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Abstract

Understanding seasonal shifts in the spatial distribution of Bristol Bay red king crab
(BBRKC) is essential to developing adaptive management strategies that promote sustainable
harvest. Although fishery harvests suggest a substantial shift in the distribution of male crab
between late spring (when fishery-independent bottom trawl surveys occur) and autumn (during
the directed fishery), the environmental drivers underlying this shift are not well characterized.
In this study, we fit an advection-diffusion model of mature male BBRKC seasonal movements
to pop-up satellite archival tag data to estimate the habitat preferences of migrating crab. We
then used estimated habitat preference parameters and time-varying environmental data to
project the distribution of the BBRKC stock from the late spring to the autumn during 2005-
2023, evaluating the similarities between these projected distributions and directed fishery
catches through spatial overlap analysis. Our habitat preference model suggested that late spring
to autumn mature male BBRKC movements were explained by a preference for cooler
temperatures in central Bristol Bay in October, with preference for shallow habitats at low tidal
current velocities and deeper habitats at higher velocities. We found that projections of seasonal
BBRKUC distributions estimated from the movement model skillfully predicted interannual
variation in directed BBRKC fishery catches. Our results offer new insights into the
environmental drivers of seasonal BBRKC movements and demonstrate the utility of movement-

integrated species distribution modeling for seasonal projections of animal distributions.

Keywords: red king crab, Bristol Bay, habitat preference, spatiotemporal model, spatial overlap,

Pop-up satellite archival tag, animal movement, advection-diffusion model
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Introduction

The Bristol Bay red king crab (BBRKC; Paralithodes camtschaticus) fishery was once one of the
most productive crab fisheries in the world. The fishery peaked in 1980 when 58,943 tons of crab worth
an estimated $115.3 million ex-vessel value were harvested, but had collapsed by 1982 when the fishery
landed only 1,361 tons of crab (Zheng and Siddeek 2018, Palof 2024). After moderate recovery and then
additional stock decline in the mid-1990s, managers implemented trawl closure areas in 1995 and 1996,
including the Red King Crab Savings Area (RKCSA) and Nearshore Bristol Bay Trawl Closure Area
(NBBTCA). These closure areas were designed to protect BBRKC by limiting negative interactions with
trawl fisheries, and together closed ~79,000 km* of BBRKC habitat to trawling (Kruse et al. 2010).
However, evaluating the efficacy of these closure areas and ensuring their future utility amidst
increasingly anomalous environmental conditions in the Bering Sea (Stabeno and Bell 2019, Litzow et al.
2024) and climate-driven shifts in species distributions (Szuwalski et al. 2021, Howard et al. 2024)
requires improved knowledge of BBRKC habitat preferences, seasonal migrations and distributions.
Developing this understanding has the potential to inform new management strategies (e.g., spatially
dynamic closure areas) that optimize for the diverse economic and ecological sustainability objectives of
stakeholders (Hazen et al. 2018) in Bristol Bay.

Our current understanding of seasonal red king crab migrations and distributions stems from
decades of tagging studies (Powell and Reynolds 1965, Takeshita et al. 1990, Stone et al. 1992), bottom
trawl and pot surveys (Dew 2008, Loher et al. 2024, Zacher et al. 2024), directed fishery harvest reports
(Zacher et al. 2018, Ryznar and Litzow 2025), and bycatch observations from groundfish fisheries
(Ryznar and Litzow 2024) in Bristol Bay and elsewhere in Alaskan waters. However, a lack of
standardized sampling methods among seasons complicates inferring migratory patterns and behaviors
from these sources. Additionally, when predictions of seasonal distribution are possible, for example,
within bycatch distribution modeling frameworks, model training data are spatially restricted to regions

where groundfish fisheries operate and do not include critical crab habitats in the RKCSA or NBBTCA
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that are closed to trawling (Laman et al. 2018, Ryznar and Litzow 2024). The quality of our
understanding of BBRKC seasonal distributions is therefore weighted towards the late spring, when a
spatially-comprehensive fisheries-independent bottom trawl survey occurs, and the autumn, when the
directed BBRKC fishery operates in Bristol Bay. Extending our knowledge of BBRKC distribution
outside the late spring and autumn periods to better characterize the efficacy of BBRKC trawl closure
areas requires methods that can produce robust predictions of stock distribution by integrating across
seasons and disparate sampling methodologies (e.g., telemetry data via satellite tags, bottom trawl and pot
surveys, observations of BBRKC bycatch, and/or directed fishery harvest data).

“Hybrid” species distribution models (SDMs) are one method to address this challenge (Thorson
et al. 2021, Thorson and Kristensen 2024). The hybrid SDM framework functions by extending spatially-
resolved predictions of animal distribution, made using a correlational SDM (e.g., a generalized linear
mixed model or machine learning model) fitted to observations of presence/absence or density in relation
to environmental covariates (Dormann et al. 2012), over a time interval by coupling distributional
predictions with movement probabilities over that time interval (Thorson et al. 2021). Movement
probabilities are calculated using a model fitted to telemetry data estimating the contributions to observed
animal movement by taxis, (i.e., the directional movement of individuals towards preferred habitats), and
diffusion (i.e., the residual, non-directional movement not captured by taxis) (Thorson and Kristensen
2024). Ultimately, the coupling of predicted distributions from a SDM with predicted movement
probabilities from a movement model produces distributional projections consistent with the habitat
preferences of tagged individuals, where habitat preference refers to the use of a particular habitat relative
to its availability (Aarts et al. 2008).

Two key environmental factors contributing to the habitat preferences of seasonally migratory red
king crab include depth (Wallace et al. 1949, Powell and Reynolds 1965, Stone et al. 1992) and bottom
temperatures (Loher and Armstong 2005, Chilton et al. 2010, Zacher et al. 2018). During the winter-

spring period, mature female BBRKC move into shallow, nearshore habitats where annual molting and
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mating occurs (Dew 2008, Chilton et al. 2010). A subset of the male population, typically the large, old-
shell individuals, concurrently migrates into shallow habitats to participate in mating (Dew 2008),
whereas smaller, recently molted males remain in deeper habitats (Takeshita et al. 1990, Dew and
McConnaughey 2005). Following the molt-mate phase, both male and female crab migrate back to deeper
habitat (Dew 2008, Chilton et al. 2010), with post-spawning males and females tending to segregate
spatially, and recently-mated old-shell males reconvening with the population of new-shell males
(Takeshita et al. 1990). The female molt-mate cycle may be delayed in colder bottom temperature years,
resulting in the shallow-to-deep, post-spawning migration of mature female crab occurring as late as July
(Chilton et al. 2010).

For legal male BBRKC (> 135 mm carapace length [CL]), migratory dynamics between the
summer and autumn months are evidenced by data collected by the National Marine Fisheries Service
eastern Bering Sea (NMFS EBS) bottom trawl survey that begins in Bristol Bay in late May-early June
(Zacher et al. 2024), and spatially-resolved catch data provided by vessel captains and observers in the
male-only directed fishery open between October 15 and January 15 annually (the majority of landings in
the directed fishery occur within the first month; Zacher et al. 2018). Although observations from the
directed fishery only occur within a portion of the range occupied by BBRKC, comparison of stock
distribution between the two seasons reveals a general distributional shift from central Bristol Bay in the
late spring to the south and/or west when crab are captured in the fishery (Zacher et al. 2018). In general,
the spatial distribution of the stock during the directed fishery tends to be deeper than during the survey in
late spring, and harvests in colder bottom temperature years tend to arrange in a band-like formation
along the Alaska Peninsula, whereas in warmer years, harvests tend to extend further northwards into
central Bristol Bay (Zacher et al. 2018). In recent years, satellite tags have been deployed on crab during
the NMFS EBS survey to better understand the seasonal movements of mature/legal male crab (> 120 mm

CL) (NPFMC 2022a-c, 2024a, Nault et al. 2024).



98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

The availability of observations of BBRKC density from a fisheries-independent bottom trawl
survey that occurs annually during the late spring, coupled with observations of BBRKC movement over
the late spring—autumn interval, presents a unique opportunity to evaluate the utility of a hybrid SDM
applied to the BBRKC stock. In this work, we applied the hybrid SDM framework to 1) estimate mature
male BBRKC habitat preferences based on relationships between environmental variables and BBRKC
movements, and 2) integrate BBRKC late spring survey data, tagging data, and habitat preferences to
project BBRKC density across the late spring—autumn period. We evaluated the predictive skill of our
projections by comparing the spatial overlap of projected BBRKC distributions with the distribution of
autumn BBRKC fishery catches for each year between 2005 and 2023. We expected that the spatial
overlap between projected and fishery distributions would be greater than what would be expected if crab
moved randomly over the late spring—autumn periods. Lastly, we considered how bottom temperatures in

Bristol Bay influenced the extent of spatial overlap and trends in stock distribution.

Methods

Overview of the hybrid modeling approach

We applied a two-stage hybrid modeling approach to project BBRKC density (numbers km?)
from late spring (June) to autumn (October). This two-stage approach to projecting density specifically
involved the integration of predictions from two separate models, rather than generating predictions from
a single, jointly estimated model (Thorson et al. 2021, Thorson and Kristensen 2024). We first fitted a
spatial generalized linear mixed model, hereafter the species distribution model (SDM), to BBRKC
densities from the NMFS EBS bottom trawl survey to predict June BBRKC density and distribution.
Next, we fitted a model of crab seasonal movements, hereafter the diffusion-taxis model (Thorson et al.
2021, Thorson and Kristensen 2024), to telemetry data (the known tag release and recovery locations) to

predict BBRKC movements from June to October. The diffusion-taxis model estimated movement due to
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taxis, or the directed movement of individuals towards preferred habitats, and diffusion, or the non-
directed movement of individuals over the time interval (Thorson and Kristensen 2024). Contributions of
“drift”, or the passive, directional movement of animals; for example, due to currents, may also be
estimated but were not considered in our analyses. We assumed that the movements of these large-bodied
benthic crustaceans would be primarily driven by taxis rather than by passive movement in response to
current dynamics.

We then multiplied June density predictions from the SDM with predicted movement
probabilities from the diffusion-taxis model to project BBRKC density across the June—October interval.
We used AIC (Akaike 1987) and leave-one-out cross validation (LOOCYV) to identify the best-fitting
model with highest prediction skill among a set of uniquely parameterized diffusion-taxis models. After
model selection, we used a parametric bootstrap approach to evaluate the skill of annual BBRKC density
projections made using the selected diffusion-taxis model relative to a diffusion-only model. Specifically,
we compared the extent of spatial overlap between density projections made using the diffusion-taxis

model or diffusion-only model with catch per unit effort (CPUE) from the directed BBRKC fishery.

Survey data

We used data collected on the 2005-2019 and 2021-2023 NMFS EBS bottom trawl surveys to fit
SDMs. We chose the 2005 start year for this analysis because 2005 was the first year for which spatially-
resolved commercial harvest data from the BBRKC directed fishery were available. The NMFS EBS
bottom trawl survey follows a fixed station sampling design with survey stations spaced 20 nautical miles
apart. Thirty-minute trawls were conducted using an 83-112 eastern otter trawl with 25.3 m headrope and
34.1 m footrope (see full trawl specifications in Markowitz et al. 2023). The survey typically begins in
late May at stations in eastern Bristol Bay, moving westward and out of Bristol Bay by late June. Station-
level mature male BBRKC density was estimated as the total number of mature males caught divided by

area-swept effort (catch per unit effort; crab km™?).
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Tagging data

Hardshell mature male red king crab (carapace length [CL] between 124 and 183 mm) were
tagged during the EBS bottom trawl survey between May 29 and June 22 in 2021-2023 (Table 1). Crab
brought up in good condition in trawl nets were candidates for tagging, and all individuals tagged had
walking legs intact and very minor to no injuries evident. To the extent practical while on a survey vessel,
the distribution of released tags was weighted by the density of BBRKC survey catches within a given
survey year, such that more tags were released in areas with higher densities of BBRKC from survey
catches. Crab were tagged with PSAT tags from Wildlife Computers (miniPAT and Mark Report PAT;
Table 1) by securing the tag to a polyolefin tubing harness wrapped around the crab’s carapace (see Nault
et al. 2024). The positively buoyant tags float approximately 7 cm above the tagged crabs. This
attachment method does not allow tags to be retained through the molt, but male BBRKC do not

generally molt during the deployment period (NPFMC 2024b).

Data from 2020 were available for use in this study (Nault et al. 2024), but were not included in
our models due to temporal and spatial differences in tag deployment methods between the 2020 and
2021-2023 tagging studies. In 2020, the median tag deployment date of July 7" came over a month later
than 2021-2023 tags (2021: June 6™, 2022: June 5™, 2023: June 2"), and tags were deployed in clusters in
2020 rather than as in 2021-2023 where tag deployment density was weighted by survey BBRKC catch
density. We programmed tags to release from crab between October 11th and 13th (Table 1). Once at the
surface, satellite tags drifted for 0.1 to 48 hours prior to an initial high-quality Argos location estimate. To
correct for tag surface drift we estimated true pop-up locations and error ellipses using known tag drift
vectors (Nault et al. 2024). Tags that surfaced before the programmed release date, most likely due to crab
death, were not included in this analysis. Across the three-year tagging period, June deployment and
October pop-up locations were obtained for 63 mature male BBRKC (Table 1). PSAT tags yielded

positional information for crabs at tag deployment (June) and pop-up (October) locations.



169 Commercial fishing data

170 We used spatially-resolved daily fishing logbook data collected by BBRKC commercial fishing
171  boat captains to calculate CPUE and to evaluate the overlap between the spatial distribution of fishery
172  CPUE and projected BBRKC distributions. Daily fishing logbook observations, which include catch size
173  and location, have been kept by BBRKC fishery captains since the rationalization of the fleet in 2005.
174  BBRKC are fished using large rectangular mesh pots (e.g., 7' x 7' x 4') that are set in groups along

175  straight lines referred to as “strings” with on average 23 pots per string. Each daily fishing log entry
176  detailing catch size refers to the number of legal sized male crabs harvested along the entire string, and
177  we calculated CPUE as the number of crabs harvested per string divided by the number of pots hauled
178  following Zacher et al. 2018. Strings with > 100 and < 5 pots were omitted from CPUE calculations, as
179  very long strings were unlikely to be set in straight lines or well-described by the unique coordinate pair
180  that we assigned to each string, and strings with very few pots were removed due to low sample size.
181 Fishing boat captains record the coordinates of the start and end pot for each string, and in our analyses,

182  we assigned string position as the average of these coordinates.

183  Species distribution model

184 We fitted a spatial generalized linear mixed model to observations of BBRKC density with spatial
185  and spatiotemporal random fields, Tweedie observation error and log link (Anderson et al. 2024). We

186  included survey year as a categorical predictor estimated as a fixed effect. The model was given by

187 Elrsy] = tsy

188 Usy = exp(ay + wg + Es’y) (D)
189 ® ~ MVN(O,Z,)

190 e_'y ~ MVN(OJZE)’

191 where 75, is the observed density of mature male crab at survey station s in year y, s, is the predicted

192 density, a,, is an estimated intercept for each year, w is the main effect for space and represents a



193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

temporally-persistent deviation in log-density at location s, and €,, is the interaction of space and year that

is estimated independently for each year. Both spatial and spatiotemporal random fields were treated as
Gaussian Markov random fields with the Stochastic Partial Differential Equation (SPDE) method
(Lindgren et al. 2011), and spatial covariances for matrices X, and X, were calculated using a Matérn
covariance function (Cressie and Huang 1999). We used a SPDE mesh with 470 vertices where the
maximum distance between vertices within the study area was 25 km (Appendix S1: Fig. Sla).

We fitted the SDM to survey data between 2005 and 2023 (excluding 2020 when no bottom trawl
survey occurred due to COVID-19) using the R package sdmTMB (Anderson et al. 2024). We used this
model to predict June BBRKC densities during these years across J grid cells (grid cell area = 625 km?);
resulting in the yearly density vector ¢,, with .J elements. The prediction grid (Appendix S1: Fig. S1b,
purple) was a subset of the Bristol Bay RKC management district (54.5-58.5°N, 168-158°W) that we
extended to include a region in northwest Bristol Bay where satellite tags were deployed on RKC. This
extension was immediately adjacent to the northern management boundary and extended to 59.1°N,
166.2°W (see tags deployed outside Bristol Bay management district in Fig. 1). We limited the extent of
the prediction grid in southwest Bristol Bay to avoid projecting BBRKC density far outside the region
within which crab movement data were available. Between 99.6% and 100% of annual fishing CPUE

observations fell within this prediction grid during the study period.

Diffusion-taxis model

Next, we fitted a diffusion-taxis model to BBRKC tagging data to predict the probabilities of crab
moving from one grid cell to any other grid cell within the prediction grid over the June-October time
interval (Thorson et al. 2021, Thorson and Kristensen 2024). Positional information from PSAT tags was
available for start (June) and end (October) positions of tagged crabs. We used a spatial grid comprised of
J =294 grid cells to define adjacency matrix A with dimension J X J (Appendix S1: Fig. S1b, black). We

used this grid that had fewer cells than the prediction grid (294 vs. 313) to reduce the computational



217  complexity of likelihood optimization and aid in model convergence. The larger 313 cell grid was used
218  for prediction as this grid more accurately captured the spatial boundaries of the Bristol Bay management
219  district. Values of A were 1 when cells shared sides and 0 otherwise (i.e., rook adjacency). Given tagging
220  observations from multiple years, we calculated the year-specific instantaneous movement rate matrix My
221 for crab moving between adjacent cells per unit time ¢ as a combination of diffusion and taxis that were
222  estimated from tagging data. My had the same sparsity structure as A, such that crab could only move to
223  adjacent cells in instantaneous time. In the diffusion-taxis model, My is the sum of instantaneous

224 diffusion D,, and taxis Z, rates:

225 M, =D, +Z, @)

226  Here, diffusion ljy is defined as random, isotropic (i.e., non-directional) movement and taxis Zy

227 as active directional movement in response to habitat preferences. Elements of Dy and Zy matrices are

228 d and z, 4 4 , respectively, reflecting the movement rates of crab due to diffusion and taxis from

Y,.91.92

229 g, to adjacent grid cell g, per unit time. The diffusion rate dy,g' g, 18 given by

Dag1r.92 ifgl * g2
—Xg#9,%y.9. ifg, = g2’

230 dygig, = { (3)

231 where D is the diffusion coefficient estimated from tagging data in units distance?/time and ag, g, 18 the

232  corresponding element of the adjacency matrix.

233 For taxis between cells g; and g,, the taxis rate z, 4, o, is
234 A (hy,g, — Py,g,)09,.9, ifg; # g, @)
gz —Lg#9,%y.91.9 ifg, = g7’

235  where h,, ;4 is habitat preference modeled as

236 hyg=%,40+w, 4, (5)

237  and where X indicates the four basis functions for representing a cubic thin plate spline of bottom

238  temperature, X,, 4 are their values for year y and location g, such that 6 is a vector of estimated parameters

239  representing the response to bottom temperature. Similarly, W indicates the nine basis functions derived
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from a cubic regression tensor spline of depth and current velocity, wy, 4 are their specific values, and

where 4 is the vector of parameters representing the interaction of these two covariates. The provenance
of environmental covariates included in the habitat preference model is described below. Given
parameters D, @ and A in the diffusion-taxis model, we calculated the instantaneous movement rate My.
We then calculated the integrated movement fraction over the typical 19 week tag deployment interval A;
as M, = exp(My). Although there were differences in tag deployment date within years due to survey
timing (Table 1), we assumed that tags were deployed on June 5™ (median tag deployment date) and
popped up on October 13" (median tag pop-up date), which yielded the 19-week interval. Given a release
in year y and location g, the probability 7, ;, of ending up in cell g is therefore the vector obtained when
extracting row g; from matrix M,,. We then calculated the joint log-likelihood by summing log(,, ;)
across all years and tags. We estimated model parameters by finding the parameter values that maximized
this log-likelihood of observing crab movement between tag deployment and pop-up locations over A;.
We evaluated bottom temperature (“temp”), depth, and maximum tidal current (“velocity”) for
inclusion in the habitat preference model (Table 2), given that these covariates have been shown to be
important for predicting BBRKC fishery harvest distributions (Ryznar and Litzow 2025). Due to limited
tagging observations that precluded us from fitting habitat preference curves for each year, we assumed
that movement parameters (D, 8 and A1) were constant across years. For our temperature covariate, we
used the bottom temperature output from reanalysis-driven hindcast simulations of the northeast Pacific
regional implementation of the Modular Ocean Model version 6 (MOM6-NEP10k) that has been shown
to skillfully predict Bering Sea bottom temperatures (Drenkard et al. 2024, Seelanki et al. 2025). We
retrieved daily bottom temperature data from October 8 to 13 for each year in 2005-2019 and 2021-2023,
then averaged each year’s data to create annual bottom temperature spatial layers. We also included
bottom depths sourced from the General Bathymetric Chart of the Oceans (GEBCO 2023) and maximum
tidal current velocities across Bristol Bay over the 1 January 2009-4 January 2010 period (Egbert and

Erofeeva 2002, Laman et al. 2018) as static covariates. This latter covariate has been used in the spatial
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modeling of essential fish habitat in the Eastern Bering Sea in recent years (Laman et al. 2022). All spatial
layers were averaged to the 625 km? spatial resolution to match that of the prediction grid. We performed
spline basis expansion using the mgcv R package (Wood 2006) and fitted the preference model using
maximum likelihood estimation in R with RTMB (v4.4.1; R Core Team 2024, Kristensen 2024). We did
not penalize basis parameters during model estimation like is done natively in the mgcv R package (Wood
2006). We visualized marginal habitat preference smooths using R code from Thorson and Kristensen
2024 and the marginaleffects R package (Arel-Bundock and Greifer 2024).

We used AIC to select the most parsimonious habitat preference model from a set of six
candidate models (Table 2). The selection set included 1) the diffusion-only model with no habitat
preference components specified, 2) a model treating the three habitat covariates as linear predictors of
habitat preference and 3) a model treating the three habitat covariates as univariate smooth functions of
habitat preference using thin-plate regression splines. Models 46 each used a cubic regression tensor
spline to capture the interaction between two habitat covariates and a separate univariate smooth for the

third, differing in the covariates included in the tensor interaction and univariate smooth terms.

Seasonal projections

We combined predictions from the SDM and movement probabilities from the selected diffusion-
taxis model to make seasonal projections of BBRKC distributions into October when tags popped up.

Given the year-specific vector of predicted late spring crab densities ¢,, from the SDM and estimated
movement fraction matrix M,, from the diffusion-taxis model, the vector of projected October crab
densities €y ;1 p, Was

€y rea, = CyeMy. (6)
We used this approach to project October crab densities for each year between 2005 and 2023 where

summer survey data were available.
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Overlap between projected BBRKC densities and directed fishery harvests

To evaluate the predictive skill of the modeled distributions relative to fishery dependent data, we
compared projected BBRKC densities to observed catch patterns from the fishery, recognizing that
fishery CPUE reflects both biological (e.g., crab density) and fishery-driven processes (e.g., the spatial
distribution of effort may either be associated with areas where captains have had success in previous
seasons or be constrained by costs to access). We calculated the extent of overlap between projected
October BBRKC density and CPUE from the directed BBRKC fishery (October 15 season opening) for
each year between 2005 and 2023 (excluding 2020-2022 when either no bottom trawl survey or fishery
occurred) using Bhattacharyya’s coefficient (Bhattacharyya 1943). Bhattacharyya’s coefficient can be
interpreted as the degree of similarity between two populations in their use of space (Carroll et al. 2019).

Bhattacharyya’s coefficient for year y (B,) is calculated as

By = 22:1 Pprojy_g X Pcatchy,gr (7

where Py, Jyg

and P4 hy,g 1€ year-specific proportions of total projected BBRKC densities and average
BBRKC fishery CPUE within a given grid cell g. This method provides an intuitive approach to

estimating the extent of spatial overlap because B,, ranges from 0 in the case of no overlap to 1 when

relative population densities are identical; that is, P, = Pcatchy‘gfor all g (Fieberg and Kochanny

ro jy,g

2005).

Evaluating movement model and movement-informed projection skill

We used leave-one-out cross-validation (LOOCV) to evaluate movement model prediction skill
for years when tags were available (2021-2023). The LOOCYV analysis involved fitting the six movement
models (Table 2) 63 times (the total number of tags) with a different tagging observation dropped from
the training data during each training iteration. We then predicted the pop-up location of the tag that was

excluded from the training set and calculated the distance between the predicted and observed pop-up
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location, yielding 63 distance residuals that we used to calculate root mean squared error (RMSE) as our
measure of prediction skill. Predicted tag pop-up locations were the positions given by the weighted
average of longitudes and latitudes of grid cell centroids where weights were grid cell movement
fractions. We used RMSE calculated from this LOOCYV analysis to quantify the prediction skill of
movement models, and used this metric in addition to AIC to select the best-fitting model for use in
projection analyses.

We used a parametric bootstrap analysis to evaluate the predictive skill of movement-informed
density projections in years when bottom trawl survey and fishery CPUE data were available (2005-2019,
2023). For each year, we took N = 1000 draws from a 1) multivariate normal distribution with mean and
covariance specified by the estimated parameters and covariances in the fitted diffusion-taxis model, and
2) a normal distribution with mean and variance specified by the estimated diffusion parameter mean and
variance in the diffusion-only model. This diffusion-only model represented movement due to random,
non-directional movement alone, and therefore served as a null model for comparison with outcomes
from the diffusion-taxis model. The diffusion-taxis model from which parameter samples were drawn
used the AIC/RMSE-selected habitat preference model (Eq. 5) that included interannually varying
hindcasts of bottom temperature from MOM®6 during the October 8—13 period as a covariate.
Additionally, for all years where SDM predictions were available, we simulated draws from the precision
matrix of the fitted SDM and used the simulated parameters to predict the distribution of BBRKC during
June (N = 1000 per year).

For all years where SDM predictions were available and the BBRKC fishery was open (2005-
2019; 2023), we combined the simulated June BBRKC distribution with the simulated parameters from
the diffusion-taxis and diffusion-only models to project BBRKC density into October of that year (Eq. 6).
This produced two sets of simulated projections, one reflecting projections made using the diffusion-taxis
model, and the other reflecting projections made using the diffusion-only model. We calculated

Bhattacharyya’s coefficient (B) for each projection to quantify the spatial overlap between projected



336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

October BBRKC densities and fishery catches that we assumed to be known without error. Additionally,
we calculated the annual centroids for projected October BBRKC density using the diffusion-taxis and
diffusion-only models for comparison with the centroid of BBRKC fishery catches, where centroids were
the coordinates specified by the projected density- or CPUE-weighted average longitude and latitude. We
then calculated the distance between fishery CPUE centroids and projected density centroids using the
diffusion-taxis and diffusion-only models.

We used a measure of distributional similarity (7}) to identify differences in within-year
bootstrapped distributions (Pastore and Calcagni 2019) of 1) spatial overlap (B) calculated from diffusion-
taxis model- and diffusion-only model-informed projections and 2) the distance between fishery and
projected density centroids derived from the diffusion-taxis model and diffusion-only model (2005-2019;
2023). Estimated using the R package overlapping, the index 7] is given as the proportion of overlapping
area between kernel density estimations (KDEs) of empirical distributions (Pastore 2018, Pastore and

Calcagni 2019). We assumed that there were significant differences between distributions when 7 < 0.05.

Effects of bottom temperature on spatial overlap and BBRKC distribution

We also tested the hypothesis that the difference in spatial overlap using either diffusion-taxis
model- or diffusion-only—based projections (Bprm—Buitr. onty) Was a function of bottom temperature by
modeling Bprm—Buitr onty @s @ smooth function of bottom temperature with a thin plate spline with three
basis dimensions. We evaluated the relationships between the longitude and latitude components of
diffusion-taxis model-based projection centroids and those derived from directed fishery CPUE using
linear regression. Lastly, we visualized the position of fishery CPUE and diffusion-taxis model
projections of BBRKC density centroids relative to bottom temperature conditions in Bristol Bay. To do
this, we averaged MOMG6 bottom temperature outputs over the prediction grid for October 8-13 annually

for all years between 2005 and 2023.
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Results

BBRKC movement patterns

Over the June-October study period, the average distance between tag release and pop-up location
was 100 +/- 50 km (mean +/- sd), and tagged BBRKC moved on average 0.8 +/- 0.4 km day™'. The largest
distance between tag release and pop-up was 225 km, and the smallest was 6 km. In units of degrees
clockwise from North, the average direction of movement across all tags was 220 +/- 40°, indicating that
crab typically traveled southwest from tag release locations (270° would be due west and 180° due south;
Fig. 1). Of the 31 tags that were released in the Nearshore Bristol Bay Trawl Closure Area (NBBTCA) or
the Red King Crab Savings Area (RKCSA), 100% of tags popped-up in those areas, and 61% (19/31) of
tags released in those areas popped-up specifically in the RKCSA. The average direction of movement
and distance traveled for tags released in closure areas was 230 +/- 40° (roughly southwest on average)
and 100 +/- 60 km, respectively. Of the 17 tags released to the east of 164°W but not within a closure area
(the western boundary of the RKCSA is 164°W), 88% of tags popped up within a closure area (15/17),
such that 96% of tags released east of 164°W popped up in a closure area. There were 15 tags released
west of 164°W and none of those tags popped-up in a closure area. The average direction of movement
and distance traveled for individuals tagged west of 164°W was 210 +/- 40° (roughly south-southwest on
average) and 90 +/- 40 km, respectively. Neither the average direction of tag movement nor the distance
traveled significantly differed between tags released west and east of 164°W.

However, tags released east of 164°W popped up in habitats that were significantly deeper than
those tags released west of 164°W (t.test, = 7.4, df = 19.1, P <0.001); tags released east of 164°W (the
vast majority of which moved into closure areas) popped up in habitats with an average depth of 74 +/- 6
m, and tags released west of 164°W popped up in habitats with an average depth of 56 m +/- 8 m. Tags
released east of 164°W also popped up in habitats exposed to greater maximum tidal currents compared

to those released west of 164°W (¢ =15.8, df =24.9, P < 0.001). The mean maximum tidal current



383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

velocity in pop-up locations of tags released east of 164°W was 56 +/- 4 cm s, compared to 39 +/ 3 cm s°

! for tags released west of 164°W.

Movement models

The most parsimonious diffusion-taxis model estimated habitat preferences as a function of the
2D nonlinear interaction between depth and maximum tidal current velocity, and a nonlinear function of
bottom temperature. This model also had the best predictive skill determined using RMSE (Table 2, Fig.
2). LOOCYV showed that the selected diffusion-taxis model improved the prediction of held-out tag pop-
up locations by 47%, bringing the RMS distance between observed and predicted pop-up locations down
from 101.8 km using the diffusion-only model to 53.7 km using the diffusion-taxis model.

Visualizing marginal habitat preference smooths from the best-fit diffusion-taxis model revealed
that, when depth and tidal current velocity were held at their average values, habitat preference was
roughly flat until bottom temperatures (averaged to the 625 km? spatial scale) exceeded ~4.5°C (Fig. 2a).
The slope of the habitat preference smooth became more steeply negative for temperatures > ~6°C,
suggesting a lower preference for warmer bottom temperature habitats. Predicted habitat preferences
relative to the nonlinear interaction between depth and maximum tidal current (with bottom temperature
held at the average value) showed that BBRKC preferred habitat with either low maximum tidal currents
and shallower depths, or high tidal currents and deeper depths (Fig. 2b). When tidal current velocity
exceeded 48 cm s™! (the median velocity), the range of depths where preference was greater than the 90th
preference percentile was 67 m—97 m. Alternatively, when tidal currents were below the median, the
range of depths where preference was greater than the 90th preference percentile was 32 m—46 m. As
discussed above in BBRKC movement patterns, BBRKC preferentially moving into deeper habitat with
greater exposure to tidal currents occurred largely within trawl closure areas in central and eastern Bristol
Bay, whereas BBRKC preferentially moving into shallower habitat with less exposure to tidal currents

occurred largely within northwestern Bristol Bay outside of trawl closure areas. Habitat preference
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predictions over Bristol Bay showed that the areas with the highest preference extended in a band-like
formation from the region within and around the RKCSA to the northwest into habitat falling outside the

Bristol Bay management district (Fig. 3).

Projected BBRKC distributions and fishery overlap

Our analysis of spatial overlap between projected October BBRKC density and the directed
BBRKC fishery (Figs. 4, 5; all distribution and overlap visualizations are provided in Appendix S1: Figs.
2-5) showed that diffusion-taxis model-based projections were consistently more similar to the fishery
CPUE spatial distribution than those from the diffusion-only model. This was evidenced by a
significantly higher degree of spatial overlap between diffusion-taxis model-based projections of density
and fishing CPUE than overlap between the projections from the diffusion-only model and fishery CPUE
for all years except 2007-2010 (Fig 5a). We found that centroids from diffusion-taxis model-based
projections were significantly closer to directed fishery centroids in only 7 of 16 years, although centroids
from diffusion-only model projections were never significantly closer to fishery centroids than those from
the diffusion-taxis model.

The difference between overlap calculated from diffusion-taxis- and diffusion-only based
projections (Bprv—Buitr. onty) Was well explained by October bottom temperatures in Bristol Bay: in years
with cooler bottom temperature conditions, Bporm—Baitr. only Was near zero but the difference increased as
bottom temperatures increased (Fig. 6, dev. expl. = 55%, edf = 1.8). Further analysis of the diffusion-taxis
model-based projections showed a significant positive linear relationship between the longitude of the
projected density centroid and the longitude of the centroid of fishery CPUE (Fig 7a, b, P =0.001, R*=
0.54); however, a similar relationship was not found for latitude (Fig 7c, d). The time series of the
longitudinal components of projected BBRKC density centroids (Fig. 7a) indicated that the autumn
centroid of the stock shifted eastward between 2005 and 2010, remained near the eastern edge of the

RKCSA between 2010 and 2014, and moved westward between 2015 and 2019. The longitudinal
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component of the fishery CPUE showed a similar pattern, with a notable exception in 2017 when the
centroid of the fishery was further east than the projection centroid. In 2020, the directed fishery CPUE
centroid shifted eastward (no 2020 survey), and was similarly positioned in 2023 when the fishery re-
opened after two closed seasons. Projections estimated the position of the stock centroid to fall to the
northwest of the RKCSA in 2021 but predicted the centroid occurring within the RKCSA and further east
during 2022-2023 (Fig. 7a, c; Fig. 8a; no fishery during 2021/22 or 2022/23 seasons). In years when
October bottom temperatures were warmer, the position of the fishery centroid occurred farther west than
in cooler years, and the diffusion-taxis model projected that the centroid of the stock would be positioned

farther to the northwest relative to the position of the centroid during cooler years (Fig. 8a,b).

Discussion

We integrated the first in situ estimates of habitat preferences for mature male BBRKC during
late-spring to autumn migrations into a model of crab movement and used that model to make skillful
forecasts of BBRKC distributions from June to October. Our findings revealed that migrating crab
preferred regions of Bristol Bay where October bottom temperatures were, on average, < 4.5°C, and also
regions that were shallower, with lower tidal current exposure, or deeper, with higher tidal current
exposure. Predictions from the habitat preference model identified the regions with highest habitat
preference in October largely falling within the Red King Crab Savings Area (RKCSA), in addition to a
band of high preference habitat extending northwestward out of central Bristol Bay. Subsequent
movement-informed projections of BBRKC distribution over the June-October interval consistently
captured spatial variability in BBRKC fishery CPUE during the 2005-2023 period, in addition to
identifying regions where crab were expected to be, but where no fishing activity occurred. The westward
response of both the projected stock distribution and BBRKC fishery to warm bottom temperatures
suggests that future warming in Bristol Bay may lead to BBRKC distributional changes that lessen the

utility of the static RKCSA as an effective closure area.
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Habitat preferences

Our findings showed that BBRKC habitat preferences were non-linearly related to October
bottom temperatures and also related to the non-linear interaction of depths and maximum tidal current
velocities across Bristol Bay. The habitat preference response of BBRKC to bottom temperatures
displayed threshold-like behavior, with predicted habitat preference beginning to decline within the 4.5-
6°C range. This result suggests that crab were unlikely to move into warmer bottom-temperature regions
over the June-October interval that corresponded to shallow-water, nearshore habitats such as the
Nearshore Bristol Bay Trawl Closure Area (NBBTCA). The use of spatiotemporally averaged
temperatures from an oceanographic model as a covariate precludes the precise characterization of a
bottom temperature threshold avoided by BBRKC. However, the downward turn in the habitat preference
function that occurred in the 4.5-6°C range was consistent with laboratory experiments that evaluated
Barents Sea RKC thermal preferences and found that mature males routinely preferred water temperatures
< 4°C (Christiansen et al. 2015). While crab in this system have a strong preference for temperatures <
4°C, individuals also inhabited warmer temperatures in the 6-14°C range to a lesser extent, suggesting
that RKC may trade off suitable bottom temperature conditions for other preferable environmental factors
like prey availability when selecting habitats (Aune et al. 2022).

Tagged BBRKC displayed a clear preference for October habitats that were deeper than the
habitat they occupied during June, with only 5 of 63 crabs moving to shallower habitat over the interval
(caveated by our depth variable being averaged to the 625 km? grid cell). Additionally, October crab
habitats were nearly uniformly found within the 50-100 m depth range that defines the middle shelf
domain of Bristol Bay (Stabeno et al. 2010). Despite consistent seasonal movements into deeper water
and into the middle shelf domain specifically, depth preferences were spatially variable. In central and
eastern Bristol Bay (east of 164°W), crab preferred October habitats that were deeper, whereas crab in

western Bristol Bay (west of 164°W) preferred shallower habitats.
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A straightforward explanation for this spatial variability in preference may be related to a lack of
available deeper habitat in the northwestern areas of the Bristol Bay management district, which is
generally shallower than the preferred regions of central Bristol Bay, in addition to the presence of
preferable bottom temperatures at shallower depths in this region. However, we found that depth
preference was mediated by maximum tidal current velocities, a static prediction of water movement and
the potential for interaction between currents and the benthos in the Bristol Bay management district
(Laman et al. 2018). RKC mediate their movements based not only on preferable environmental
conditions but also on food availability (Aune et al. 2022), and so the regions of high preference indicated
by the interaction of depth and tidal current velocities may correspond to those regions where high-quality
prey are available. Although observations of BBRKC prey distributions from the autumn are lacking, data
from the NMFS EBS bottom trawl survey indicate that the middle shelf domain is dominated by benthic
invertebrates that are primary contributors to BBRKC diets, including molluscs, echinoderms, and
decapods (McLaughlin and Hebard 1959, Yeung and McConnaughey 2006). Future work characterizing
the contributions of prey community dynamics to BBRKC habitat preferences, for instance by integrating
spatiotemporally dynamic prey distribution maps (Reum et al. 2025) as covariates in habitat preference

models, would shed further light on the spatially variable habitat preferences of BBRKC.

BBRKC seasonal projections and management implications

The hybrid SDM approach to seasonally projecting BBRKC distributions was effective in
predicting the interannual spatial variability in fishery CPUE during the autumn, in addition to identifying
regions of Bristol Bay where crab were likely to be abundant during the autumn, but where no fishing
activity occurred. These higher density, no-fishing regions fell primarily along a band of high-preference
habitat extending northwestward from central Bristol Bay. Our movement-informed projections did better
at predicting the distribution of fishery CPUE than the projections made using diffusion-only models,

indicating the importance of directional movement towards preferred habitat in shaping BBRKC seasonal



503 distribution. However, spatial overlap between fishery CPUE and projections using diffusion-taxis and
504  diffusion-only models was similar in the 2007-2010 period when the distribution of the stock during the
505 late spring was concentrated along the Alaska Peninsula (Appendix S1: Fig. S3).

506 Similar patterns in the distribution of BBRKC fishery catches along the Alaska Peninsula during
507  these years have been associated with the presence of cooler bottom temperatures in the EBS (Zacher et
508 al. 2018), and our diffusion-taxis model-based projections suggested that crab movement over the late
509  spring—autumn interval away from the Alaska Peninsula was minimized due to the availability of

510  preferable bottom temperature habitat near to late spring BBRKC habitat. Similar estimates of spatial

511 overlap between the diffusion-taxis and diffusion-only model-based projections with fishery CPUE

512  subsequently emerged due to the constraints placed on diffusive movement by the Alaska Peninsula: since
513  the distribution of the stock during the late spring was concentrated in the nearshore, projected diffusive
514  movement into central Bristol Bay was similar to projected movement based on diffusion and taxis,

515  thereby resulting in similar levels of overlap between both projections and fishery CPUE.

516 The efficacy of our hybrid SDM in capturing the influence of bottom temperature on stock

517  distribution was made clear by the similar longitudinal patterns exhibited by both projected BBRKC

518  density and fishery CPUE in response to bottom temperatures. During years with warm October bottom
519  temperatures, we found that both the distribution centroids of projected BBRKC density and fishery

520  CPUE shifted further westward, a result that corroborates the finding that fishery CPUE is distributed
521 farther southeast along the Alaska peninsula during cold years (Zacher et al. 2018). However, where our
522  projections deviated from expectations was in showing that warmer bottom temperatures drove BBRKC
523  stock distribution farther to the northwest than what was suggested by the distribution centroids of fishing
524  CPUE alone. This deviation from what was seen in the distribution of fishing CPUE could indicate that
525  the fishery was not as well-aligned with the distribution of the stock during autumns with warm bottom
526  temperatures. A northward shift in the BBRKC stock has been noted previously in the context of BBRKC

527  Dbyecatch in flatfish fisheries and in the distribution of the stock during the late spring bottom trawl survey
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(Ryznar and Litzow 2024), and the authors of that study conclude that this distribution shift suggests
possible value in reconsidering the boundaries of the RKCSA. Our findings add to this discussion by
presenting a novel perspective on BBRKC distribution shifts under warming based solely on fisheries-
independent data. Our results suggest that under progressively warmer bottom temperature conditions in
Bristol Bay, BBRKC stock distribution will continue tracking habitat preferences that are not constrained
spatially to the RKCSA.

The spatial dynamism in habitat preferences that we have identified supports the consideration of
dynamic spatial closures for BBRKC that may be more successful in optimizing across conflicting
management goals than static closure areas (Hazen et al. 2018), and the delineation of these closure areas
may benefit from the hybrid SDM approach we have advanced. However, the utility of the hybrid SDM
approach in this context depends heavily on data availability, both of survey and tagging data, but also of
environmental covariates; for example, bottom temperature layers that critically inform the dynamic
aspects of the model. Indeed, the approach we have advanced could reasonably be applied in a true
forecasting context, whereby future BBRKC distributions may be projected across seasons, when
projections of dynamic environmental covariates become available. As it currently stands, the hybrid
approach may be most useful in a scenario planning context. For example, autumn BBRKC distributions
could be simulated under varying bottom temperature conditions to explore the impacts of bottom
temperature on stock distribution. Future refinements to this method will benefit greatly from additional
tagging data, and we advocate for the continued deployment of satellite tags not only on BBRKC but also
on other crab species that are harvested in the EBS. Lastly, an important tradeoff in executing these
projections during seasons when data are sparse is that projections cannot be easily validated; hence, why
we compared our projections with CPUE observations from the directed BBRKC fishery. This
consideration necessitates creative modeling solutions with careful execution, especially in the context of

management decision-making.
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Effective fisheries management requires accurate understanding of seasonal species distributions,
yet many marine populations remain poorly observed outside limited survey windows, complicating
efforts to predict interactions with fishing fleets. This knowledge gap presents a persistent obstacle when
managing the spatial overlap between fisheries and vulnerable stocks remains a critical objective. Our
study demonstrates that a hybrid species distribution modeling framework, which integrates movement
data with habitat preferences, can successfully project seasonal shifts in the distribution of mature male
Bristol Bay red king crab even in the absence of continuous observational data. By capturing the dynamic
spatial responses of BBRKC to environmental variability, this approach offers a scalable solution to
informing spatially adaptive management in data-limited contexts — a key advance in addressing one of

the central challenges of managing mobile marine species under climate change.
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711 Table 1: Summary information from 2021-2023 tagging studies of mature male BBRKC.

Year

2021

2022

2023

712

N
tags

13

13

37

Avg. N days
deployed

128

126

131

Avg.
carapace
length
(mm)

147

148

146

SD carapace length Tag deployment

(mm)

10

14

14

date range

Jun 2-Jun 12

May 30-Jun 22

May 29-Jun 18

Tag pop-up
date range

Oct 12-Oct 13

Oct 12-Oct 13

Oct 13-Oct 15

Tag type

All mrPAT

All mrPAT

31 mrPAT/6
MiniPAT
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715

716

7

718

719

720

721

722

Table 2: Formulas for spline basis expansion that were used to estimate habitat preference models and
crab taxis, where te(...) refers to the tensor product interaction smooth, s(...) the thin plate regression
spline, and & the marginal basis dimension (with k - 1 degrees of freedom). The variable velocity is the
predicted maximum tidal current velocity over the course of a year, depth is bottom depth, and temp is the
average bottom temperature in the week of tag pop-up. “N pars.” gives the number of estimated
parameters in the movement model. Also included are movement model AAIC scores and root-mean
squared error (RMSE) from the leave-one-out cross-validation analyses (in km). The best fitting model

used in projection analyses is shown in bold.

Habitat preference formula N pars. | AAIC RMSE
te(depth, velocity, k = ¢(3,3)) + s(temp, k = 4) 12 0.00 53.65
te(velocity, temp, k = ¢(3,3)) + s(depth, k = 4) 12 7.89 56.34
te(depth, temp, k = ¢(3,3)) + s(velocity, k = 4) 12 44.95 58.77
s(velocity, k = 4) + s(temp, k = 4) + s(depth, k = 4) 10 48.19 60.83
velocity + temp + depth 4 102.85 71.71
diffusion only 1| 219.18| 101.79
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725  Figure 1. Environmental variables in Bristol Bay relative to June deployment locations and October pop-
726  up locations of tagged BBRKC: (a) bathymetry with 50 m, 75 m, and 100 m depth contours, (b) MOM6
727  bottom temperatures during the second week of June (left) and October (right), and (¢) maximum tidal
728  currents. In maps (a) and (c), the locations of NMFS Eastern Bering Sea 2023 bottom trawl survey
729  stations are marked with “+”, and the start and end positions of crab tagged during 2021-2023 bottom
730  trawl surveys are shown with black points and arrowheads, respectively. In map (b), the black points
731 indicate tag position and line segments indicate the observed movement path between tag deployment
732  (left) and release (right). The bottom right map shows geographic context for the study area. In all maps,
733  the black polygon represents the Bristol Bay RKC management district, and the red polygon is the Red
734  King Crab Savings Area, within which falls the Red King Crab Savings area (smaller rectangle).
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Figure 2. Marginal habitat preference smooths for bottom temperature (a) and the non-linear interaction
of depth and maximum tidal currents (b). Vertical ticks in (a) and points in (b) show the values of
environmental covariates at locations of tag deployment (black) and pop-up (purple). The region of (a)
where the preference smooth for bottom temperature does not extend and the empty regions of (b) reflect
October temperatures (during 2021-2023) and combinations of depth and tidal current, respectively, that

did not occur in the Bristol Bay prediction grid.
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Figure 3. Habitat preference deciles predicted by the diffusion-taxis model for October 2021-2023. Purple
arrows are observed movement vectors. In all maps, the black polygon represents the Bristol Bay RKC
management district, and the red polygon is the Red King Crab Savings Area, within which falls the Red

King Crab Savings Sub-area (smaller rectangle).
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Figure 4. Projected October BBRKC density (left column), CPUE from the directed BBRKC fishery
(middle), and Bhattacharyya’s coefficient calculated from projected BBRKC density and CPUE in 2017-
2023. Overlap could not be calculated for 2020-2022 due to the absence of an EBS bottom trawl survey in
2020 and fishery closures in 2021/22 and 2022/23. In all maps, the black polygon represents the Bristol
Bay RKC management district, and the red polygon is the Red King Crab Savings Area, within which
falls the Red King Crab Savings Sub-area (smaller rectangle).
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Figure 7. a) Longitudinal components of centroids for the directed BBRKC fishery (purple) and the
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projected density centroids from a bootstrap analysis. Similarly, the bottom row shows c) the time series
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Figure 8. The annual centroids of projected BBRKC densities from the diffusion-taxis model (shown with
95% bootstrap confidence intervals) (a) and centroids of CPUE from the directed BBRKC fishery (b)
shown with annual averages of October bottom temperatures over the prediction grid. The Red King Crab

Savings Area is shown in red, with the smaller polygon referring to the Red King Crab Savings Sub-Area.
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