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Abstract

Changing distribution and abundance of small pelagic fishes may drive changes in predator distributions, affecting predator
availability to fisheries and surveys. However, small pelagics are difficult to survey directly, so we developed a novel method of
assessing the aggregate abundance of 21 small pelagic forage taxa via predator stomach contents. We used stomach contents
collected from 22 piscivore species captured by multiple bottom trawl surveys within a vector autoregressive spatio-temporal
model to assess trends of small pelagics on the Northeast US shelf. The goal was to develop a spatial “forage index” to inform
survey and (or) fishery availability in the western North Atlantic bluefish (Pomatomus saltatrix) stock assessment. This spatially
resolved index compared favorably with more traditional design-based survey biomass indices for forage species well sampled
by surveys. However, our stomach content-based index better represented smaller unmanaged forage species that surveys are
not designed to capture. The stomach-based forage index helped explain bluefish availability to the recreational fishery for
stock assessment and provided insight into pelagic forage trends throughout the regional ecosystem.
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Introduction

Small pelagics are widely recognized for their critical func-
tion as forage, supporting human populations as well as har-
vested fish and protected species in ecosystems worldwide
(Alder et al. 2008; Pikitch et al. 2014). In some ecosystems,
one or two small pelagic species may dominate as forage
(Chavez et al. 2008), while in others a wide variety of small
pelagic species fill this role together (Garrison and Link 2000;
Engelhard et al. 2014). In both instances, understanding fluc-
tuations in small pelagics is an important component of an
ecosystem approach to management; low abundance of small
pelagics can have implications for both directed small pelagic
fisheries and management of their predators (Cury et al.
2000). Conversely, high aggregate abundance of small pelag-
ics can provide a robust forage supply for generalist preda-
tors even if individual small pelagic species are depleted. Fish
predators generally select the most abundant prey in the en-
vironment, so as individual prey populations vary, fish preda-
tors respond by switching prey (Smith and Smith 2020).

In addition to abundance, spatial distribution of small
pelagics has clear implications for both predators and fish-
eries. Central place foragers such as seabirds require small

pelagics close to breeding colonies during the breeding sea-
son (Koehn et al. 2021), while free-ranging highly mobile fish
predators can follow small pelagics if their distributions shift
further offshore. Similarly, fisheries prosecuted on large ves-
sels are better equipped to follow mobile predators offshore
(Bertrand et al. 2004), while shore-based artisanal and recre-
ational fisheries may lose access to mobile predators that
follow prey offshore. Changing spatial distribution can also
impact stock assessments if changing availability of assessed
fish cannot be incorporated into assessment models (O’Leary
et al. 2020).

Many exploited small pelagic populations have a long his-
tory of scientific assessment, providing insight into long-term
and short-term fluctuations relevant to both the fishery and
the wider ecosystem (Boerema and Gulland 1973; Sydeman
et al. 2020; Kuriyama 2022). However, spatial shifts within a
small pelagic stock’s range affecting different predator pop-
ulations and distributions are difficult to track using con-
ventional spatially aggregated stock assessment approaches.
In addition, for ecosystems where small pelagics represent
a mix of managed and unmanaged species, information on
unmanaged species is often lacking, hindering assessment of
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the status of the full forage base supporting predators and
other fisheries.

The objective of this work was to create a “forage index”
to evaluate changes in small pelagics over time and in space
in the Northeast US continental shelf ecosystem, where a di-
verse mix of managed and unmanaged small pelagic species
support a wide range of predators (Link 2002; Link et al. 2009).
This ecosystem has a long history of fishery-independent sam-
pling for demersal species, but sparse directed sampling for
small pelagics. Developing an index of small pelagics in this
ecosystem was a high priority for two applications: address-
ing uncertainty in the stock assessment for a key predator
species, bluefish (Pomatomus saltatrix), and describing aggre-
gate forage species trends for integrated ecosystem assess-
ment.

Bluefish are medium-sized, rapidly growing pelagic pisci-
vores known to prey on a wide variety of small pelagics and
to target areas of dense prey (Buckel et al. 1999; Collette and
Klein-Macphee 2002; Sanchez-Jerez et al. 2008). Writing in the
1950s, Bigelow and Schroeder described bluefish as “perhaps
the most ferocious and bloodthirsty fish in the sea, leaving
in its wake a trail of dead and mangled mackerel, menhaden,
herring, alewives, and other species on which it preys”. Par-
ticipants in the US bluefish fishery have raised concerns
that changes in prey distribution may change bluefish avail-
ability to surveys and recreational fisheries, creating uncer-
tainty in stock assessments and subsequent fishery manage-
ment (Mid-Atlantic Fishery Management Council (MAFMC)
Fishery performance report 2021). Therefore, spatial and tem-
poral trends in the small pelagic prey of bluefish needed to
be characterized to address this concern.

Our approach was patterned on Ng et al. (2021), which
used predator stomach data to create a biomass index for
a single prey, Atlantic herring, using vector autoregressive
spatio-temporal modeling (VAST; Thorson and Barnett 2017;
Thorson 2019). Our approach has two main differences from
that of Ng et al. (2021) First, we generate an index for small
pelagics or “bluefish prey” in aggregate rather than a single
prey species. Second, the index is intended to inform varia-
tion in bluefish availability, rather than to directly estimate
the scale of prey biomass or consumption. A relative index of
aggregate prey is our goal. Further, we include inshore and
offshore regions by combining data from two regional bot-
tom trawl surveys as was done for summer flounder biomass
in Perretti and Thorson (2019). Finally, since our goal was to
characterize the small pelagic prey field potentially driving
bluefish availability, and bluefish themselves are somewhat
sparsely sampled by the surveys, we characterize this prey
field in space and time by expanding our range of piscivore
samplers. We aggregate small pelagic bluefish prey observed
from all predators that have similar diet composition to blue-
fish to better represent small pelagic prey density and distri-
bution in the ecosystem. Although this forage fish index was
designed to reflect a range of bluefish prey, due to the in-
clusion of additional piscivore stomach data, the forage fish
index is broadly representative of trends that may affect mul-
tiple pelagic predators. This approach is generalizable to any
spatial subset of the full VAST spatial domain, such that small
pelagic forage indices for each ecoregion on the Northeast US

continental shelf can also be generated for use in integrated
ecosystem assessment.

Methods

We characterize mean weight per stomach of bluefish prey
from all piscivores caught at each survey location and model
that over time and space. Hypothesized covariates potentially
affecting perceived patterns in the bluefish prey index in-
clude number of predators, size composition of predators,
and sea surface temperature (SST) at each survey location.

Therefore, the steps involved to estimate the forage index
included defining the input dataset, running multiple config-
urations of the VAST model, and generating bias-corrected in-
dices using the selected model. Steps involved in defining the
dataset included identifying “bluefish prey”, defining a set of
piscivore predators with similar food habits to bluefish to in-
clude bluefish prey from a larger sample of predator stom-
achs, integrating diet data from two regional surveys, and in-
tegrating supplementary SST data to fill gaps in in-situ tem-
perature data measurements. Steps involved in running the
VAST model included decisions on spatial footprint, model
structure, and model selection to determine whether spatial
and spatio-temporal random effects were supported by the
data, and further model selection to determine which catch-
ability covariates were best supported by the data (Thorson
2019). Finally, subsets of the spatial domain were defined to
be consistent with broad ecosystem reporting regions as well
as bluefish assessment inputs for Northeast Fisheries Science
Center (NEFSC) survey indices and recreational fishery catch
per unit effort (CPUE). A bias-corrected (Thorson and Kris-
tensen 2016) forage index for each spatial subset was then
generated. We compared the resulting stomach-based prey
index to survey design-based biomass estimates for the same
group of species at broad ecosystem and seasonal scales to
gain insight into the differences between the approaches. In-
dex sensitivity to inclusion of minor and major prey, and
to the exclusion of predators with lower and higher sample
sizes was evaluated. We then explored the indices generated
at stock assessment scales as catchability covariates within
the framework of a state—space stock assessment model. Each
step is detailed below. All analyses were completed in R (R
Core Team 2022).

Input dataset

Fish food habits data are collected aboard several regional
fishery-independent surveys in the Northeast US. The longest
time series of stomach contents has been collected by the
NEFSC bottom trawl survey (Smith and Link 2010) from south
of Cape Hatteras, NC to the Scotian Shelf at the US/Canada
border (Fig. 1a) since the early 1970s, which represents the
bulk of the data for this analysis. The NEFSC survey changed
vessels and stopped sampling the shallowest inshore strata
in 2008. Using similar survey protocols to the NEFSC sur-
vey, the Northeast Area Monitoring and Assessment Pro-
gram (NEAMAP) survey has collected fish stomach contents
from these inshore strata between Cape Hatteras, NC and
Cape Cod, MA since 2007 (Northeast Area Monitoring & As-
sessment Program NEAMAP 2021). The full survey dataset
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Fig. 1. (a) Maps of Northeast USA states (ME = Maine, NH = New Hampshire, MA = Massachusetts, RI = Rhode Island, CT =
Connecticut, NY = New York, NJ = New Jersey, DE = Delaware, MD = Maryland, VA = Virginia), and Atlantic coastal features, (b)
areas corresponding to ecoregions Georges Bank (GB), Gulf of Maine (GOM), Mid-Atlantic Bight (MAB), and bluefish assessment
index areas in (c) bottom trawl survey index strata (SurveyBluefish), and (d) state waters within 3 mi of shore (StateWaters)
within the combined Mid-Atlantic Bight and Georges Bank (MABGB) region. The full VAST model grid is shown in brown. Base
maps are from the R package sf with map projection NAD83 and coordinate system WGS84.
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so we included only data from 1985-2021 for

estimating forage indices.

Defining bluefish prey

Neither bluefish themselves nor the small pelagics they
eat are well sampled by bottom trawl surveys. Nevertheless,

78°W  TEW  74W  72°W  70°W  68°W  66°W
Lon

the stomach samples collected for bluefish indicate that an-
chovies, herrings, squids, butterfish, scup, and small hakes
are important prey.

Using all sampled bluefish stomachs included in both food
habits databases, NEFSC (1973-2021) and NEAMAP (2007-
2021), we created a list of all pelagic nekton bluefish prey.
Prey types encountered in at least 25 bluefish stomachs
across both datasets were included in the development of the
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index (Table 1). Atlantic mackerel, while only encountered in
14 stomachs, are known to be an important prey of bluefish
historically (Collette and Klein-Macphee 2002), and thus were
also included in the development of this index. Index sensi-
tivity to changes in the prey cut-off and to the exclusion of
assessed forage species (Atlantic herring, Atlantic mackerel,
and silver hake) was explored using alternative input datasets
as detailed below and in Supplement d.

Defining piscivore predators

Predators were selected to balance the tradeoff between
increasing sample size and decreasing similarity to bluefish
foraging. One extreme assumption would be to include only
bluefish as predators, but there are relatively few bluefish
stomach samples due to incomplete availability to bottom
trawl surveys. This would miss prey available to bluefish be-
cause we have not sampled bluefish adequately. The opposite
extreme assumption would be to include all stomachs that
contain any bluefish prey, regardless of which species ate the
prey. This would include predators that do not forage simi-
larly to bluefish and might therefore “count” prey that are
not actually available to bluefish due to habitat differences.
The intermediate approach, which selects a group of pisci-
vores that forage similarly to bluefish, both increases sample
size and screens out the most dissimilar predators to bluefish.
The input data includes only the prey items identified above
as “bluefish prey” across all predators identified as piscivores.

For bluefish forage index modeling, we selected a set of
predators that have high diet similarity to bluefish. Garrison
and Link (2000) evaluated similarity of predator stomach con-
tents on the Northeast US shelf from NEFSC bottom trawl sur-
veys to develop foraging guilds, and this analysis was updated
using all stomach content data collected aboard the NEFSC
surveys through 2020 (Smith and Rowe 2022; web dataset).
The Schoener index (Schoener 1970) was used to character-
ize the overlap in diet, D;;, between paired predators:

Dij=1-05( " Ipis — pix)

with p;; = the mean proportion (by volume) of prey group k
in the diet of predator i and p;; = the mean proportion (by
volume) of prey group k in the diet of predator j (Garrison
and Link 2000). Higher values indicate greater similarity in
diet; 0 indicates no similarity, while 1 indicates identical diet.
Mean similarity across all predator/size combinations in the
stomach content database with bluefish ranged from 0.13 for
small bluefish to 0.17 for large bluefish.

The resulting diet overlap matrix was used to identify sim-
ilar groups of predators using cluster analysis. We used R
package dendextend (Galili 2015) to transform the similar-
ity matrix into a distance matrix (stats::dist) and then
to categorize similarly feeding piscivores using hierarchical
clustering based on the “complete” algorithm with k = 6 clus-
ters (dendextend: :hclust). All sizes of bluefish clustered
together using these criteria, indicating piscivorous feeding
habits as juveniles and adults. The resulting piscivore list in-
cluded the size classes of species that clustered with all three

sizes of bluefish (Table 2). Mean similarity of piscivores clus-
tered with bluefish ranged from 0.24 for small bluefish to
0.37 for large bluefish. Generally low diet similarity has been
noted on the Northeast US continental shelf (Smith and Link
2010), which is why the index includes only the portion of
each piscivore’s stomach contents matching the bluefish prey
groups defined above. While these piscivores have relatively
high diet similarity, they do not all overlap spatially. We are
interested in a forage index for the full region that can be tai-
lored to the spatial footprint of the bluefish stock assessment
indices. Therefore, the additional spatial coverage provided
by the full piscivore list is an advantage.

This piscivore dataset better captured predators that feed
similarly to bluefish (e.g. striped bass) and has a higher
proportion of stations with bluefish prey than a dataset
based on the Garrison and Link (2000) piscivore defini-
tion. We also evaluated a piscivore definition using only
the predators that always cluster with bluefish no matter
what hierarchical clustering algorithm is applied (“ward.D”,
“single”, “complete”, “average”, “mcquitty”, “median”, “cen-
troid”, “ward.D2”). However, a dataset based on that limited
piscivore list excluded predators highlighted by bluefish ex-
perts (e.g., striped bass) and resulted in lower geographic data
coverage than either of the above piscivore definitions, with
a lower proportion of included stations with small pelagic
bluefish prey.

The NEAMAP survey overlaps most of the historical NEFSC
survey footprint but operates with a higher sampling den-
sity and closer to shore than the current NEFSC survey. While
both surveys capture many of the same predators, some are
not available close to shore and others are more available
close to shore. Due to logistical difficulties of combining the
raw NEFSC and NEAMAP datasets, we assumed that the set of
piscivores identified by clustering the full NEFSC food habits
dataset also applied to the NEAMAP survey, which covers a
subset of the same geographic region and years as NEFSC. We
included all predators from NEAMAP within the size ranges
identified as piscivores in the larger NEFSC dataset (Table 2).
NEAMAP samples two nearshore predator species, Spanish
mackerel and spotted sea trout that are not captured by the
NEFSC survey offshore. Both species feed on the same school-
ing prey as bluefish (Murdy et al. 1997), so stomach contents
of these two predators were included from NEAMAP in the ab-
sence of a formal diet similarity analysis. Index sensitivity to
changes in the predators included in the dataset was explored
with four alternative datasets: one each excluding predators
with low sample size (fourspot flounder and longfin squid)
and predators with high sample size (white hake and spiny
dogfish), as detailed below and in Supplement d.

Integrating regional surveys

For each survey dataset, the full food habits database was
filtered to include only predators on the list of piscivores with
the most diet similarity to bluefish (Table 2). Then, the list of
bluefish prey (Table 1) was used to categorize prey items for
each predator as “bluefish prey” or “other prey”. Each sta-
tion was given a unique station identifier (cruise and station
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and Northeast Area Monitoring and Assessment Program (NEAMAP, years 2007-2021) databases.

NEFSC NEAMAP Total bluefish

stomachs (n) stomachs (n) stomachs (n)
Prey Prey common name with prey with prey with prey
Anchoa mitchilli Bay anchovy 321 1378 1699
Peprilus triacanthus Butterfish 307 356 663
Engraulidae Anchovy (unidentified) 408 61 469
Anchoa hepsetus Striped anchovy 171 266 437
Loligo spp. Loligo squid 423 8 431
Cephalopoda Unidentified cephalopoda 262 8 270
Ammodytes spp. Sand lances 96 139 235
Loligo (now Doryteuthis) Longfin inshore squid 17 171 188
pealeii
Stenotomus chrysops Scup 69 108 177
Etrumeus teres Round herring 126 15 141
Teuthida Unidentified squids 0 95 95
Merluccius bilinearis Silver hake 53 10 63
Anchoa spp. Common anchovies 7 52 59
Clupeidae Unidentified herring 30 26 56
Pomatomus saltatrix Bluefish 22 28 50
Brevoortia tyrannus Atlantic menhaden 10 36 46
Clupea harengus Atlantic herring 37 4 41
Illex spp. Shortfin squids 40 0 40
Cynoscion regalis Weakfish 12 26 38
Engraulis eurystole Silver anchovy 18 8 26
Scomber scombrus Atlantic mackerel 14 0 14

Can. J. Fish. Aquat. Sci. Downloaded from cdnsciencepub.com by NOAA CENTRAL on 01/16/24

Table 2. Predators with highest diet similarity to bluefish, Northeast Fisheries
Science Center (NEFSC, years 1973-2021) and Northeast Area Monitoring and
Assessment Program (NEAMAP, years 2007-2021) databases.

Minimum Maximum

Predator name length (cm) length (cm) Survey
Atlantic cod 81.0 150.0 Both
Atlantic halibut 31.0 90.0 NEFSC
Bluefish 3.0 118.0 Both
Buckler dory 21.0 50.0 NEFSC
Cusk 51.0 104.0 NEFSC
Fourspot flounder 41.0 49.0 NEFSC
Goosefish 5.0 124.0 Both
Longfin squid 1.0 30.0 NEFSC
Northern shortfin squid 3.0 30.0 NEFSC
Pollock 51.0 120.0 NEFSC
Red hake 41.0 98.0 NEFSC
Sea raven 4.0 68.0 NEFSC
Silver hake 21.0 76.0 Both
Spanish mackerel 10.0 33.5 NEAMAP
Spiny dogfish 36.0 117.0 Both
Spotted hake 21.0 40.0 NEFSC
Spotted sea trout 15.5 34.0 NEAMAP
Striped bass 31.0 120.0 Both
Summer flounder 21.0 70.0 Both
Thorny skate 81.0 108.0 NEFSC
Weakfish 26.0 50.0 Both
White hake 21.0 136.0 NEFSC
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number), and the total weight (g) of bluefish prey at each sta-
tion was summed. Total bluefish prey weight was divided by
the total number of stomachs across all piscivore predators
at the station to get mean bluefish prey weight per stom-
ach (g) at each station. In addition, the number of piscivore
species and the mean size (total length, cm) across all pis-
civores was calculated at each station. Seasons were identi-
fied as “Spring” (collection months January-June) and “Fall”
(collection months July-December) to align with the seasonal
stratification of data used in the bluefish stock assessment.
Vessel identifiers were assigned based on years and survey,
with two vessels used for the NEFSC survey (NOAA Ship Al-
batross IV prior to 2009 and NOAA Ship Henry B. Bigelow 2009
to present) and a single vessel used for the NEAMAP survey
2007-present. These identifiers were used to evaluate ves-
sel effects. Variable names were reconciled between NEFSC
and NEAMAP, and the datasets were appended into a single
dataset with one row per sampling event, including station
ID, year, season, date, latitude, longitude, vessel, mean blue-
fish prey weight, mean piscivore length, number of piscivore
species, and SST (°C).

Filling gaps in sea surface temperature data

Approximately 10% of survey stations were missing in situ
sea water temperature measurements. Gaps in temperature
information were more prevalent early in the time series
(1980s and early 1990s), although stations without tempera-
ture data were found in nearly all years (see Table Sal). Rather
than truncate the dataset to only those stations with in situ
temperature measurements, we investigated other sources of
SST data to fill gaps.

Two SST data sources were investigated, both based on
satellite data: the National Oceanic and Atmospheric Admin-
istration Optimum Interpolation Sea Surface Temperature
(NOAA OI SST) V2 High Resolution Dataset (Reynolds et al.
2007), and the higher resolution source data for the OI SST,
the AVHRR Pathfinder SST data linked here (Saha et al. 2018).
Both sources provide global daily SST at different spatial res-
olutions (OI SST uses a 25 km grid, and AVHRR uses a 4 km
grid) from 1981-present. Although the higher resolution of
the AVHRR dataset was desirable, there was too much miss-
ing data within the Northeast US continental shelf survey do-
main due to cloud cover, so it was not pursued further for
this analysis.

The OI SST data are provided by the NOAA Physical Sciences
Laboratory, Boulder, CO, USA, from their website at https:
/[psL.noaa.gov as global files for each year. Files for years 1985-
2021 were downloaded from https://downloads.psl.noaa.g
ov/Datasets/noaa.oisst.v2.highres/sst.day.mean.[year]|.v2.nc as
rasters using code developed by Kim Bastille and Abigail
Tyrell for Northeast US ecosystem reporting, cropped to the
Northeast US spatial extent, and converted to R dataframe
objects where the temperature of a grid cell is associated
with the coordinates at the center of the grid cell. Then, OI
SST temperature was matched to the survey data using year,
month, day, and spatial nearest neighbor matches to survey
station locations.

For survey stations with in situ temperature measurements,
the in situ measurement was retained. For survey stations
with missing temperature data (~10% of all stations), OI SST
was substituted for input into VAST models. In situ SST and
OI SST were compared for stations with both values. Index
sensitivity to the SST covariate was explored by comparing
bias-uncorrected indices with and without this covariate.

VAST modeling

We used VAST (Thorson and Barnett 2017; Thorson 2019) to
evaluate changes in bluefish prey biomass and distribution
over time. Ng et al. (2021) provided a detailed overview of the
VAST biomass index estimation approach used in our study,
which we briefly review here. Generally, VAST is structured
to estimate fixed and random effects across two linear predic-
tors, the first for encounter rate and the second for amount,
which are then multiplied to estimate an index of the quan-
tity of interest. Spatial random effects in the linear predictors
represent latent processes contributing to variation in space
that is constant over time, while spatio-temporal random ef-
fects represent latent processes contributing to spatial varia-
tions that change over time.

Using notation from Thorson (2019), a full model for the
first linear predictor p; for each observation (i) can include
fixed intercepts (B) for each category (c) and time (t); spatial
random effects (w) for each location (s) and category; spatio-
temporal random effects (¢) for each location, category, and
time; fixed vessel effects (1) by vessel (v) and category; and
fixed catchability impacts (1) of covariates (Q) for each obser-
vation and variable (k):

p1 (i) = B (ci, &) + F (S, ¢i) + €7 (Si, i, 1) + 11 (vi, €i)

+Y 2 (k)Q (k)
k=1

The full model for the second linear predictor p, has the
same structure, estimating f,, wz, €2, 2, and A, using the ob-
servations, categories, locations, times, and covariates. VAST
then predicts density based on temporal variation (inter-
cepts), spatial variation (spatial random effects), and spatio-
temporal variation (spatio-temporal random effects), with
vessel and catchability effects “filtered out” prior to con-
structing an abundance index.

Structural decisions

Thorson (2019) lists 15 major decisions for constructing a
VAST model. Here, we outline the decisions made in develop-
ing the forage index.

Spatial domain

Models were run using the full Northwest Atlantic spatial
grid built into VAST (Figs. 1b-1d, brown background). Specific
strata sets were used from this full model to develop indices
matching the spatial extent of different assessment inputs
and for broad ecoregions used in ecosystem reporting.
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Categories, data type, and link function

We model all bluefish prey biomass in aggregate as a single
category. Each biomass observation in the model was repre-
sented by the mean weight of bluefish prey in a stomach at
each location. Therefore, VAST applies a delta model where
the first linear predictor models encounter rate and the sec-
ond linear predictor models amount of prey (equivalent to
positive catch rates on a survey). Following Ng et al. (2021)
and Thorson (2019), we apply a Poisson-link delta model to
estimate expected prey mass per predator stomach.

Spatial variation, resolution, response type, and temporal corre-
lation

We included spatial and spatio-temporal variation in both
linear predictors, but tested whether the data support these
effects using model selection (see below). Similar to Ng et al.
(2021), we used the default spatial smoother in VAST, the
stochastic partial differential equation approximation to the
Matérn correlation function (method = “mesh”; Thorson
2019). Because directional correlation (anisotropy) can be
common in fishery collections with depth gradients along
a continental shelf (Thorson 2019), we tested whether the
inclusion of anisotropy as a fixed effect was supported us-
ing model selection (see below). We used a spatial resolu-
tion of 500 “knots” or standardized locations optimally allo-
cated among all observed survey stations in the full dataset
as estimated by k-means clustering of the data, to define the
spatial dimensions of each seasonal model and the annual
model.

We modeled all bluefish prey in aggregate with a univari-
ate model, producing a single forage index that is most eas-
ily integrated into the bluefish assessment model. We did not
include temporal correlation in fixed intercepts to maintain
independence of forage abundance in each modeled year so
that it could be used as an index within a stock assessment
model (Thorson 2019) (although we used it as a covariate
rather than an index). We did not include temporal correla-
tion in spatio-temporal random effects because most survey
areas were sampled each year, so projecting forage “hotspots”
between years using temporal correlation was not necessary
for this application.

Including covariates, vessel effects, area swept, and other decisions

We explored multiple combinations of catchability covari-
ates and vessel effects. Surveys were conducted aboard mul-
tiple vessels over time and between NEFSC and NEAMAP,
so we investigated vessel effects for the NEAMAP vessel and
NEFSC vessels Albatross and Bigelow (vessel effects are com-
monly included in regional stock assessments when survey
indices are not modeled separately). Catchability covariates
explored included mean predator length at each station,
number of predator species at each station, and SST at each
station.

The predator length covariate may better capture variabil-
ity in stomach contents than a vessel covariate, since Ng et al.
(2021) found that larger predators were more likely to have
more prey in stomachs. Number of predator species was in-
cluded as a catchability covariate because more species “sam-
pling” the prey field at a particular station may result in a
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higher encounter rate (more stations with positive bluefish
prey in stomachs). Water temperature was also evaluated as
a catchability covariate, because temperature affects preda-
tor feeding rate.

The effective foraging area and attack rate for each preda-
tor is not known. This area and rate combine to generate the
“thinning rate” in a thinned and marked point process for
predator foraging (Thorson et al. 2022). Without this infor-
mation, it is not possible to predict the absolute scale of prey
abundance from predator consumption data. However, we
here assume that this “thinning rate” is approximately con-
stant across space and time, such that spatial and temporal
variation in predicted stomach contents is treated as propor-
tional to prey density. If this assumption is met, the resulting
prey index will still be proportional to prey abundance, but
with an unknown “catchability coefficient”.

The derived quantity of interest here is a biomass index
for each of the spring, fall, and annual datasets for bluefish
prey species. We have also included supplementary plots of
the center of gravity for each seasonal model and the annual
model.

Bias correction of the forage fish biomass index for each
model (and spatial subdivisions, see below) is based on
Thorson and Kristensen (2016), as implemented in the VAST
release 3.10.0 (https://github.com/James-Thorson-NOAA/VAST
[releases[tag/3.10.0).

Model selection

We first compared the Akaike information criterion (AIC)
to see whether including the spatial and spatio-temporal ran-
dom effects in the first and second linear predictors improved
the model fit. Model structures tested include those with
and without anisotropy (two variance fixed effect parame-
ters) and with and without spatial and spatio-temporal ran-
dom effects in the second linear predictor or both linear pre-
dictors. This follows the model selection process outlined in
Ng et al. (2021) using restricted maximum likelihood (REML;
Zuur et al. 2009).

Next, we examined catchability covariates within the
model structure selected by the REML model selection. We
evaluated vessel effects (overdispersion) and a range of po-
tential catchability covariates using maximum likelihood to
calculate AIC instead of REML, because all models have sim-
ilarly structured random effects. The AIC was used to deter-
mine which vessel effects or catchability covariates were best
supported by the data.

Our two-step model selection (1: spatial and spatio-
temporal random effects and 2: catchability covariates)
was completed using the script VASTunivariate b
fp_modselection.R at this link.

Spatial definitions

Our main goals were to evaluate changes in forage for
large ecoregions, as well as to determine whether bluefish
prey availability has changed in bluefish assessment survey
strata or inshore waters where the recreational fishery pri-
marily operates. Our food habits datasets do not extend into
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inland waters such as bays and sounds, with the exception
of Cape Cod Bay Fig. 1a). However, there are data from
both historical NEFSC surveys and NEAMAP in state coastal
waters, 0-5.556 km (0-3 nmi) from shore, and offshore across
the continental shelf.

The model outputs have been partitioned into several re-
gional production units for ecosystem reporting, as well as
areas matching survey and fishery areas for bluefish stock
assessment inputs. The Gulf of Maine (GOM), Georges Bank
(GB), and Mid-Atlantic Bight (MAB) areas for ecosystem report-
ing (Fig. 1b) cover more of the model domain than the blue-
fish assessment areas (Figs. 1c-1d). The combined MAB and GB
ecosystem reporting areas are relevant to the bluefish assess-
ment. Within the combined Mid-Atlantic Bight and Georges
Bank area, bluefish assessment partitions include NEFSC bot-
tom trawl survey (Bigelow) inshore bluefish index stations to
evaluate availability to the survey, and shoreline to 3 mi out
(state waters) to evaluate availability to the recreational fish-
ery Marine Recreational Information Program (MRIP) blue-
fish recreational CPUE index.

NEFSC survey strata definitions are built into the VAST
northwest-atlantic extrapolation grid. We defined ad-
ditional new strata to address the recreational fishery
inshore-offshore 3 nmi boundary. The area within and out-
side 3nmi of shore was defined using the sf R pack-
age (Pebesma 2018; Bivand 2023) as a 3nmi (approxi-
mated as 5.556 km) buffer from a high resolution coast-
line from the rnaturalearth R package (Massicotte and
South 2023). This buffer was then intersected with the
current FishStatsUtils::northwest atlantic grid
built into VAST and saved, and the new full set of strata
were used along with a modified function from FishStatsU
tils::Prepare NWA Extrapolation Data Fn to build
a custom extrapolation grid for VAST. All strata were applied
in both seasonal and annual models.

Seasonal models were run using the script VASTuniva
riate bfp allsurvs_lencovSST ALLinoffsplits.R
at this link, which contains all stratum definitions. The
annual model was run using the script VASTunivariate
_bfp allsurvsANNUAL lencovSST ALLinoffsplits.R
at this link.

The final model runs included all selected covariates, stra-
tum definitions, and bias correction for the biomass index.

Comparisons with survey design-based forage

biomass

VAST-derived spring and fall forage indices for ecosystem
reporting regions (GOM, GB, and MAB) were standardized
by centering on the time series mean and dividing by the
time series standard deviation. Aggregate design-based sur-
vey biomass for the same species included in the forage index
was estimated using the survdat R package (Lucey and Beet
2022) and additional code developed by Sean Lucey for ecosys-
tem reporting. Design-based survey aggregate forage biomass
was similarly standardized, and the correlation between the
VAST stomach-based and survey biomass-based indices was
calculated for each region and season. Raw species composi-
tion of the diet-based and biomass-based forage datasets was

Table 3. Prey species names in Northeast Fisheries Sci-
ence Center (NEFSC) stomach contents and survey data
with corresponding prey groups and management cate-
gories used in analysis.

Prey name Prey group Managed species?
Ammodytes Sandlances No
Ammodytes spp. Sandlances No
Ammodytes americanus Sandlances No
Ammodytes dubius Sandlances No
Engraulidae Anchovies No
Anchoa mitchilli Anchovies No
Anchoa hepsetus Anchovies No
Engraulis eurystole Anchovies No
Clupea harengus Herrings Yes
Clupeidae Herrings Yes
Etrumeus teres Herrings No
Loligo spp. Squids Yes
Loligo (now Doryteuthis) plei Squids No
Loligo (now Doryteuthis) Squids Yes
pealeii

Illex spp. Squids Yes
Illex illecebrosus Squids Yes
Cephalopoda Squids No
Merluccius Silverhake Yes
Merluccius bilinearis Silverhake Yes
Peprilus Butterfish Yes
Peprilus triacanthus Butterfish Yes
Pomatomus saltatrix Bluefish Yes
Scomber scombrus Mackerel Yes
Stenotomus chrysops Scup Yes
Cynoscion regalis Weakfish Yes
Brevoortia Menhaden Yes
Brevoortia tyrannus Menhaden Yes

compared to evaluate whether the proportion of managed
to unmanaged species and individual dominant species were
similar. We grouped prey into taxonomic groupings as well as
management groupings (managed/unmanaged) to character-
ize similarities and differences between small pelagic forage
composition in the forage index and the composition directly
sampled by the survey (Table 3).

Index sensitivity

Datasets were constructed as noted above to evaluate sen-
sitivity to prey cut-offs, inclusion of assessed prey species,
and exclusion of predators with small and large sample sizes.
The VAST model configuration selected by methods above for
the full dataset was used with each of the prey and preda-
tor sensitivity datasets, and all results were bias-corrected
for comparison with the full forage index. Index sensitiv-
ity to the SST covariate required comparisons with models
less preferred in model selection and used bias-uncorrected
model results from the model selection process to streamline
computation.

For our application of the index as a catchability covari-
ate for a stock assessment, forage index trend is more impor-
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tant than index scale. We evaluated sensitivity of index trend
by comparing indices scaled to their respective time series
means. Additional examination of impacts to index scale are
included in Supplement d by comparing indices scaled to the
maximum value across the compared indices.

Incorporation into stock assessment model

The bluefish stock assessment uses an age-structured pop-
ulation dynamics model to estimate historical and current
stock size, recruitment, and fishing mortality. The model is
fit to multiple indices of abundance and age composition
data from both fishery-dependent and fishery-independent
sources in an integrated analysis (Maunder and Punt 2013).
Bluefish are captured in both commercial and recreational
fisheries along the U.S. East Coast, with the majority of catch
coming from recreational fisheries. The bluefish assessment
includes abundance indices from inshore strata of the NEFSC
bottom trawl survey, the full NEAMAP survey, and several
other surveys, as well as an MRIP bluefish recreational CPUE
index. These indices are assumed to be related to stock size
using a proportional catchability coefficient, g (Wilberg et al.
2009). Movement of bluefish in and out of areas covered
by surveys and fisheries can change availability to surveys,
which can alter catchability over time.

VAST-derived forage fish indices were explored as environ-
mental covariates on the catchability (q) of NEFSC bluefish
survey indices and the MRIP bluefish recreational CPUE index
within the Woods Hole Assessment Model (WHAM) (Stock
and Miller 2021), a state-space assessment model framework
(https:/[timjmiller.github.io/wham/). ~Assessment models
were first developed without environmental covariates to
evaluate performance across a range of alternative fixed
and random effects structures for recruitment and numbers
at age (see Supplement e for details). A full state-space
model treating survival of all ages as random effects with
autoregressive deviations by age and year was selected based
on AIC, convergence properties, one-step-ahead residuals,
and retrospective performance. The analysis of this same as-
sessment model structure was then repeated using WHAM’s
“Ecov” option, which includes an environmental covariate as
input data for fitting the model, but evaluates the AIC with
(“ecov_on”) and without (“ecov_off”) the covariate linked
to population dynamics. The forage fish indices matching
the spatial footprint of the NEFSC survey indices (“Survey-
Bluefish”) and the state waters recreational fishery (“State-
Waters”) were explored as environmental covariates on the
corresponding assessment indices assuming both random
walk and auto-regressive processes. For each index, alterna-
tive estimates of standard error around the covariate were
explored using both VAST-estimated standard errors as input
standard error, or allowing WHAM to estimate the standard
error of the covariate. Then, model convergence and other
diagnostics were compared with the covariates included, and
finally, AIC and retrospective performance were compared
between “ecov_on” and “ecov_off” models. For full stock
assessment methods, please see Supplement e (exerpted
from the December 2022 bluefish research track assessment
report).
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Results

Input dataset overview

The list of bluefish prey derived from the most common
identifiable prey items in NEFSC and NEAMAP diet databases
(Table 1) includes the majority of bluefish diet composition by
decade and season estimated by NEFSC stomach content data
(Fig. 2). Bluefish diets varied by decade, but strong seasonal
patterns were apparent, supporting the use of seasonally spe-
cific forage indices. Spring diets were consistently dominated
by longfin squid (Loligo sp in the database, since renamed Do-
ryteuthis) and other cephalopods (30%-60% of diet by weight
across decades). Atlantic mackerel (Scomber scomber) and but-
terfish (Peprilus triacanthus) accounted for 5%-10% of spring
diet by weight in some decades. Fall bluefish diets were more
diverse and fish-dominated than spring diets, with squids
comprising 4%-10% of diet by weight across decades, and in-
termittent dominance of anchovies (Engraulidae 1%-33%, An-
choa mitchilli 0%-15%, and Anchoa hepsetus 0%-6% of fall diet
across decades) and sandlances (0%-28% across decades). But-
terfish and silver hake (Merluccius bilinearis) were found in con-
sistent proportions of fall diets across decades (7%-11% and
2%-4 %, respectively), while Atlantic herring (Clupea harengus)
and likely Atlantic herring (Clupeidae) proportions fluctuated
across decades (1%-11% and 0%-10%, respectively). This high
diet variability supports the inclusion of a wide range of for-
age species in a forage index intended to reflect the prey field
available to bluefish, which may in turn affect bluefish avail-
ability in space and time.

The full NEFSC food habits database 1985-2021 contains
25634 survey stations with stomach contents collections.
When including only piscivores feeding similarly to bluefish,
the survey stations with diet collections in this time period
is 22 751. Of these piscivore diet stations, 8869 included our
defined bluefish prey, or 39%. For comparison, 1814 stations
have diet samples for bluefish alone, with 907 or 50% includ-
ing our defined bluefish prey.

NEAMAP survey stations with diet collections for piscivores
(n = 3838) had a higher proportion with our defined bluefish
prey (n = 2369, 61.7%).

The annual number of stomachs included in the dataset
averaged 5932, ranging from a low of 1547 in 2020 (due to
Covid-19-driven survey cancellations) to a high of 9361 in
1995. The annual stomach numbers were highest during the
1990s, below average during the mid-2000s, and around the
average during the 2010s. Aside from 2020, there were not
large year to year variations in the number of stomachs go-
ing into the index (Supplement d).

The number of survey stations missing surface tempera-
ture data varied considerably by decade. A large percentage
of survey stations lacked in situ temperature measurements
between 1985 and 1990, while the percentage of stations
missing temperature was generally below 10% (with a few
exceptions) from 1991-2021 (Table Sal). Therefore, OISST
temperature estimates were more commonly substituted
early in the time series. While there is strong overall agree-
ment between OISST and survey in situ surface temperatures
where both measurements exist (Fig. Sa3), there are mis-
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Fig. 2. Bluefish diet by season and decade, Northeast Fisheries Science Center bottom trawl surveys. Light blue color in the plots
shows included prey, while light gray sections represent unidentified fish and other categories not included in this analysis.
Prey species are listed for those making up >3% of diet by weight in a decade/season. Bar width indicates number of years with
samples in the decade/season block. Full width bars had samples in all years.

OTHER FISH OTHER
SQUATESRCANIEIAZ RONEGI[IFORMES PLEURONECTIFORMES
PARALICHTHYS DENTATIR, 2 Fisn OTHER FISH
OTHER FISH TEICHTHYE:
OSTEICHTHYES, | o116 Re OSTEIC s
OSTEICHTHYES
OTHERFISH  OTHERFISH OSTEICHTHYES
OTHER FISH
75 4 ALOSA PSEUDOHARENGUS
EUPHAUSIACEA SCOMBER SCOMBRUSSTEICHTHYH
SCOMBER SCOMBRUS PEPRILUS TRIACANTHUS OSTEICHTHYI
-'q—s PEPRILUS TRIACANTHUS
= PEPRILUS TRIACANTHUS PEPRILUS TRIACANTHUS LUS IR CANTHES MERLUCCIUS BILINEARIS STENOTOMUS CHRYSOPS
(| CRUSTACEAN SHRIMP PEPRILUS TRIACANTHUS
POMATOMUS SALTATRIX.OLIGO SIMERLUCCIUS BILINEARIS
c
— LOLIGO SFPEPRILUS TRIACANTHUS
+ 50 - PEPRILUS TRIACANTHUS ONEDFEALE] OLIGRESALEN
C
[0 LOLIGO SPEPRILUS TRIACANTHERGRAULIDAE ETRUMEUS TERES
i~
LOLIGO SP
()
o LOLIGO SP LOLIGO SP
ILLEX SP
LOLIGO sP CLUPEA HARENGUSENGRAULIDAE
LOLIGO SP
LOLIGO SP ILEEXSP
CEPHALOPODA
25 A LOLIGO SP
CLUPEIDAE
ANCHOA MITCHILLI
ENGRAULIDA|
RUMEUS TERES
CEPHALOPODA .
CLUPEA HARENGUS ANCHOA HEPSET!
ENGRAULIDAE HRCHOAMITCHILL 01 0p iTHILL
CEPHALOPODA
CEPHALOPODA AMMODYTES SP
ANCHOA HEPSETUS
0 CEPHALOPODA ILLEX SP

1970 1980 1990 2000 2010 2020 1970 1980 1990 2000 2010 2020

matches near Cape Hatteras and in areas of the continental
slope where the OI SST resolution is unable to capture steep
temperature gradients associated with the Gulf Stream
(Figs Sa4-Sa7).

VAST model selection

In the first step of model selection using REML, models in-
cluding spatial and spatio-temporal random effects as well
as anisotropy were best supported by the data. This was true
for the spring dataset, the fall dataset, and the annual (sea-
sons combined) dataset. This result was robust across several
modifications to the datasets, including changes to the se-
lected set of predators (see Supplement d). In the second step
of model selection using maximum likelihood, catchability
covariates were better supported by the data than vessel ef-
fects. These comparisons led us to the best model fit using
mean predator length, number of predator species, and SST
at a survey station as catchability covariates. Full results of
model selection are available in Supplement b.

Bias-corrected spatial forage indices

Forage density estimated within fall (Fig. 3), spring, and an-
nual models was used to derive forage indices at multiple spa-
tial scales. Here, we focus on results for fall models, which
most closely match the timing of bluefish assessment inputs.

Decade

Spring and annual model outputs and all diagnostics for fall,
spring, and annual models are available in Supplement c. We
also focus on results at the ecoregion and assessment scales
as shown in Fig. 4.

Fall diagnostics

Quantile residual plots and residuals plotted in space
showed no patterns. Supplement c¢ includes all basic
VAST diagnostics: maps of the spatial grid knot place-
ment (“Data_and_knots”), maps of included station locations
for each year (“Data_by_year”), residual plots (“quantile
residuals”), maps of residuals for each station (“quan-
tile_residuals_on_map”), an anisotropy plot indicating
directional correlation (“Aniso”), and a plot of the esti-
mated change in forage fish center of gravity over time
(“center_of gravity”).

Fall predicted in-density

The VAST model predicts density of forage fish across
the entire model domain for each year (Fig. 3). Fall forage
density as estimated by piscivore stomach contents has
varied over space between 1985 and 2021. However, some
spatially and temporally coherent patterns are apparent.
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Fig. 3. Yearly maps of vector autoregressive spatio-temporal model estimated forage fish density for fall (months 7-12).
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Predicted fall forage densities were higher in the MAB south
of Long Island, NY both inshore and offshore in most years,
with a persistent lower density region in between. High
densities of forage appeared on the northwestern portion
of GB east of Cape Cod and Nantucket in fall in most years.
Predicted forage density adjacent to the coast in fall was

Eastings

highest early in the time series, but variable thereafter,
with low densities predicted adjacent to Delaware Bay and
the Virginia coast in 2018-2019. GOM fall forage densi-
ties were most variable in offshore areas over time, with
more consistent forage densities in the western GOM near
shore.
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Fig. 4. Fall forage indices scaled to the maximum value (Mid-Atlantic, 1985) for ecoregions: Georges Bank (GB), Gulf of Maine
(GOM), Mid-Atlantic Bight (MAB), and bluefish assessment index areas: state waters within 3 mi of shore (StateWaters), and

bottom trawl survey index strata (SurveyBluefish).
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The fall forage index shows more forage fish biomass dis-
tributed in the Mid-Atlantic ecoregion relative to GB and
GOM, and more forage in state waters relative to bluefish sur-
vey index areas (Fig. 4). This ranking roughly corresponds to
the area of each region in square kilometers (MAB = 111 884;
GOM = 78 078; GB = 55 055; state waters = 11 368; and blue-
fish survey area = 10398). Forage was highest in the mid-
1980s in the Mid-Atlantic ecoregion and in the bluefish as-
sessment areas (SurveyBluefish and StateWaters), dropping to
lower levels in the mid-1990s. Indices at the smaller scale of
the bluefish assessment areas show more interannual vari-
ability than those at the larger ecoregion scales, as might
be expected for mobile pelagic species moving in and out
of these smaller areas. However, the assessment scale in-
dices show coherent temporal patterns with each other in
these adjacent nearshore areas (Fig. 4, lower panel), suggest-
ing that the forage indices reflect temporal signals more than
noise.

Comparisons with design-based survey biomass

The standardized stomach-based forage index and survey
biomas-based index trends compared well in some seasons
and regions, but differed in others (Fig. 5). The indices were
well correlated in the GOM during spring, weakly correlated

2010 2020

on GB during spring, and uncorrelated during fall in all re-
gions and in both seasons in the Mid-Atlantic (Fig. 6). These
patterns of agreement and disagreement are consistent with
the distribution of different forage species across regions
combined with their relative contribution to stomach con-
tents and survey indices, which sample the environment dif-
ferently.

We examined patterns in the raw species composition over
time in each dataset: the stomach content data that were in-
put to the VAST model, and the trawl catch weight used to
calculate the design-based aggregate survey index. Compar-
isons aggregated over time and space, and by region and sea-
son show which species are detected by the two approaches
prior to estimating the aggregate forage indices.

When aggregated across years, seasons, and regions, it
is clear that some small pelagic forage species groups are
roughly equally sampled by piscivores and the trawl survey,
while others are sampled differently. Anchovies, herrings,
menhaden, and sandlances had higher proportions in stom-
ach contents than in trawl surveys, while butterfish, mack-
erel, scup, and weakfish had higher proportions in trawl sur-
veys than in stomach contents (Fig. 7). Silver hake and squids
were roughly equally sampled by both methods.

Patterns in the raw species composition over time in each
dataset also differ by region and season. Based on the correla-
tions between the indices (Fig. 6), we expected to find similar
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Fig. 5. Time series of vector autoregressive spatio-temporal (VAST) stomach content-based forage index (red) compared with
survey-based index (black) by season and region (GOM = Gulf of Maine, GB = Georges Bank, MAB = Mid-Atlantic Bight).
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species compositions or a shared dominant species in GOM
during spring, and possibly on GB during spring between the
stomach contents and the survey sampling.

Silver hake, which are roughly equally present in stomach
contents and in survey trawls (Fig. 7), dominate the propor-
tion input to the forage indices GOM spring in both datasets
(Fig. 8). Silver hake also represent a large proportion in both
datasets for GB in spring. The diet- and survey-based indices
are highly correlated when the species composition is simi-
lar for the GOM in spring, suggesting that the stomach-based
index has similar reliability as a survey biomass-based index,
given similar inputs.

In contrast, sandlance species are found in much higher
proportions in stomach contents than in survey trawls (Fig. 7)
and are found in higher proportions on GB and in the MAB
during fall (Fig. 9), when the forage indices are not corre-
lated. Similar sandlance proportions in both input datasets
for GOM spring contribute to higher correlation between the
indices in that region and season.

The stomach-based forage index includes unmanaged
species that are not well sampled by surveys, providing a
more complete picture of the forage available to predators
in space and time. We see a higher proportion of unman-
aged forage species in the diet-based raw data than we do
the survey-based raw data in all regions aside from the GOM
(Fig. 10), suggesting that the diet-based forage index better
represents small pelagic forage species that the survey is not

designed to sample directly. The proportion of unmanaged
forage species contributing to the index is highest during fall
in the MAB, and intermittently high in both seasons on GB.
Bluefish are found mainly in the MAB, and to a lesser extent
on GB, during the fall.

Index sensitivity

Index trends were not sensitive to OI SST substitution. De-
spite potential mismatches between in situ temperature and
OI SST in certain locations (Figs. Sa4-Sa7), substituting the OI
SST when in situ survey temperature was missing did not af-
fect the estimated index early in the time series. Index trends
estimated with and without SST as a covariate were nearly
identical (Figs. Sa8-Sa9) and showed no divergence early in
the time series where more OI SST information is included.

Index trends were not sensitive to prey cut-offs (inclusion
or exclusion of rarely observed bluefish prey items, (Fig. Sd1))
or to the exclusion of predators with small sample sizes
(Fig. Sde).

Index trends were sensitive to the exclusion of major as-
sessed prey species (Atlantic herring, silver hake, and Atlantic
mackerel), as expected. However, sensitivity varied by region
and scale. Fall GOM and GB forage trends were most sensi-
tive to excluding these prey species, MAB had less sensitivity,
and the fall state waters and survey bluefish indices applied
as covariates in the bluefish assessment were least sensitive
(Fig. Sd3).
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Fig. 6. Vector autoregressive spatio-temporal modeling (VAST) stomach content-based forage index (VASTForage) compared
with survey-based index (SurvForage) by season and region (GOM = Gulf of Maine, GB = Georges Bank, MAB = Mid-Atlantic
Bight). Pearson’s correlation coefficients (R) and correlation significance (p) are shown for each season/region.
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Index trends were less sensitive to the removal of preda-
tors with large sample sizes than expected, especially for fall
indices used as covariates in the bluefish assessment (blue-
fish survey strata and state waters). Index trend sensitivity
appears to be more affected by the number of stations in-
cluded than by the particular predators included. Removing
spiny dogfish had more impact on index trend than remov-
ing white hake, and the impact was larger in spring than in
fall (Fig. Sd10). Spiny dogfish stomachs represent 25% of the
total stomachs included in analysis, but more importantly,
were the only predators sampled at 1524 of 13 658 stations
during spring and 320 of 12942 stations during fall (Table
Sd4). In contrast, white hake contribute about 10% of stom-
achs in the analysis and were the only predators sampled at
54 (fall) and 56 (spring) stations. Removing white hake (sta-
tions where only white hake stomachs were sampled) had lit-
tle impact on index trend (Fig. Sd10).

Incorporation into stock assessment model

Two spatially distinct fall forage fish indices were evaluated
as potential catchability covariates for two different blue-
fish stock assessment indices, with mixed results. Applica-
tion of the forage fish index as a catchability covariate for
the NEFSC Bigelow survey index had suitable convergence
properties and model diagnostics when the forage fish in-
dex was fit assuming a random walk over the time series,

with a single estimated standard error for the covariate. How-
ever, while all model configurations converged with the co-
variate applied (“ecov_on” in WHAM), these models did not
have an improved fit according to AIC when compared to
the same model with no catchability covariate (“ecov_off”).
Therefore, the SurveyBluefish forage index covariate/Bigelow
survey assessment index combination was not evaluated
further.

In contrast, the application of the fall StateWaters forage
fish index as a catchability covariate for the MRIP CPUE in-
dex was successful when implemented as an autoregressive
process over the time series with WHAM estimating the co-
variate standard error. The inclusion of the StateWaters for-
age fish index improved the fit of all model configurations
investigated. The best fit model across configurations, a full
state-space model treating survival of all ages as random ef-
fects with autoregressive deviations by age and year, showed
improved AIC as well as improved retrospective performance
for SSB and F with the forage fish environmental covariate
on (“ecov_on”, Table 4). The application of the forage fish in-
dex to MRIP CPUE resulted in a decreasing trend in catch-
ability over time (Fig. 11). For the bluefish assessment, the
MRIP CPUE index is important in scaling the biomass results,
and the lower availability at the end of the time series led
to higher biomass estimates from the model including the
forage fish index (Fig. 12).
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Fig. 7. Comparison of raw proportional species composition from all predator stomachs combined (source = stomach, red) to
the raw proportional species composition from bottom trawl survey sampling (source = survey, black) in the model domain

forall regions and seasons from 1985-2021.
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For full assessment results, please see Supplement e (ex-
cerpted from the December 2022 bluefish research track as-
sessment report at this link).

Discussion

Spatial and temporal changes in prey fields can drive mo-
bile predator distributions (Astarloa et al. 2021). Here, we de-
veloped a novel index of small pelagic forage abundance in
space and time using piscivore stomach data as input obser-
vations to a VAST model. Our spatially resolved forage in-
dex was constructed to address a key uncertainty in stock
assessment for a predator species, bluefish, as well as for in-
tegrated ecosystem assessment. Our VAST model-derived for-
age indices illustrate that aggregate forage fish biomass has
fluctuated in both space and time in the Northeast US, espe-
cially in areas relevant to the bluefish assessment. We draw
three main conclusions from this work, discussing each in
detail below. First, the index is reliable; it reflects spatial
and temporal patterns observed for assessed forage species
on the Northeast US shelf while integrating information on
unassessed forage to provide a more complete understand-
ing of the full forage base available to piscivores. Second,
because the VAST model can estimate indices at multiple
spatial scales for different applications, the index provides
improved information for both predator stock assessment

and integrated ecosystem assessment, including general as-
sessment of forage species. Third, application of this spa-
tial forage index as a catchability covariate for a predator
stock index improved stock assessment model fits. To our
knowledge, this is the first successful application of informa-
tion on changes in a predator’s prey field within a predator
stock assessment. We discuss the robustness of the index for
each of these applications below, along with potential next
steps.

While this index is novel, there are several lines of evidence
supporting its reliability. The index shows similar temporal
and spatial patterns to more traditional approaches where
comparisons can be made. Our piscivore stomach VAST
model-based forage index compared favorably to standard
design-based survey biomass estimates of aggregate forage
species in regions and seasons where stomach contents and
survey sampling included similar proportions of individual
forage species. In the GOM in spring, temporal trends in
stomach-based and survey design-based indices agreed well
(Figs. 5 and 6) where silver hake are proportionally dominant
forage species, and similar amounts of sandlance contributed
to both datasets (Figs. 8 and 9). Spatial patterns observed in
the forage index also match those reported for individual
forage species. Friedland et al. (2023) (their figs. 4D—4I) show
patterns in forage fish habitat occupancy during fall with
multiple species having high occupancy areas south of Long
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Fig. 8. Proportion of silver hake in stomach content data (red) compared with survey biomass sampling (black) over time by
region and season.
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Fig. 9. Proportion of sandlance species in stomach content data (red) compared with survey biomass sampling (black) over
time by region and season.
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Fig. 10. Proportion of unmanaged forage species in stomach content data (red) compared with survey biomass sampling (black)

over time by region and season.
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Table 4. Bluefish stock assessment model fit and retro-
spective diagnostics with (model = ecov_on) and without
(model = ecov_off) the fall StateWaters forage index in-
cluded as a catchability covariate on the recreational fish-
ery catch per unit effort index.

Model dAIC AIC rho R rho_SSB rho_Fbar
ecov_on 0.0 3230.6 —0.0136 0.0880 —0.0641
ecov_off 5.6 3236.2 0.0104 0.1301 —0.0962

Note: Mohn’s rho values (rho) indicate retrospective performance for recruit-
ment (R), spawning stock biomass (SSB), and fully selected fishing mortality
(Fbar).

Island, NY nearshore and offshore with a mid-shelf area of
lower occupancy, as reflected in our aggregate forage fish
density for fall (Fig. 3). Similarly, the high density area on
the northwestern portion of GB east of Cape Cod and higher
density along the coastal GOM identified in our aggregate
forage index is reflected in fall habitat occupancy models for
Atlantic herring, Atlantic mackerel, butterfish, sandlance,
and river herrings (Goetsch et al. 2023).

In the Northeast US, much previous work on distribution
and abundance of forage species at the regional scale nec-
essarily focused on the species most effectively sampled by
the trawl survey. Here, stomach contents also provided infor-
mation on species the trawl survey does not effectively sam-
ple. Differences between the stomach content-based index
and the survey-based index were mainly driven by smaller

1990 2000 2010 2020

and unmanaged forage species such as anchovies and sand-
lances (Fig. 10), important forage species with considerable
knowledge gaps in the Northeast US (Staudinger et al. 2020).
Stomach contents also had higher proportions of some man-
aged species such as herrings and menhaden than NEFSC bot-
tom trawl surveys, but lower proportions of others, such as
butterfish. Bottom trawl survey-based forage estimates can
be problematic due to issues with poor sample size or miss-
ing data for small pelagic fish (anchovies and sandlance) and
cephalopods (Mills et al. 2007; Rohan and Buckley 2017). Fur-
ther, bottom trawl survey biomass time series for assessed
forage species can be at odds with other assessment inputs
and assessment estimated biomass trends in the Northeast
US. For example, Atlantic mackerel bottom trawl survey in-
dices have generally increased, while assessment estimated
biomass, largely driven by an egg survey and information on
catch, is decreasing (NEFSC 2018).

Fish stomach data have been used to index prey abun-
dance, especially for data-poor prey taxa poorly sampled by
bottom trawls, in multiple ecosystems worldwide (Fahrig
et al. 1993; Link 2004; Mills et al. 2007; Cook and Bundy
2012; Lasley-Rasher et al. 2015; Rohan and Buckley 2017;
Sydeman et al. 2022). Reliability of a single prey forage in-
dex based on fish stomach contents using VAST was demon-
strated in the Northeast US (Ng et al. 2021) using a subset
of the data we used here. In particular, reasonable agree-
ment was found between the Atlantic cod diet-derived At-
lantic herring biomass index and Atlantic herring assessment
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Fig. 11. Fall StateWaters forage index fit as a catchabilty covariate within the bluefish assessment model (top), with resulting
catchability, g, for the recreational fishery catch per unit effort (MRIP) index (bottom).
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biomass trends. However, herring indices based on stomach
contents from other individual predators (e.g., silver hake)
had poor agreement with herring assessment trends (Ng et al.
2021). Ng et al. (2021) noted that decadal trends generally
agreed across predators between diet-based and stock assess-
ment Atlantic herring biomass indices, but that shorter term
trends varied considerably by seasons and predators. Further,
changes in spatial overlap between individual predators and
prey over time was noted by Ng et al. (2021) as a poten-
tial issue with using diet-based indices of Atlantic herring
abundance.

Our work differs from that of Ng et al. (2021) in deriv-
ing an index of all major forage fish rather than just a sin-
gle prey item, and in combining across piscivore predators
to derive the forage index. In ecosystems with diverse small
pelagic prey, changes in the aggregate prey field are impor-
tant to generalist predators. Bluefish are generalist preda-
tors on many small pelagic prey species (Buckel et al. 1999;
Collette and Klein-Macphee 2002). Understanding how blue-
fish availability may be affected by changes in their prey field
requires looking across many potential prey species, includ-
ing species not well sampled by bottom trawl surveys. Ag-
gregation of predators and seasons was one recommenda-
tion for future work from Ng et al. (2021) to address some
of the issues with using predator stomach data to evaluate
prey biomass. Our approach combining stomach data across
multiple piscivore predators was intended to improve sam-
ple size for the aggregate prey index so that our results in-

2010 2020

tegrate across individual predator sampling variability and
changes in predator—prey overlap, and perhaps clarify the
longer term, decadal trends in the small pelagic prey field.
Further, evaluating forage species in aggregate should also
reduce issues of changing overlap of predators with individ-
ual prey species. We maintained separate seasonal indices to
reflect the seasonally distinct diets of bluefish (Fig. 2). Our
index was robust to inclusion or exclusion of both relatively
rare prey and predators with lower sampling (Supplement d).
The observed sensitivity to the inclusion of major prey is a de-
sired property of the index; it should change as more or less
of the full forage base is included. Index trend sensitivity to
exclusion of predators with high sample sizes and broad spa-
tial and temporal distributions was less than expected, con-
firming Ng et al. (2021)’s hypothesis that the aggregation of
predators results in forage index robustness.

While the spatial and temporal patterns in the index are
consistent with patterns observed across individual forage
species, some caveats remain. Inferring forage densities
from their density in stomachs then requires additional
assumptions, i.e., that thinning rates (representing predator
foraging areas and attack rates) are approximately constant
(Thorson et al. 2022), and these latter assumptions cannot
be evaluated using data available here. We also acknowledge
that our predators include many demersal species, and that
the surveys designed to capture them are bottom trawl sur-
veys. Including the set of predator species/sizes with highest
diet similarity to bluefish (a pelagic predator) and only the
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Fig. 12. Bluefish assessment results with (ecov_on) and without (ecov_off) the fall StateWaters forage index as a catchabilty
covariate on recreational fishery catch per unit effort. Estimated fishing mortality (F, top), recruitment (center), and spawning

stock biomass (SSB, bottom).
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prey of bluefish was intended to constrain differences due
to the habitat “sampled” by the predators. Further refine-
ments could evaluate the effects of depth and other habitat
covariates on the index. Nevertheless, the more complete
accounting of prey from stomach contents, combined with
good VAST model diagnostics and appropriate sensitivity to
input data, leads us to conclude that this is currently the
best available representation of aggregate forage fish trends
in this region.

Estimation of our piscivore stomach content-based forage
index within the spatio-temporal VAST framework produced
information useful across multiple management scales.
Changes in forage fish are of interest across large regions
and both seasons for ecosystem assessment, but changes in
the fall index nearshore are most closely aligned with abun-
dance indices used in the bluefish assessment. Bluefish mi-
grate into northern coastal waters in spring and return south
in late fall to overwinter (Collette and Klein-Macphee 2002).
Although bluefish catch patterns vary by state, recreational
fishing dominates coastwide bluefish landings, and most
recreational fishing activity (nearly 70% of landings) takes
place in July-October (Bluefish Research Track Summary
Report 2022), months included in the fall forage index
(months 7-12). Further, northern states, included in the spa-
tial extent of the forage index, see peak recreational fish-
ing during these months. Therefore, our fall forage indices

may provide a reasonable match to the recreational CPUE in-
dex used in the assessment. Similarly, fall forage indices for
fishery-independent survey strata also temporally and spa-
tially align with both the fall NEFSC bottom trawl survey and
fall NEAMAP bottom trawl survey stratified mean catch-per-
tow used in the bluefish assessment (Bluefish Research Track
Summary Report 2022).

The intended application of our index in stock assessment
as a catchability covariate, rather than as an index of biomass,
is another important difference from previous work (Ng et al.
2021). Many stock assessments lack information to evaluate
or include time-varying catchability, which can arise from
multiple processes (Wilberg et al. 2009). Our VAST-derived
small pelagic index provided information that has not been
previously used in predator stock assessment, perhaps be-
cause information on aggregate prey fields is rarely avail-
able at appropriate scales. Even if surveys did capture all of
the relevant small pelagic species, the stratified survey de-
sign limits the spatial domain of the survey estimates and
does not allow for an estimate of forage in the bluefish
recreational fishery footprint within 3 nmi of shore. The for-
age index estimate of bluefish prey available over time in
this nearshore region provided a quantitative link to time-
varying catchability and also had the benefit of reflecting
stakeholder ecological knowledge-relating bluefish availabil-
ity to prey. The bluefish research stock assessment model in-
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cluding the forage fish index was received positively by in-
dependent reviewers, who encouraged further work to inte-
grate the forage index into the operational stock assessment
for management (Center for Independent Experts Review
Report, December 2022).

While the fall forage fish indices are already tempo-
rally aligned with bluefish assessment inputs and spa-
tially aligned with two trawl survey indices used in the
assessment, improvements in spatial overlap with recre-
ational fisheries and other survey indices could be con-
sidered in the future. A large proportion (51%) of blue-
fish recreational landings come from inland waters: bays
and estuaries, including Albemarle Sound, Chesapeake Bay,
Delaware Bay, and Long Island Sound (Fig. 1a), with the
next largest proportion (42%) coming from state waters
extending 3nmi from the coastline (Bluefish Research
Track Summary Report 2022). The current forage index does
not cover inland waters, aside from coastal bays in Rhode
Island and Massachusetts. Diet data are available for Chesa-
peake Bay from the Chesapeake Bay Multispecies Monitor-
ing & Assessment Program (ChesMMAP; Buchheister and La-
tour 2015) survey, which could be added to the VAST model
in the future. Less diet information is available for the por-
tion of the bluefish range south of Cape Hatteras, although
some collections have taken place. Because the bluefish MRIP
CPUE index used in the stock assessment includes data from
Massachusetts through Florida, updating the VAST forage fish
index with southern data would improve the compatibility
with the bluefish stock assessment model. Investigation of
sources of diet information, or possibly direct forage fish sur-
veys for inland and southern areas, would be worthwhile to
see whether data are adequate to cover the full range of blue-
fish. In addition, it is worth exploring whether including in-
dices as area-expanded estimates or as unexpanded forage
density in each area of interest provides more information
to the bluefish assessment model.

The general method of using stomach content informa-
tion to estimate prey indices can be extended to address
other predators with different prey fields (e.g., benthic feed-
ers; Link 2004; Lasley-Rasher et al. 2015; Rohan and Buckley
2017) or different spatial distributions. Including more in-
formation on the process of fish predation (which we some-
what controlled for as catchability covariates for number
of predators, predator size, and temperature) may help to
refine aggregate forage indices. For example, in this initial
model, we have not accounted for functional responses of
predators, but new research may allow us to do so in fu-
ture iterations (Smith and Smith 2020; Robertson et al. 2022;
Thorson et al. 2022). Predator behavior/thinning rates infor-
mation could potentially supply information on “area swept”
for the forage index, allowing more direct comparisons with
survey sampling gear. Finally, integration of other survey
types (e.g., small mesh nearshore surveys) is possible within
VAST (Griiss and Thorson 2019) and could be explored to ex-
tend the spatial domain to include bays and other inshore
areas.

Overall, this index provides insight into temporal and spa-
tial variation at the forage fish community level, which is
important both for individual predators and for ecosystem

assessment. Forage fish link lower trophic level productiv-
ity with larger fish important for human consumption and
recreation as well as for protected species, so understanding
aggregate forage dynamics within an ecosystem may support
analysis related to management for multiple living resources
(Smith et al. 2011; Essington et al. 2015; Levin et al. 2016;
Punt et al. 2016; Tommasi et al. 2017; Soudijn et al. 2021).
Identifying predator responses to changes in individual prey
can be challenging in systems with multiple forage species;
an aggregate forage index may have more power to explain
predator trends (Koehn et al. 2016; Deroba et al. 2018). Ag-
gregate forage indices may also contribute to ecosystem level
analyses of productivity or management strategies as time
series for driving or conditioning multispecies and ecosys-
tem models (e.g., Link et al. 2009; Punt et al. 2016; Caracappa
et al. 2022). As a first step towards examining common pat-
terns across aggregate prey and predators in the Northeast
US, these forage indices for spring and fall in the GOM,
GB, and MAB were included in 2023 ecosystem reporting
in the region (ecodata R package; Technical Documentation
2023).

Finally, while aggregate indices of forage fish should in the-
ory be inherently more stable than individual forage species
population trajectories (Fogarty 2014), we still find substan-
tial fluctuations in this forage index. There were no patterns
in the annual number of stomachs that would lead to the ob-
served variability (Supplement d), although we recognize that
survey sampling of predator stomachs combined with com-
plex predator prey interactions in space and time and highly
dynamic mobile forage populations may lead to high variabil-
ity of the index. Investigation into drivers of forage fish (and
predator) spatial and temporal shifts demonstrate substan-
tial variability. Many factors influence forage distribution and
abundance, including environmental drivers changing habi-
tat and impacting species differently, resulting in often un-
clear or mixed signals across taxa, although general trends in
the Northeast US are distribution shifts towards the northeast
and into deeper water (Fredston et al. 2021; Suca et al. 2021).
This initial aggregate forage index provides the opportunity
to investigate whether temporal and spatial trends are coher-
ent with aggregate zooplankton indices and (or) spatial and
temporal patterns in environmental drivers. Ongoing anal-
yses of ecosystem linkages with the forage index may pro-
vide insight both for improving the index for future predator
stock assessments and for ecosystem reporting in the North-
east US (NEFSC 2022).
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