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Introduction

The goal of this investigation was to develop spatiotemporal model-based indices of abundance that could
be used in the Norton Sound red king crab (Paralithodes camtschaticus) stock assessment model, allowing
comparison of stock assessment model results with model-based versus existing design-based indices. The
North Pacific Fishery Management Council (NPFMC) Scientific and Statistical Committee (SSC) has ex-
pressed concerns about the lack of consistency in the area over which stock abundance is estimated and
recommended development of model-based indices of abundance for the Norton Sound red king crab stock
to address these concerns (SSC 2020). Spatiotemporal model-based indices are used in NPFMC groundfish
stock assessments for species including Eastern Bering Sea (EBS) walleye pollock (Gadus chalcogrammus)
and EBS Pacific cod (Gadus macrocephalus), both of which use the vector-autoregressive spatial temporal
(VAST) approach (Thorson & Barnett 2017; Thorson 2019) to produce indices used in the assessments
(Ianelli et al. 2024; Barbeaux et al. 2024). Previous Bering Sea and Aleutian Islands (BSAI) crab stock
assessments have presented models using spatiotemporal model-based indices (Ianelli et al. 2017; Hamazaki
and Zheng 2021) but these models were not accepted for harvest specifications (SSC 2017; CPT 2021; SSC
2021). The rejection of VAST estimates for the Norton Sound red king crab stock seems to have been based
on analysis of Pearson residuals as well as broader concerns about the availability of appropriate diagnostics
for VAST models (CPT 2021).

The Norton Sound red king crab stock assessment currently uses design-based indices of abundance estimated
from three trawl survey time series: the National Oceanic and Atmospheric Administration (NOAA) Norton
Sound trawl survey (1976-1991), the Alaska Department of Fish and Game (ADF&G) trawl survey (1996-
2024), and the NOAA Northern Bering Sea (NBS) trawl survey (2010-2023) (Hamazaki 2024). The data
sets from these surveys, all of which use a systematic sampling design, cover different years and spatial
footprints, and within a survey the set of locations sampled sometimes varies among years (Figure 1). While
the NOAA NBS trawl survey sampling has been consistent, with 35 stations sampled in 4 of 6 years and
34 stations sampled in the remaining two years, the number of stations sampled per year ranges from 53 to
104 for the NOAA NS trawl survey and 39 to 73 for the ADF&G trawl survey. This history of variation in
survey sampling is one of the factors motivating the development of spatiotemporal model-based indices for
this stock, as model-based indices can be more robust to survey changes than are design-based indices when
models are well-specified (Yalcin et al. 2023).

Existing issues for design-based estimates of abundance from the three trawl surveys include the lack of
standardization to address interannual changes in survey station sampling, and the mismatch between the
spatial area currently used for estimating stock abundance and the spatial area likely occupied by the
stock (Hamazaki 2024). While design-based abundance estimates from the NOAA NS trawl survey are
calculated over a standardized area, interannual changes in the set of survey stations that are sampled
in the ADF&G trawl survey are not currently taken into account when calculating design-based abundance
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estimates (Hamazaki 2024), adding uncertainty about the comparability of abundance estimates across years.
The management area for Norton Sound red king crab, Area Q3, covers a larger area than does the ADF&G
trawl survey, and both the NOAA Norton Sound and NBS trawl surveys have observed red king crab outside
of the ADF&G trawl survey area, suggesting that the area occupied by the stock is larger than the area
sampled by the ADF&G trawl survey (Hamazaki 2024; Figures 2 - 5). However, the design-based abundance
estimate from the ADF&G trawl survey used in the stock assessment model is unexpanded, meaning it is
likely an underestimate of stock abundance (Hamazaki 2024). The design-based abundance estimate from
the NOAA Norton Sound trawl survey used in the stock assessment is calculated using a larger spatial
area than the estimate from the ADF&G trawl survey (Hamazaki 2024), leading to questions about the
comparability of these indices.
Previous model-based indices for Norton Sound red king crab, estimated using VAST, predicted abundances
higher than those from the design-based index (Hamazaki and Zheng 2021). Estimated mature male biomass
(MMB) was higher for the stock assessment models using the model-based indices than for those using the
design-based index (Hamazaki and Zheng 2021). This was true for both the index using all available trawl
survey data and the index using only trawl survey data that fell within the spatial region containing current
ADF&G trawl survey stations. However, these model-based indices were generated by combining all three
trawl survey data sets into a single data set. Given that these surveys use different trawl gear and likely
have different catchabilities (Hamazaki 2024), developing a separate model-based index for each survey may
be more appropriate.
I developed a model-based approach for deriving Norton Sound red king crab survey indices of abundance
with the aims of standardizing abundance estimation for each survey index and providing a shared abundance
estimation framework among the three existing survey indices. I generated abundance estimates using the
R package sdmTMB (Anderson et al. 2022). While past attempts at spatiotemporal index standardization
for Norton Sound red king crab used VAST, the authors of that work found VAST difficult to use (Hamazaki
and Zheng 2021). I chose to use sdmTMB because, compared to VAST, sdmTMB has a simpler user
interface and faster estimation times. sdmTMB uses geostatistical time series data to estimate spatial
and spatiotemporal generalized linear mixed effects models (GLMMs). This approach allows for index
standardization when the set of stations surveyed is not consistent across years: one can generate a spatial
grid that covers the area of interest, predict from the model onto that grid, and sum the predicted abundance
to obtain an area-weighted index that is independent of sampling locations (Anderson et al. 2022). Using
prediction grids that cover the same spatial domain for all survey indices confers consistency in the area over
which stock abundance is estimated.

Methods

Data sources

Following the Norton Sound red king crab stock assessment, I included data from the NOAA Norton Sound
trawl survey (1976-1991), ADF&G trawl survey (1996-2024), and NOAA NBS trawl survey (2010-2023),
which have sampling grid sizes of 10 nm, 10 nm, and 20 nm, respectively. Using a conversion factor of 1
nm = 1.852 km, this translates to sampling grid cell areas of 343.0 km2 for the NOAA Norton Sound and
ADF&G trawl surveys and a sampling grid cell area of 1372.0 km2 for the NOAA NBS trawl survey.
Matching the assessment model, I only included information on males with carapace length ≥ 64 mm.
Estimated density in crab/km2 by survey station for each year of each survey is shown in Figures 3 - 5. The
number of survey stations sampled per year ranged from 53 to 104 (median = 78.5) for the NOAA Norton
Sound survey, 39 to 100 (median = 54.5) for the ADF&G trawl survey, and 34 to 35 (median = 35) for the
NOAA NBS trawl survey. The modeled response variable, crab per km2, is positive continuous with many
zeros for each of the survey time series (Figure 6). The percentage of sampled stations that recorded zero
males with carapace length ≥ 64 mm over all years in the time series was 48% for the NOAA Norton Sound
trawl survey, 52% for the ADF&G trawl survey, and 59% for the NOAA NBS trawl survey.
Harvest information by ADF&G statistical area is derived from ADF&G fish tickets.
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Spatiotemporal models

I fit geostatistical GLMMs with spatiotemporally correlated random effects to survey data using the R (R
Core Team 2024) package sdmTMB (Anderson et al. 2022). In this approach, spatial effects are modeled
using the stochastic partial differential equation (SPDE) approximation to Gaussian random fields (Lindgren
et al. 2011). The rate at which spatial covariance decays with distance is defined by the Matèrn covariance
function, a derived parameter of which is the spatial (or Matèrn) range, the distance at which spatial
correlation decays such that two points are effectively independent (Anderson et al. 2022).
Applying the SPDE approach to modeling random fields requires defining a triangulation mesh of the spatial
domain (Anderson et al. 2022). I constructed a triangulation mesh for each data set using the sdmTMB
function make_mesh(), a wrapper for the triangulation mesh functions in the fmesher package (Lindgren
2023), and the sdmTMBextra (Anderson 2025) function add_barrier_mesh(). The add_barrier_mesh
function permitted incorporation of correlation barriers based on the Norton Sound coastline. Following
Sutton et al. (2024), I ensured that the number of mesh vertices was lower than the number of data points
by specifying cut-off values for the minimum allowed distance between mesh vertices. For the ADF&G trawl
survey, a cut-off of 40 km resulted in a mesh with 51 vertices, less than the median number of stations
surveyed per year for the time series (54.5) (Figure 7). For the NOAA Norton Sound trawl survey, a cut-off
of 25 km resulted in a mesh with 77 vertices, less than the median number of stations surveyed per year for
the time series (78.5) (Figure 8). For the NOAA NBS trawl survey, a cut-off of 45 km resulted in a mesh
with 33 vertices, less than the median number of stations surveyed per year for the time series (35) (Figure
9).
For all models, I estimated spatiotemporal random fields as independent and identically distributed (IID).
The spatial random fields are estimated for each time slice, the period of which is specified in the model
(e.g., time = year). Estimating spatiotemporal random fields as IID is likely most appropriate for the
standardization of survey indices intended to be used in stock assessment models as this approach minimizes
the estimation covariance among years, which is usually ignored in stock assessment models (Thorson et
al. 2020, Chen et al. 2024). I compared models in which the only predictor was year, specified as a factor,
with models that also included survey station depth (m; centered and scaled by its standard deviation)
as a covariate, as variation in the depth of stations surveyed from year to year could influence estimated
abundance if not taken into account. Minimum and maximum depth surveyed were relatively invariant for
the NOAA NBS trawl survey, ranging from 11 to 12 m and 34 to 37 m across years in the time series,
respectively. For the NOAA NS trawl survey, minimum depth ranged from 5.49 to 14.6 m and maximum
depth ranged from 29.3 to 51 m across years in the time series. For the ADF&G trawl survey, minimum and
maximum depth ranges across years in the time series were 3.29 - 13.2 m and 28.2 - 33.2 m, respectively.

Model evaluation and diagnostics

After fitting models, I checked model convergence using the sdmTMB sanity() function. Models were
considered converged if they met the following criteria evaluated by the sanity() function: the non-linear
minimizer suggested successful convergence; the Hessian matrix was positive definite; no extreme or very
small eigenvalues were detected; all gradients with respect to fixed effects were < 0.001; no fixed-effect
standard errors were NA; no standard errors looked unreasonably large; no sigma parameters were < 0.01;
no sigma parameters were > 100; and the range parameter was of a reasonable size. Models that did not
converge were excluded from further consideration.
For models that passed all the sanity checks, I used the R package DHARMa (Hartig 2022) to calculate
the DHARMa residuals using the function dharma_residuals(). I examined the DHARMa residual Q-Q
plots for evidence of deviations from the reference distribution. I tested for quantile deviations, under- or
overdispersion, outliers, and zero-inflation using the DHARMa functions testQuantiles(), testDispersion(),
testOutliers(), and testZeroInflation(), respectively. I plotted DHARMa residuals over space and time to
visualize potential patterns of autocorrelation.
I tested for spatial patterns in residuals using a global Moran’s I clustering analysis, which I applied across
each year of the time series for each survey in order to evaluate the evidence for autocorrelation across
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the spatial domain for that year (Moran 1950; Cacciapaglia et al. 2024). I ran Monte Carlo simulations of
Moran’s I with the mc.moran() function from the R package spdep (Bivand 2022), with the null hypothesis
that the residual values were randomly distributed in space. The resulting Moran’s I statistic for each year
is an overall score of clustering for the spatial residuals across the spatial domain in the year in question.
Positive Moran’s I statistic values indicate spatial autocorrelation while negative values indicate negative
spatial autocorrelation. P-values < 0.05 indicate significant clustering of spatial residuals.

I evaluated model predictive skill (the predictive ability of the model for new observations; Anderson et
al. 2024) using the cross validation function sdmTMB_cv(). This function measures model predictive skill
by holding out subsets of the data in turn and using each as a test set. These subsets of data are termed
“folds”. To compare models, I performed cross validation with 10 randomly arranged folds for each model
before extracting the model’s summed log-likelihood value, which represents the model’s predictive density.
Predictive density values closer to zero indicate better out-of-sample predictive skill.

Model specification

For all three trawl survey time series, I modeled the number of crab per km2 caught in the survey with three
model structures, all of which are appropriate for modeling data with many zeros and positive continuous
values: Tweedie with a log link, delta-gamma with a logit link for the binomial distribution and a log link
for the gamma distribution, and delta-lognormal with a logit link for the binomial distribution and a log
link for the lognormal distribution. The delta-gamma and delta-lognormal families are delta-models, which
are frequently used in fisheries to separately model the encounter probability and the positive catch rate in
survey time series (Pennington 1983; Thorson et al. 2021). Here, the first component estimates the effects on
encounter probability (binomial, zero versus non-zero number of crab per km2), while the second component
(gamma or lognormal distribution) estimates effects on the positive response variable (non-zero number of
crab per km2).

I used model predictive density values derived from cross-validation, along with other model diagnostics,
to select the best model for each survey data set. For the ADF&G trawl survey, the Tweedie model with
a year effect only, the Tweedie model with year and depth effects, and the delta-gamma model with year
and depth effects converged. For the NOAA NBS trawl survey, the Tweedie model with a year effect only
and the Tweedie model with year and depth effects converged. For the NOAA Norton Sound trawl survey,
all six models (Tweedie/year, Tweedie/year + depth, delta-gamma/year, delta-gamma/year + depth, delta-
lognormal/year, delta-lognormal/year + depth) converged.

Predictions

The prediction grids I created vary in two dimensions: spatial resolution and spatial area.

Following the recommendations of Commander et al. (2022) that the spatial resolution of predictions should
be no finer than the scale of the survey sampling unit, I created prediction grids with a resolution of 343 km2

to use for the NOAA Norton Sound and ADF&G trawl surveys (Figures 10 and 11) and prediction grids
with a resolution of 1372 km2 to use for the NOAA NBS trawl survey (Figures 12 and 13).

The stock assessment model for Norton Sound red king crab currently uses design-based estimates of abun-
dance from the ADF&G survey and NOAA NBS survey that are calculated using a smaller spatial area
(maximum 5,641 nm2 or 19,348 km2) than are those for the NOAA Norton Sound survey (7,600 nm2 or
26,067 km2), and the previous stock assessment author suggested using only survey stations that fall within
the ADF&G survey sampling area for abundance estimation (Hamazaki 2024). To explore the implications
of estimating abundance over different spatial scales, I generated prediction grids with the prediction area
defined to include either all survey stations sampled in all three surveys (Figures 10 and 12; area = 76,487
km2), or the prediction area defined to include only the survey stations sampled in the ADF&G trawl survey
since 2010 (Figures 11 and 13; area = 32,413 km2). Note that the area of the smaller prediction grid is
still larger than the area over which the design-based estimates of abundance currently used in the stock
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assessment model are currently calculated, as those calculations leave out some southern and closer to shore
areas of Norton Sound (Figure d1 in Hamazaki 2024).

The SSC has previously expressed concerns about whether the majority of the Norton Sound red king crab
catch occurs inside the survey area (SSC 2021). Comparing the prediction grids to commercial harvest
information, which is available at the level of ADF&G statistical area, shows that the full prediction grid
encompasses all statistical areas in which Norton Sound red king crab harvest has been recorded since 1985
(Figure 14), while the reduced prediction grid does not (Figure 15). Looking only at harvest from more
recent years, the reduced prediction grid still does not encompass all statistical areas in which harvest was
recorded (Figure 16), in contrast to the full prediction grid (Figure 17).

I used the sdmTMB predict() function to generate predictions about crab abundance from each model
over both the full area prediction grid and the reduced area prediction grid. To estimate uncertainty in the
spatiotemporal predictions, I used simulations from the joint precision matrix to generate 100 estimates,
then calculated the coefficients of variation for each year in the time series.

Indices of abundance

I used the sdmTMB get_index() function to calculate total abundance estimates and standard errors from
each model/prediction grid combination. I compared model-based indices with the design-based indices
currently used in the stock assessment model using the metrics Ratio, TimeOut, and Magnitude, which have
previously been used to compare VAST output to design-based indices (Thorson et al. 2021; Cacciapaglia
et al. 2024). Ratio is defined as R = I/B, where I is the mean of the model-based abundance index,
I = 1

nt

∑nt

t=1 It, B is the mean of the design-based abundance index, B = 1
nt

∑nt

t=1 Bt, and nt is the number
of years in the time series (Thorson et al. 2021). Ratio is a measure of the similarity in scale between the
model-based and design-based indices. TimeOut is the proportion of years in the time series in which the
model-based index was outside the 95% confidence interval of the design-based index; these are called outside
years (Ω). Magnitude is the sum across outside years of the magnitude of the model-based index relative to
the design-based index:

Magnitude =
∑
t∈Ω

|It − Bt|
Bt

(Cacciapaglia et al. 2024). I also calculated “CV Ratio”, a measure of the similarity in variability between
the model-based and design-based indices. CV Ratio is defined as VR = VI/VB , where VI is the mean of
the CVs of the model-based abundance index, VI = 1

nt

∑nt

t=1 VI,t, and VB is the mean of the CVs of the
design-based abundance index, VB = 1

nt

∑nt

t=1 VB,t. Greater similarity in scale between the model-based and
design-based indices is indicated by Ratio values closer to 1, TimeOut values closer to 0, and Magnitude
values closer to 0. Greater similarity in variability between the model-based and design-based indices is
indicated by CV Ratio values closer to 1.

Results

Model diagnostics

ADF&G trawl survey model

Results of the tests performed on the DHARMa residuals for the models are displayed in Figures 18 - 20
and Table 1. Both the Tweedie/year and delta-gamma/year + depth models showed evidence of under-
or overdispersion, while the Tweedie/year + depth model did not (Figures 18 - 20; Table 1). All three
models showed evidence of quantile deviations. None of the models showed evidence of deviance from the
reference distribution, outliers, or zero inflation (Table 1). The spatial distributions of DHARMa residuals
for the models are plotted in Figures 21 - 23. The Moran’s I clustering analysis for the Tweedie/year model
yielded evidence of spatial autocorrelation in the residuals for 3 of the 14 years in the time series, while
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the clustering analyses for the Tweedie/year + depth and delta-gamma/year + depth models both showed
evidence of spatial autocorrelation in only 1 of the 14 years (Table 2). The delta-gamma/year + depth
model had the predictive density (log-likelihood) value closest to zero, indicating that this model has the
best out-of-sample predictive skill of the models evaluated (Table 1).

NOAA Norton Sound trawl survey model

Results of the tests performed on the DHARMa residuals for the models are displayed in Figures 24 - 29 and
Table 1. None of the models showed evidence of deviance from the reference distribution, outliers, or zero
inflation. All six models showed evidence of quantile deviations. Only the Tweedie/year and Tweedie/year +
depth models showed evidence of under- or overdispersion. The spatial distributions of DHARMa residuals
for the models are plotted in Figures 30 - 35. The Moran’s I clustering analysis yielded evidence of spatial
autocorrelation in the residuals for 2 of the 6 years in the time series for the Tweedie/year model, 1 year
for the delta-gamma/year model, 2 years for the delta-lognormal/year model, 1 year for the Tweedie/year +
depth model, 2 years for the delta-gamma/year + depth model, and 2 years for the delta-lognormal/year +
depth model (Table 3). The predictive density value of the delta-lognormal/year + depth model is closest
to zero, indicating that this model has the best out-of-sample predictive skill of the models evaluated (Table
1).

NOAA Northern Bering Sea trawl survey model

Results of the tests performed on the DHARMa residuals for the models are displayed in Figures 36 - 37
and Table 1. Neither of the models showed evidence of deviance from the reference distribution, outliers,
or zero inflation. Both models showed evidence of quantile deviations and under- or overdispersion. The
spatial distributions of DHARMa residuals for the models are plotted in Figures 38 - 39. The Moran’s I
clustering analysis did not yield evidence of spatial autocorrelation in the residuals for any of the years in
the time series for either model (Table 4). The predictive density value of the Tweedie/year model is closer
to zero than that of the Tweedie/year + depth model, indicating that the Tweedie/year model has better
out-of-sample predictive skill (Table 1).

Predicted abundance

ADF&G trawl survey model

The spatial distribution of model-predicted crab abundance for each prediction area is shown in Figures 40
- 45. The reduced prediction grid appears to incorporate the areas in which crab are estimated to be most
abundant. Uncertainty in the predictions is displayed in Figures 46 - 51. Uncertainty in the predictions
appears to be higher for the model that does not include depth compared to the models that do include
depth, particularly for predictions made over the full area.

NOAA Norton Sound trawl survey model

The spatial distributions of model-predicted crab abundance for each family and prediction area are shown
in Figures 52 - 63. As for the ADF&G survey model, the reduced prediction grid appears to incorporate the
areas in which crab are estimated to be most abundant, although non-zero numbers of crab are estimated to
be present beyond the reduced prediction grid area. Uncertainty in the predictions is displayed in Figures
64 - 75.
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NOAA Northern Bering Sea trawl survey model

The spatial distributions of model-predicted crab abundance for each prediction area are shown in Figures
76 - 79. Non-zero numbers of crab are estimated to be present beyond the reduced prediction grid area.
Uncertainty in the predictions is displayed in Figures 80 - 83. Prediction CVs appear to be lower when the
prediction grid area is reduced.

Model-based indices of abundance compared to design-based index of abundance

ADF&G trawl survey model

The model-based indices generated by predicting over the full area covered by survey observations and
those generated by predicting over the reduced area covered only by ADF&G survey observations since
2010 all estimated higher Norton Sound red king crab abundance over most of the time series compared to
the design-based abundance estimates currently used in the stock assessment model (Figures 84 - 86), as
indicated by Ratio values > 1 (Table 5). The mean abundance estimates derived from the Tweedie/year +
depth and delta-gamma/year + depth models with the reduced area were most similar to the design-based
mean abundance estimate. For all three models, the full area model-based abundance estimates fell within
the 95% confidence interval for the design-based abundance estimates for fewer of the years with survey
observations than did the reduced area model-based abundance estimates, leading to lower TimeOut scores
for the reduced area model-based abundance estimates (Table 5). The Magnitude scores are most useful for
distinguishing between models that have the same number of years in which estimates fall outside of the
design-based estimate CI; for the two model indices with the same Magnitude, Tweedie/year + depth with
reduced area and delta-gamma/year + depth with reduced area, the Tweedie/year + depth index had lower
Magnitude (Table 5). The CVs of the model-based survey indices show varying degrees of similarity to the
CVs of the design-based index, with no index having CVs above or below those of the design-based index
for all years in the time series (Figure 87). The mean CVs of the model-based survey indices are lower than
that of the design-based survey index for all model-based indices except for the delta-gamma/year + depth
model using the full area, as indicated by CV Ratio values < 1 for all of the other models, although the CV
Ratio for the Tweedie/year + depth, full area model index is very close to 1 (Table 5).

NOAA Norton Sound trawl survey model

All of the models that include a depth covariate (Tweedie/year + depth, delta-gamma/year + depth, and
delta-lognormal/year + depth) estimate mean abundance lower than the estimated design-based mean abun-
dance, as indicated by Ratio scores < 1 (Figures 88 - 93; Table 5). For each distribution (Tweedie, delta-
gamma, and delta-lognormal), the model-based index generated by predicting over the full area covered by
survey observations estimates higher Norton Sound red king crab abundance than the model-based index
generated by predicting over the reduced area covered only by ADF&G survey observations since 2010 (Fig-
ures 88 - 90). The proportion of years in which the model-based abundance estimate is outside of the 95%
CI of the design-based abundance estimate (TimeOut) is lower when predicting over the reduced area for
models that do not include a depth covariate, but lower when predicting over the full area for models that do
include a depth covariate (Table 5). Among the models with a TimeOut value of 0.17, Magnitude is closest
to 0 for the delta-lognormal/year + depth, full area model index. The CVs of the model-based survey indices
without the depth covariate are lower than those of the design-based survey index for all but one year in the
time series (Figure 94). The same is true for the Tweedie/year + depth model indices, but the delta-gamma
and delta-lognormal model indices with depth covariates have CVs higher than that of the design-based for
two of the years in the time series (Figure 95). The time series mean of the model-based index CV is most
similar to the time series mean of the design-based index for the delta-lognormal/year + depth model index
over the full prediction area, as indicated by the CV Ratio value closest to 1 (Table 5).
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NOAA Northern Bering Sea trawl survey model

The model-based indices from the models that include a depth covariate estimate abundances more similar
to the design-based abundance index than do the indices from the models without a depth covariate (Figures
96 - 97), as indicated by Ratio values closer to 1 (Table 5). Only the full area Tweedie/year model-based
index has an abundance estimate outside the design-based estimate CI; all of the model-based indices had
TimeOut values of 0 and thus the Magnitude scores are not useful in distinguishing among them. The CVs of
the Tweedie/year model-based indices were lower than those of the design-based index across the time series,
while the CVs of the Tweedie/year + depth model-based indices were higher than that of the design-based
index in 2 of 6 years (Figure 98). The time series mean of the model-based index CV is most similar to the
time series mean of the design-based index for the Tweedie/year + depth model index over the full prediction
area, as indicated by the CV Ratio value closest to 1 (Table 5).

Recommended models and future work

For the ADF&G trawl survey, the delta-gamma model with a depth covariate had the best predictive skill and
is the recommended model. For the NOAA NBS trawl surveys, the Tweedie model without a depth covariate
had better predictive skill and is the recommended model. For the NOAA Norton Sound trawl survey, the
delta-lognormal model with a depth covariate had the best predictive skill and is the recommended model.

Further study is needed before making a recommendation regarding whether to use the model-based indices
estimated using the full or reduced prediction areas. While the scales of model-based indices estimated using
the reduced prediction area are more similar to those of the design-based indices, the design-based indices
may underestimate stock abundance (Hamazaki 2024), meaning that a closer match in scale may not be
desirable.

I plan to use the model-based indices of abundance from the recommended models in Norton Sound red king
crab stock assessment model runs, comparing results from runs using the full prediction area model-based
indices to those using the reduced prediction area model-based indices, and comparing results from runs
using design-based indices to those using model-based indices of abundance. Future work for this stock will
focus on model-based standardization of size composition data.
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Tables

Table 1: Norton Sound red king crab trawl survey fitted model predictive density (log-likelihood) values, estimated using sdmTMB cross-validation
with 10 folds, for models fitted with spatial random fields estimated as independent and identically distributed (IID). Predictive density values
closer to zero represent better out-of-sample predictive skill. Kolmogorov-Smirnov, quantile, dispersion, outlier, and zero-inflation diagnostics were
estimated from DHARMa residuals, with values below 0.05 indicating significant metrics. Models were fitted separately to time series from the Alaska
Department of Fish and Game (ADF&G), National Atmospheric and Oceanic Administration (NOAA) Norton Sound (NS), and NOAA Northern
Bering Sea (NBS) trawl surveys. Only results from converged models are shown.

Survey Model Effects Log-likelihood Kolmogorov- Smirnov Quantiles Dispersion Outliers Zero inflation
ADF&G Tweedie year -3,069 0.41 <0.01 0.02 0.38 0.88
ADF&G Tweedie year, depth -3,026 0.47 <0.01 0.62 0.30 0.76
ADF&G DG year, depth -2,985 0.69 <0.01 0.04 0.60 0.96
NOAA NS Tweedie year -1,791 0.57 <0.01 <0.01 0.61 0.84
NOAA NS DG year -1,703 0.54 <0.01 0.94 0.87 0.52
NOAA NS DL year -1,648 0.72 <0.01 0.22 0.31 0.44
NOAA NS Tweedie year, depth -1,732 0.31 <0.01 <0.01 0.61 0.92
NOAA NS DG year, depth -1,706 0.06 <0.01 0.82 0.24 0.18
NOAA NS DL year, depth -1,642 0.76 <0.01 0.58 0.61 0.72
NOAA NBS Tweedie year -662 0.85 <0.01 0.02 0.20 0.42
NOAA NBS Tweedie year, depth -1,124 0.61 <0.01 <0.01 0.80 0.82
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Table 2: Clustering analyses for spatiotemporal models fitted to the Alaska Department of Fish and Game
(ADF&G) trawl survey time series for Norton Sound red king crab. The Moran’s I statistic for each year
is an overall score of clustering for the spatial residuals across the spatial domain in that year. Positive
Moran’s I statistic values indicate spatial autocorrelation while negative values indicate negative spatial
autocorrelation. P-values < 0.05 indicate significant clustering of spatial residuals.

Survey Model Year Moran’s I statistic p-value
ADF&G Tweedie, year 1996 0.007 0.266
ADF&G Tweedie, year 1999 0.110 0.026
ADF&G Tweedie, year 2002 -0.072 0.862
ADF&G Tweedie, year 2006 -0.024 0.610
ADF&G Tweedie, year 2008 0.079 0.039
ADF&G Tweedie, year 2011 0.007 0.298
ADF&G Tweedie, year 2014 -0.000 0.329
ADF&G Tweedie, year 2017 -0.003 0.365
ADF&G Tweedie, year 2018 -0.010 0.389
ADF&G Tweedie, year 2019 0.125 0.015
ADF&G Tweedie, year 2020 -0.107 0.989
ADF&G Tweedie, year 2021 0.016 0.182
ADF&G Tweedie, year 2023 -0.019 0.465
ADF&G Tweedie, year 2024 0.079 0.057
ADF&G Tweedie, year + depth 1996 0.009 0.252
ADF&G Tweedie, year + depth 1999 0.041 0.132
ADF&G Tweedie, year + depth 2002 -0.008 0.372
ADF&G Tweedie, year + depth 2006 0.027 0.182
ADF&G Tweedie, year + depth 2008 0.013 0.256
ADF&G Tweedie, year + depth 2011 -0.048 0.740
ADF&G Tweedie, year + depth 2014 -0.023 0.433
ADF&G Tweedie, year + depth 2017 0.013 0.244
ADF&G Tweedie, year + depth 2018 0.072 0.059
ADF&G Tweedie, year + depth 2019 0.242 0.001
ADF&G Tweedie, year + depth 2020 -0.004 0.382
ADF&G Tweedie, year + depth 2021 0.008 0.216
ADF&G Tweedie, year + depth 2023 -0.001 0.291
ADF&G Tweedie, year + depth 2024 0.025 0.191
ADF&G DG, year + depth 1996 -0.014 0.376
ADF&G DG, year + depth 1999 0.018 0.230
ADF&G DG, year + depth 2002 -0.023 0.493
ADF&G DG, year + depth 2006 0.056 0.091
ADF&G DG, year + depth 2008 0.003 0.317
ADF&G DG, year + depth 2011 -0.051 0.737
ADF&G DG, year + depth 2014 -0.011 0.358
ADF&G DG, year + depth 2017 0.021 0.185
ADF&G DG, year + depth 2018 0.059 0.093
ADF&G DG, year + depth 2019 0.105 0.024
ADF&G DG, year + depth 2020 -0.034 0.601
ADF&G DG, year + depth 2021 0.022 0.192
ADF&G DG, year + depth 2023 -0.053 0.718
ADF&G DG, year + depth 2024 0.027 0.167
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Table 3: Clustering analyses for spatiotemporal models fitted to the National Atmospheric and Oceanic
Administration (NOAA) Norton Sound (NS) trawl survey time series for Norton Sound red king crab. The
Moran’s I statistic for each year is an overall score of clustering for the spatial residuals across the spatial
domain in that year. Positive Moran’s I statistic values indicate spatial autocorrelation while negative values
indicate negative spatial autocorrelation. P-values < 0.05 indicate significant clustering of spatial residuals.

Survey Model Year Moran’s I statistic p-value
NOAA NS Tweedie, year 1976 0.063 0.039
NOAA NS Tweedie, year 1979 0.006 0.323
NOAA NS Tweedie, year 1982 -0.043 0.661
NOAA NS Tweedie, year 1985 0.083 0.026
NOAA NS Tweedie, year 1988 0.012 0.266
NOAA NS Tweedie, year 1991 -0.015 0.423
NOAA NS DG, year 1976 0.098 0.002
NOAA NS DG, year 1979 0.023 0.199
NOAA NS DG, year 1982 -0.089 0.942
NOAA NS DG, year 1985 0.015 0.232
NOAA NS DG, year 1988 0.056 0.083
NOAA NS DG, year 1991 0.015 0.232
NOAA NS DL, year 1976 0.086 0.017
NOAA NS DL, year 1979 -0.003 0.365
NOAA NS DL, year 1982 -0.055 0.759
NOAA NS DL, year 1985 0.028 0.167
NOAA NS DL, year 1988 0.068 0.045
NOAA NS DL, year 1991 -0.022 0.468
NOAA NS Tweedie, year + depth 1976 0.139 0.002
NOAA NS Tweedie, year + depth 1979 -0.027 0.595
NOAA NS Tweedie, year + depth 1982 -0.093 0.962
NOAA NS Tweedie, year + depth 1985 0.042 0.109
NOAA NS Tweedie, year + depth 1988 0.058 0.074
NOAA NS Tweedie, year + depth 1991 0.024 0.212
NOAA NS DG, year + depth 1976 0.089 0.012
NOAA NS DG, year + depth 1979 0.030 0.124
NOAA NS DG, year + depth 1982 -0.055 0.780
NOAA NS DG, year + depth 1985 0.071 0.044
NOAA NS DG, year + depth 1988 0.022 0.187
NOAA NS DG, year + depth 1991 -0.016 0.440
NOAA NS DL, year + depth 1976 0.125 0.002
NOAA NS DL, year + depth 1979 0.051 0.088
NOAA NS DL, year + depth 1982 -0.014 0.425
NOAA NS DL, year + depth 1985 0.134 0.006
NOAA NS DL, year + depth 1988 0.039 0.124
NOAA NS DL, year + depth 1991 -0.022 0.476
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Table 4: Clustering analyses for spatiotemporal models fitted to the National Atmospheric and Oceanic
Administration (NOAA) Northern Bering Sea (NBS) trawl survey time series for Norton Sound red king
crab. The Moran’s I statistic for each year is an overall score of clustering for the spatial residuals across
the spatial domain in that year. Positive Moran’s I statistic values indicate spatial autocorrelation while
negative values indicate negative spatial autocorrelation. P-values < 0.05 indicate significant clustering of
spatial residuals.

Survey Model Year Moran’s I statistic p-value
NOAA NBS Tweedie, year 2010 0.052 0.089
NOAA NBS Tweedie, year 2017 0.021 0.158
NOAA NBS Tweedie, year 2019 0.051 0.089
NOAA NBS Tweedie, year 2021 -0.021 0.380
NOAA NBS Tweedie, year 2022 -0.042 0.548
NOAA NBS Tweedie, year 2023 0.057 0.079
NOAA NBS Tweedie, year + depth 2010 -0.050 0.591
NOAA NBS Tweedie, year + depth 2017 0.028 0.159
NOAA NBS Tweedie, year + depth 2019 0.053 0.087
NOAA NBS Tweedie, year + depth 2021 -0.045 0.560
NOAA NBS Tweedie, year + depth 2022 -0.033 0.484
NOAA NBS Tweedie, year + depth 2023 0.019 0.174
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Table 5: Comparison of model-based to design-based indices for the Alaska Department of Fish and Game
(ADF&G), National Atmospheric and Oceanic Administration (NOAA) Norton Sound (NS), and NOAA
Northern Bering Sea (NBS) trawl survey time series using the metrics Ratio, TimeOut, Magnitude, and CV
Ratio. Ratio is the time series mean of the model-based abundance index divided by the time series mean
of the design-based abundance index (Thorson et al. 2021). TimeOut is the proportion of years in the time
series in which the model-based index was outside the 95% confidence interval of the design-based index;
these are called outside years. Magnitude is the sum across outside years of the magnitude of the model-based
index relative to the design-based index (Cacciapaglia et al. 2024). CV Ratio is the time series mean of the
model-based abundance index CV divided by the time series mean of the design-based abundance index CV.
Greater similarity in scale between the model-based and design-based indices is indicated by Ratio values
closer to 1, TimeOut values closer to 0, and Magnitude values closer to 0. Greater similarity in variability
between the model-based and design-based indices is indicated by CV Ratio values closer to 1.

Survey Model Effects Prediction grid Ratio TimeOut Magnitude CV Ratio
ADF&G Tweedie year full 1.59 0.29 3.76 0.73
ADF&G Tweedie year reduced 1.41 0.07 1.29 0.69
ADF&G Tweedie year + depth full 1.61 0.21 4.64 0.98
ADF&G Tweedie year + depth reduced 1.22 0.14 2.41 0.75
ADF&G delta-gamma year + depth full 1.89 0.50 11.46 1.15
ADF&G delta-gamma year + depth reduced 1.22 0.21 3.64 0.87
NOAA NS Tweedie year full 1.18 0.17 0.67 0.59
NOAA NS Tweedie year reduced 1.03 0.00 0.00 0.55
NOAA NS Tweedie year + depth full 0.68 0.50 -1.50 0.71
NOAA NS Tweedie year + depth reduced 0.62 0.67 -2.17 0.68
NOAA NS delta-gamma year full 1.30 0.17 0.68 0.77
NOAA NS delta-gamma year reduced 1.08 0.00 0.00 0.66
NOAA NS delta-gamma year + depth full 0.76 0.33 -0.86 0.92
NOAA NS delta-gamma year + depth reduced 0.68 0.50 -1.42 0.86
NOAA NS delta-lognormal year full 1.32 0.17 0.79 0.82
NOAA NS delta-lognormal year reduced 1.08 0.00 0.00 0.73
NOAA NS delta-lognormal year + depth full 0.81 0.17 -0.47 0.96
NOAA NS delta-lognormal year + depth reduced 0.73 0.33 -0.83 0.91
NOAA NBS Tweedie year full 2.10 0.50 5.58 0.77
NOAA NBS Tweedie year reduced 1.38 0.00 0.00 0.76
NOAA NBS Tweedie year + depth full 1.17 0.00 0.00 0.96
NOAA NBS Tweedie year + depth reduced 0.90 0.00 0.00 0.85

15



Figures

Figure 1: Survey sampling by year for the Norton Sound red king crab stock from the NOAA Norton Sound
trawl survey (green), ADF&G trawl survey (blue), and NOAA Northern Bering Sea survey (gold).
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Figure 2: King crab fishing districts and sections of Alaska Department of Fish and Game Registration Area
Q. Source: Menard et al. (2022).
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Figure 3: Estimated density in crab/km2 for males ≥ 64 mm in carapace length by survey station in the
NOAA Norton Sound trawl survey. Black points represent sampled survey stations while green points
indicate estimated density.
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Figure 4: Estimated density in crab/km2 for males ≥ 64 mm in carapace length by survey station in the
ADF&G trawl survey. Black points represent sampled survey stations while green points indicate estimated
density.
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Figure 5: Estimated density in crab/km2 for males ≥ 64 mm in carapace length by survey station in the
NOAA Northern Bering Sea trawl survey. Black points represent sampled survey stations while green points
indicate estimated density.
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Figure 6: Distribution of density estimates (in crab/km2) for males ≥ 64 mm in carapace length in each
trawl survey time series.
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Figure 7: Spatial mesh used for fitting Norton Sound red king crab spatial models to Alaska Department
of Fish and Game (ADF&G) trawl survey data. The mesh incorporates correlation barriers based on the
Norton Sound coastline. Points represent ADF&G trawl survey observations.
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Figure 8: Spatial mesh used for fitting Norton Sound red king crab spatial models to National Oceanic
and Atmospheric Administration (NOAA) Norton Sound trawl survey data. The mesh incorporates corre-
lation barriers based on the Norton Sound coastline. Points represent NOAA Norton Sound trawl survey
observations.
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Figure 9: Spatial mesh used for fitting Norton Sound red king crab spatial models to National Oceanic and
Atmospheric Administration (NOAA) Northern Bering Sea (NBS) trawl survey data. The mesh incorpo-
rates correlation barriers based on the Norton Sound coastline. Points represent NOAA NBS trawl survey
observations.
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Figure 10: Norton Sound prediction grid used for red king crab spatial abundance predictions for the NOAA
Norton Sound trawl survey and the ADF&G trawl survey. Both of these trawl surveys use a grid size of 10
nm, which corresponds to grid cells with area equal to 343 km2. Prediction grid spatial resolution is 343
km2 and the grid does not include land. Survey data from all years of these two trawl surveys are shown for
comparison. The spatial area of the prediction grid is defined to include all survey stations sampled in the
three trawl surveys.
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Figure 11: Norton Sound prediction grid used for red king crab spatial abundance predictions for the NOAA
Norton Sound trawl survey and the ADF&G trawl survey. Both of these trawl surveys use a grid size of 10
nm, which corresponds to grid cells with area equal to 343 km2. Prediction grid spatial resolution is 343
km2 and the grid does not include land. Survey data from all years of these two trawl surveys are shown for
comparison. The spatial area of the prediction grid is defined to include only ADF&G trawl survey stations
sampled since 2010.
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Figure 12: Norton Sound prediction grid used for red king crab spatial abundance predictions for the NOAA
Northern Bering Sea (NBS) trawl survey. This trawl survey uses a grid size of 20 nm, which corresponds to
grid cells with area equal to 1372 km2. Prediction grid spatial resolution is 1372 km2 and the grid does not
include land. Survey data from all years of the NOAA NBS trawl survey are shown for comparison. The
spatial area of the prediction grid is defined to include all survey stations sampled in the three trawl surveys.
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Figure 13: Norton Sound prediction grid used for red king crab spatial abundance predictions for the NOAA
Northern Bering Sea (NBS) trawl survey. This trawl survey uses a grid size of 20 nm, which corresponds to
grid cells with area equal to 1372 km2. Prediction grid spatial resolution is 1372 km2 and the grid does not
include land. Survey data from all years of the NOAA NBS trawl survey are shown for comparison. The
spatial area of the prediction grid is defined to include only ADF&G trawl survey stations sampled since
2010.
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Figure 14: Norton Sound prediction grid used for red king crab spatial abundance predictions for the NOAA
Norton Sound trawl survey and the ADF&G trawl survey (white points) overlaid on the ADF&G statistical
areas in which commercial harvest of Norton Sound red king crab has been recorded (blue fill) or not recorded
(gray fill) since 1985. The spatial area of the prediction grid is defined to include all survey stations sampled
in the three trawl surveys.
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Figure 15: Norton Sound prediction grid used for red king crab spatial abundance predictions for the NOAA
Norton Sound trawl survey and the ADF&G trawl survey (white points) overlaid on the ADF&G statistical
areas in which commercial harvest of Norton Sound red king crab has been recorded (blue fill) or not recorded
(gray fill) since 1985. The spatial area of the prediction grid is defined to include only ADF&G trawl survey
stations sampled since 2010.
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Figure 16: Norton Sound prediction grid used for red king crab spatial abundance predictions for the NOAA
Norton Sound trawl survey and the ADF&G trawl survey (white points) overlaid on the ADF&G statistical
areas in which commercial harvest of Norton Sound red king crab has been recorded (blue fill) or not recorded
(gray fill) by year since 2017. The spatial area of the prediction grid is defined to include only ADF&G trawl
survey stations sampled since 2010.
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Figure 17: Norton Sound prediction grid used for red king crab spatial abundance predictions for the NOAA
Norton Sound trawl survey and the ADF&G trawl survey (white points) overlaid on the ADF&G statistical
areas in which commercial harvest of Norton Sound red king crab has been recorded (blue fill) or not recorded
(gray fill) by year since 2017. The spatial area of the prediction grid is defined to include all survey stations
sampled in the three trawl surveys.
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Figure 18: Model diagnostic plots using DHARMa residuals for the ADF&G trawl survey model with the
Tweedie family and a year effect only.
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Figure 19: Model diagnostic plots using DHARMa residuals for the ADF&G trawl survey model with the
Tweedie family and both year and depth effects.
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Figure 20: Model diagnostic plots using DHARMa residuals for the ADF&G trawl survey model with the
delta-gamma family and both year and depth effects.
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Figure 21: Spatial distribution of DHARMa residuals for the ADFG trawl survey model using the Tweedie
family with a year effect only.
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Figure 22: Spatial distribution of DHARMa residuals for the ADFG trawl survey model using the Tweedie
family with both year and depth effects.
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Figure 23: Spatial distribution of DHARMa residuals for the ADFG trawl survey model using the delta-
gamma family with both year and depth effects.
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Figure 24: Model diagnostic plots using DHARMa residuals for the NOAA Norton Sound trawl survey model
with the Tweedie family and a year effect only.
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Figure 25: Model diagnostic plots using DHARMa residuals for the NOAA Norton Sound trawl survey model
with the delta gamma family and a year effect only.
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Figure 26: Model diagnostic plots using DHARMa residuals for the NOAA Norton Sound trawl survey model
with the delta lognormal family and a year effect only.
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Figure 27: Model diagnostic plots using DHARMa residuals for the NOAA Norton Sound trawl survey model
with the Tweedie family and both year and depth effects.
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Figure 28: Model diagnostic plots using DHARMa residuals for the NOAA Norton Sound trawl survey model
with the delta-gamma family and both year and depth effects.
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Figure 29: Model diagnostic plots using DHARMa residuals for the NOAA Norton Sound trawl survey model
with the delta-lognormal family and both year and depth effects.
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Figure 30: Spatial distribution of DHARMa residuals for the NOAA Norton Sound trawl survey model using
the Tweedie family and a year effect only.
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Figure 31: Spatial distribution of DHARMa residuals for the NOAA Norton Sound trawl survey model using
the delta gamma family and a year effect only.

46



Figure 32: Spatial distribution of DHARMa residuals for the NOAA Norton Sound trawl survey model using
the delta lognormal family and a year effect only.
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Figure 33: Spatial distribution of DHARMa residuals for the NOAA Norton Sound trawl survey model using
the Tweedie family and both year and depth effects.
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Figure 34: Spatial distribution of DHARMa residuals for the NOAA Norton Sound trawl survey model using
the delta-gamma family and both year and depth effects.
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Figure 35: Spatial distribution of DHARMa residuals for the NOAA Norton Sound trawl survey model using
the delta-lognormal family and both year and depth effects.
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Figure 36: Model diagnostic plots using DHARMa residuals for the NOAA Northern Bering Sea trawl survey
model with the Tweedie family and a year effect only.
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Figure 37: Model diagnostic plots using DHARMa residuals for the NOAA Northern Bering Sea trawl survey
model with the Tweedie family and both year and depth effects.

52



Figure 38: Spatial distribution of DHARMa residuals for the NOAA Northern Bering Sea trawl survey model
using the Tweedie family and a year effect only.
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Figure 39: Spatial distribution of DHARMa residuals for the NOAA Northern Bering Sea trawl survey model
using the Tweedie family and both year and depth effects only.
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Figure 40: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by
year from the model using ADF&G trawl survey data, the Tweedie family, a year effect, and the full area
prediction grid.
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Figure 41: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using ADF&G trawl survey data, the Tweedie family, year and depth effects, and the full
area prediction grid.
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Figure 42: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using ADF&G trawl survey data, the delta-gamma family, year and depth effects, and the
full area prediction grid.
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Figure 43: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using ADF&G trawl survey data, the Tweedie family, a year effect, and the reduced area
prediction grid.
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Figure 44: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using ADF&G trawl survey data, the Tweedie family, year and depth effects, and the reduced
area prediction grid.
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Figure 45: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using ADF&G trawl survey data, the delta-gamma family, year and depth effects, and the
reduced area prediction grid.
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Figure 46: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using ADF&G trawl survey data, the Tweedie family, a year
effect, and the full area prediction grid.
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Figure 47: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using ADF&G trawl survey data, the Tweedie family, year
and depth effects, and the full area prediction grid.
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Figure 48: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using ADF&G trawl survey data, the delta-gamma family,
year and depth effects, and the full area prediction grid.
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Figure 49: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using ADF&G trawl survey data, the Tweedie family, a year
effect, and the reduced area prediction grid.
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Figure 50: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using ADF&G trawl survey data, the Tweedie family, year
and depth effects, and the reduced area prediction grid.

65



Figure 51: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using ADF&G trawl survey data, the delta-gamma family,
year and depth effects, and the reduced area prediction grid.
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Figure 52: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the Tweedie family, a year effect, and the full
area prediction grid.
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Figure 53: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the Tweedie family, year and depth effects,
and the full area prediction grid.
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Figure 54: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the delta gamma family, a year effect, and
the full area prediction grid.
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Figure 55: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the delta gamma family, year and depth
effects, and the full area prediction grid.
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Figure 56: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the delta lognormal family, a year effect, and
the full area prediction grid.
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Figure 57: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the delta lognormal family, year and depth
effects, and the full area prediction grid.
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Figure 58: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the Tweedie family, a year effect, and the
reduced area prediction grid.

73



Figure 59: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the Tweedie family, year and depth effects,
and the reduced area prediction grid.
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Figure 60: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the delta gamma family, a year effect, and
the reduced area prediction grid.
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Figure 61: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the delta gamma family, year and depth
effects, and the reduced area prediction grid.
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Figure 62: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the delta lognormal family, a year effect, and
the reduced area prediction grid.
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Figure 63: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Norton Sound trawl survey data, the delta lognormal family, year and depth
effects, and the reduced area prediction grid.
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Figure 64: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the Tweedie
family, a year effect, and the full area prediction grid.

79



Figure 65: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the Tweedie
family, a year effect, and the reduced area prediction grid.
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Figure 66: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the Tweedie
family, year and depth effects, and the full area prediction grid.

81



Figure 67: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥ 64
mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the Tweedie
family, year and depth effects, and the reduced area prediction grid.
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Figure 68: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the delta
gamma (DG) family, a year effect, and the full area prediction grid.
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Figure 69: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the delta
gamma (DG) family, a year effect, and the reduced area prediction grid.
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Figure 70: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the delta
gamma (DG) family, year and depth effects, and the full area prediction grid.
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Figure 71: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the delta
gamma (DG) family, year and depth effects, and the reduced area prediction grid.
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Figure 72: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the delta
lognormal (DL) family, a year effect, and the full area prediction grid.
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Figure 73: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the delta
lognormal (DL) family, a year effect, and the reduced area prediction grid.
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Figure 74: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the delta
lognormal (DL) family, year and depth effects, and the full area prediction grid.
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Figure 75: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Norton Sound trawl survey data, the delta
lognormal (DL) family, year and depth effects, and the reduced area prediction grid.
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Figure 76: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Northern Bering Sea trawl survey data, the Tweedie family, a year effect, and
the full area prediction grid.
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Figure 77: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Northern Bering Sea trawl survey data, the Tweedie family, a year effect, and
the reduced area prediction grid.
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Figure 78: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Northern Bering Sea trawl survey data, the Tweedie family, year and depth
effects, and the full area prediction grid.
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Figure 79: Predicted abundance of Norton Sound red king crab males ≥ 64 mm in carapace length by year
from the model using NOAA Northern Bering Sea trawl survey data, the Tweedie family, year and depth
effects„ and the reduced area prediction grid.
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Figure 80: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Northern Bering Sea trawl survey data, the
Tweedie family, a year effect, and the full area prediction grid.
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Figure 81: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Northern Bering Sea trawl survey data, the
Tweedie family, a year effect, and the reduced area prediction grid.
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Figure 82: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Northern Bering Sea trawl survey data, the
Tweedie family, year and depth effects, and the full area prediction grid.
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Figure 83: Coefficient of variation (CV) for predicted abundance of Norton Sound red king crab males ≥
64 mm in carapace length by year from the model using NOAA Northern Bering Sea trawl survey data, the
Tweedie family, year and depth effects, and the reduced area prediction grid.
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Figure 84: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length
≥ 64 mm from the ADF&G trawl survey. Colored lines represent abundance (±95% CI) estimated using
sdmTMB with the Tweedie family and a year effect. Model-based abundance estimates were generated by
predicting over either an area that encompasses all survey observations (full) or an area that encompasses
only observations from the ADF&G trawl survey since 2010 (reduced). Black points represent design-based
abundance (±95% CI) estimates currently used in the stock assessment model.
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Figure 85: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length
≥ 64 mm from the ADF&G trawl survey. Colored lines represent abundance (±95% CI) estimated using
sdmTMB with the Tweedie family and both year and depth effects. Model-based abundance estimates were
generated by predicting over either an area that encompasses all survey observations (full) or an area that
encompasses only observations from the ADF&G trawl survey since 2010 (reduced). Black points represent
design-based abundance (±95% CI) estimates currently used in the stock assessment model.
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Figure 86: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length
≥ 64 mm from the ADF&G trawl survey. Colored lines represent abundance (±95% CI) estimated using
sdmTMB with the delta-gamma family and both year and depth effects. Model-based abundance estimates
were generated by predicting over either an area that encompasses all survey observations (full) or an area
that encompasses only observations from the ADF&G trawl survey since 2010 (reduced). Black points
represent design-based abundance (±95% CI) estimates currently used in the stock assessment model.
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Figure 87: Coefficient of variation (CV) for design-based versus model-based indices of abundance for male
Norton Sound red king crab with carapace length ≥ 64 mm from the ADF&G trawl survey. Model-based
abundance estimates were generated by predicting over either an area that encompasses all survey obser-
vations (full) or an area that encompasses only observations from the ADF&G trawl survey since 2010
(reduced).
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Figure 88: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length ≥
64 mm from the NOAA Norton Sound trawl survey. Colored lines represent abundance (±95% CI) estimated
using sdmTMB with the Tweedie (TW) family and a year effect. Model-based abundance estimates were
generated by predicting over either an area that encompasses all survey observations (full) or an area that
encompasses only observations from the ADF&G trawl survey since 2010 (reduced). Black points represent
design-based abundance (±95% CI) estimates currently used in the stock assessment model.
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Figure 89: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length
≥ 64 mm from the NOAA Norton Sound trawl survey. Colored lines represent abundance (±95% CI)
estimated using sdmTMB with the delta gamma (DG) family and a year effect. Model-based abundance
estimates were generated by predicting over either an area that encompasses all survey observations (full)
or an area that encompasses only observations from the ADF&G trawl survey since 2010 (reduced). Black
points represent design-based abundance (±95% CI) estimates currently used in the stock assessment model.
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Figure 90: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length
≥ 64 mm from the NOAA Norton Sound trawl survey. Colored lines represent abundance (±95% CI)
estimated using sdmTMB with the delta lognormal (DL) family and a year effect. Model-based abundance
estimates were generated by predicting over either an area that encompasses all survey observations (full)
or an area that encompasses only observations from the ADF&G trawl survey since 2010 (reduced). Black
points represent design-based abundance (±95% CI) estimates currently used in the stock assessment model.
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Figure 91: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length ≥
64 mm from the NOAA Norton Sound trawl survey. Colored lines represent abundance (±95% CI) estimated
using sdmTMB with the Tweedie (TW) family and both year and depth effects. Model-based abundance
estimates were generated by predicting over either an area that encompasses all survey observations (full)
or an area that encompasses only observations from the ADF&G trawl survey since 2010 (reduced). Black
points represent design-based abundance (±95% CI) estimates currently used in the stock assessment model.
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Figure 92: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length ≥
64 mm from the NOAA Norton Sound trawl survey. Colored lines represent abundance (±95% CI) estimated
using sdmTMB with the delta gamma (DG) family and both year and depth effects. Model-based abundance
estimates were generated by predicting over either an area that encompasses all survey observations (full)
or an area that encompasses only observations from the ADF&G trawl survey since 2010 (reduced). Black
points represent design-based abundance (±95% CI) estimates currently used in the stock assessment model.
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Figure 93: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length
≥ 64 mm from the NOAA Norton Sound trawl survey. Colored lines represent abundance (±95% CI)
estimated using sdmTMB with the delta lognormal (DL) family and both year and depth effects. Model-
based abundance estimates were generated by predicting over either an area that encompasses all survey
observations (full) or an area that encompasses only observations from the ADF&G trawl survey since 2010
(reduced). Black points represent design-based abundance (±95% CI) estimates currently used in the stock
assessment model.

108



Figure 94: Coefficient of variation for design-based versus model-based indices of abundance for male Norton
Sound red king crab with carapace length ≥ 64 mm from the NOAA Norton Sound trawl survey. Models
included a year effect only. Model-based abundance estimates were generated by predicting over either an
area that encompasses all survey observations (full) or an area that encompasses only observations from the
ADF&G trawl survey since 2010 (reduced).
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Figure 95: Coefficient of variation for design-based versus model-based indices of abundance for male Norton
Sound red king crab with carapace length ≥ 64 mm from the NOAA Norton Sound trawl survey. Models
included both year and depth effects. Model-based abundance estimates were generated by predicting over
either an area that encompasses all survey observations (full) or an area that encompasses only observations
from the ADF&G trawl survey since 2010 (reduced).
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Figure 96: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length
≥ 64 mm from the NOAA Northern Bering Sea trawl survey. Colored lines represent abundance (±95%
CI) estimated using sdmTMB with the Tweedie (TW) family. Models included a year effect only. Model-
based abundance estimates were generated by predicting over either an area that encompasses all survey
observations (full) or an area that encompasses only observations from the ADF&G trawl survey since 2010
(reduced). Black points represent design-based abundance (±95% CI) estimates currently used in the stock
assessment model.
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Figure 97: Estimated abundance (1000’s of crab) for male Norton Sound red king crab with carapace length
≥ 64 mm from the NOAA Northern Bering Sea trawl survey. Colored lines represent abundance (±95%
CI) estimated using sdmTMB with the Tweedie (TW) family. Models included both year and depth effects.
Model-based abundance estimates were generated by predicting over either an area that encompasses all
survey observations (full) or an area that encompasses only observations from the ADF&G trawl survey
since 2010 (reduced). Black points represent design-based abundance (±95% CI) estimates currently used
in the stock assessment model.
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Figure 98: Coefficient of variation for design-based versus Tweedie family model-based indices of abundance
for male Norton Sound red king crab with carapace length ≥ 64 mm from the NOAA Northern Bering
Sea trawl survey. Model-based abundance estimates were generated by predicting over either an area that
encompasses all survey observations (full) or an area that encompasses only observations from the ADF&G
trawl survey since 2010 (reduced).
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