates by including temperature as an
offset variable, using laboratory measurements of the vari-
ous rates. We therefore encourage collaborative research
with experimental researchers to measure temperature
dependencies (and other habitat-related dependencies) in
foraging processes.

4) Joint modelling: Finally, we have relied upon diet data
derived from the visual identification and sorting of
stomach contents from predators sampled with bottom
trawl. However, some prey species may be more easily
identified (or to a higher taxonomic resolution) using
environmental DNA (Traugott et al. 2021) and methods
for estimating abundance are emerging (Stoeckle et al.
2021, Fukaya et al. 2022). We therefore recommend
efforts to integrate eDNA and visual stomach sampling.
Additionally, past research has applied model-based inter-
calibration to jointly model stomach contents and con-
ventional gears (Griiss et al. 2023). For those species where
stomach contents and surveys produce correlated indices
(e.g. Tanner and snow crabs), we envision that these two
data sets could be jointly modeled, thereby estimating for-
age habitat utilization across a larger spatial and/or sea-
sonal domain. Ultimately, we encourage development of
more synthetic research programs to take advantage of
evolving spatiotemporal modeling frameworks and recent
advances in how stomach content data are conceptualized

(Thorson et al. 2022).

The use of predators-as-samplers has grown rapidly in the
last two decades as a practical, complementary method for
characterizing the distribution and abundance of forage spe-
cies (Link 2004, Deroba 2018, Ng et al. 2021, Griiss et al.
2023, Gaichas et al. 2024). Our analysis makes significant
inroads with respect to the synthesis of diet data from mul-
tiple predator species and provides among the most compre-
hensive overviews of benthic prey distributions of the EBS to
date. Given evidence of rapid environmental changes due to
warming (Siddon etal. 2020, Carvalho etal. 2021, Huntetal.
2022), an important next step is to evaluate potential drivers
of change in the benthic community within the context of
the larger EBS ecosystem. That said, the biomass indices and
distribution patterns obtained under the modeling frame-
work are valuable in their own right, and should be relevant
for ecosystem monitoring, heightening both the value of diet
data and need to continue sampling into the future.
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