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Abstract

Fisheries stocks are often characterized by pronounced spatial patterning. This occurs
at different scales, which may be driven by separate mechanisms. Regression kriging is
often used to generate population estimates which may parse variation among these scales.
A previous application of this and other frequentist methods to estimate the abundance
of Atlantic sea scallops (Placopecten magellanicus) found that semi-parametric regression
kriging performs best among model-based methods. We expanded upon these results by
adapting the model structure for a Bayesian framework. This approach demonstrated the
trade-off between abundance as a function of depth and broad spatial habitat features,
and of fine-scale spatial aggregation. We applied our model to the 2015 belt transect
survey of Atlantic sea scallops in Georges Bank and the Mid-Atlantic Bight off the eastern
coast of the United States. The overall Bayesian predictions generally agreed with those
of the frequentist method. However, the former favored broad spatial trends coupled with
very fine-scale aggregation, while the latter favored finer trends and broad aggregation as
the dominant driver of scallop abundance. Therefore, one can draw similar conclusions
about abundance, yet disparate conclusions about the drivers. Careful consideration of the

benefits and limitations of each approach is warranted.
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1 Introduction

Spatial complexity in nature plays a central role in ecological patterns as fundamental as diversity,
and as traditionally applied as spatiotemporal dynamics (Tilman and Kareiva 1997). Patterns
may develop at many different scales depending upon the organisms under investigation (Graf
et al. 2005). In the marine environment, spatial scale influences genetic diversity (Conover et
al. 2006), the nature of density dependence (Shepherd and Litvak 2004), dispersal (Puebla et
al. 2012), metacommunity stability (Shackell et al. 2012), and connectivity (Sale and Ludsin
2003). Spatial structure can also have a profound effect on how fisheries stocks respond to
fishing, and therefore it is imperative that we include such structure in our assessments (Cadrin
and Secor 2009). Explicitly modeling spatial heterogeneity in stock assessment procedures can
resolve discrepancies among different areas (Jiao et al. 2016; Truesdell et al. 2016). When
unaccounted for, spatial autocorrelation in abundance indices can lead to misrepresentation of
precision in estimates (Xu et al. 2018). Potential methods to address this spatial complexity
range from relatively simple spatial indexing (Hilborn and Walters 1987) to complex and flexible

spatiotemporal models (Cao et al. 2020).

Understanding how and why spatial patterns develop is a critical component of effective fisheries
management. In the past, fisheries stocks were treated as homogeneous throughout their range.
However, developing technology and local management directives recognize the importance of
fine-scale distributions (Wilen 2004). In general, factors influencing populations, including re-
source availability, competition, and mortality, are all influenced by scale (Levin 1992). A more
complete view of fisheries stocks thus requires consideration of interactions with the environment
at both fine and broad spatial scales (Ciannelli et al. 2008; Gordon et al. 2018). At fine scales,
patchy spatial structure of both community density and removals can have a profound and com-
plex impact on fisheries resources (Barnett et al. 2019). At broader scales, interactions between
climate and resource productivity influences catches (Chassot et al. 2010). Management at a

range of scales requires both appropriate data and model choice.



Here, we investigate a regression kriging model as a method by which to understand patterns at
different spatial scales. With regression kriging, one kriges the residuals of a generalized regression
model (Hengl et al. 2007). It represents a potential improvement over many other methods of
spatial interpolation (Meng et al. 2013). We developed a Bayesian regression kriging model and
compared it to a frequentist model applied to fishery independent survey data on Atlantic sea
scallops (Placopecten magellanicus). Atlantic sea scallops, hereafter scallops, compose one of
the United States’ most valuable fisheries, with ex-vessel revenue exceeding $600 million USD
in 2021 (NOAA Fisheries 2022). While scallops declined in the mid to late 20™" century, area
closures, effort reductions and gear restrictions have led to the recovery of the fishery (Hart
and Rago 2006). The distribution of scallops is characterized by a very high degree of patchiness
(Thouzeau et al. 1991). In order to properly characterize abundance of this and other populations
with similar complex spatial distributions, and their driving mechanisms, one must take care to

account for all of these processes.

Chang et al. (2017) tested several models on the scallop abundance data, including ordinary
kriging (OK), and two variations on semi-parametric regression kriging (RK). They found that
regression kriging with a Generalized Additive Model (GAM), termed GAM+OK, performed best
among all model-based approaches in terms of both accuracy and precision. The GAM+0OK
method applies a two stage hurdle GAM to scallop density as a function of depth and two-
dimensional spatial coordinates. The residuals of this model are then used to perform ordinary
kriging. Conceptually, this model describes a broad trend with depth, and in space, and describes
what remains as a function of spatial aggregation. While more complex and computationally
demanding than either method alone, one of the advantages of this and similar approaches is
that one takes advantage of all available information (Hengl et al. 2007). Scallops tend to
occupy intermediate depths. At shallow depths, maximum bottom temperatures may exceed
the temperatures at which the scallops can survive (Hart and Chute 2004). In deeper waters,

scallop recruitment is inhibited both by limited food resources and, in some areas, predation by



Astropecten sea stars (Hart 2006; Shank et al. 2012). In space, broad trends may follow sediment
type or tidal and other current transport mechanisms (Thouzeau et al. 1991). At smaller spatial
scales, scallops may enhance their own recruitment directly by aggregating as fecund adults
(Caddy 1970; Stokesbury and Himmelman 1993). Therefore, each piece of this model is designed
to describe a different, though not entirely separate, mechanism. A challenge exists, however, in
that the scales of the regression and geostatistical models may overlap, and thus the results may
be highly autocorrelated. For example, water depth is itself related to the spatial coordinates.

How, then, do we determine the proportion of observed variation attributable to each process?

With the GAM+OK method, the model first finds an optimal fit to observations as a function
of depth and two-dimensional space. As a natural result of the fitting methods, the model will
attempt to find an unbiased fit of the smoothing functions to the data. One then fits a variogram
to the residuals that remain. Because of the subsequent application of models, overfitting and
therefore bias in the estimates can result due to the lack of an iterative reweighting or other
recursive scheme. By contrast, in a Bayesian framework, we can find an optimal fit to all pieces
simultaneously by sampling from a joint likelihood (Raftery et al. 1992), which may reduce the
potential for overfitting by the GAM. Bayesian models have several advantages, including a natural
structure for prior information and probabilistic interpretability (Grzenda 2015; Wagenmakers et
al. 2016). There are many years of survey data on the scallop, and a great deal of biological
data concerning the animals’ physiology and behavior (Hart and Chute 2004). This includes
extensive knowledge of growth and reproductive rates (Naidu and Robert 2006; Hart and Chute
2009), as well as spatial trends (Thouzeau et al. 1991; Hart 2006; Chang et al. 2017). However,
these models can produce an infinite estimation space (Ginsbourger et al. 2009) and thus induce
collinearity. One can mitigate this by appropriate choice of prior distributions, and by application
of model restrictions that reflect our knowledge of the system (Lemoine 2019). Other methods,
including maximum marginal likelihood (Miller 2013; Miller et al. 2019) and delta-generalized

linear mixed models (Thorson et al. 2015), may also parse probability of presence, conditional



mean abundance, and spatial variation, but we focus on a Bayesian approach here.

In this paper, we analyzed spatial scallop abundance data provided in Chang et al. (2017) using
a Bayesian geostatistical framework, and examine both its potential faults and theoretical gains in
comparison to a frequentist counterpart. Ultimately, we would like to use this model to produce
informative estimates for subsequent years, augmented by one year of growth and reproduction.
Informative priors can be robust to inaccurate information (Depaoli 2014), avoid problems asso-
ciated with non-informative priors when data are relatively sparse (Lenk and Orme 2009), and
can easily be adjusted to reflect the degree of confidence in one’s past information (Horrocks and
Rueffer 2014). This could serve as a powerful framework for analysis of spatiotemporal survey

data.

2 Methods

2.1 Data Overview

The Woods Hole Oceanographic Institution (WHOI), the Northeast Fisheries Science Center
(NEFSC), and commercial fishermen developed the Habitat Camera Mapping System (HabCam)
to survey benthic communities in general, and scallops in particular (Howland et al. 2006; Chang
et al. 2017; Kaplan et al. 2017; Kaplan et al. 2018). Region-scale HabCam surveys were conducted
on Georges Bank (GB) in 2011, and in both GB and the Mid-Atlantic Bight (MAB) in the summer
of 2012-2019 and 2021-2022 (Figure 1). The HabCam vehicle took roughly six photographs per
second as it was towed along pre-designed transects at a height of about 2m off the sea floor.
Sampling design included both long and short transects, with long transects in the direction of
the density gradient that reach to sampling area boundaries coupled with short transects over
high density areas (NEFSC 2014). This design concentrated sampling in higher density areas
and allowed for the estimation of anisotropy. Researchers manually annotated a subset of about

100,000 images per year (roughly 2% of the total), counting both juveniles and adults. We



aggregated these data at the scale of 5km segments to reduce the number of observations and
the degree of autocorrelation, thereby reducing the computational burden on the models. The
surveys in each region were stratified into subareas (seven in GB and five in MAB) in order to
obtain areas with more homogeneous relationships of scallops with depth. As in Chang et al.

(2017), we ran our model separately in each area.

Our species of interest, the Atlantic sea scallop, can be found off the Atlantic coast of the
United States from Cape Hatteras in North Carolina up to Newfoundland (Hart and Rago 2006).
They are a relatively long-lived (maximum age about 20 years), fast-growing bivalve mollusc
of great commercial importance, particularly in recent years (NEFSC 2018). Their population
dynamics can be characterized by an affinity for sand and gravel bottoms, intermediate depths,
and avoidance of sea star predators (Thouzeau et al. 1991; Hart and Chute 2004). They become
sexually mature at age two, but do not recruit to the fishery or contribute substantially to spawning
until age four (NEFSC 2014). Synchronous spawning typically occurs from August-October,
although spawning may also occur in April-June in certain areas (Hart and Chute 2004). Adults
range in size from 80-170 mm. Food availability and temperature are primary determinants of
individual growth potential (Cranford et al. 1998). Ideal temperatures for Atlantic sea scallops
range from 8-15°C, with mortality occurring over 21°C (Hart and Chute 2004). Within the Mid-
Atlantic Bight and Georges Bank, temperature preference is a major driver of depth range of
individuals, though this may be constrained by interactions with predators (Hart 2006). In the
Mid-Atlantic Bight, major south-going currents transport scallop larvae, and fishery closures have
induced strong recruitment in down-current areas (Hart et al. 2020). Similar dynamics occur in

the circular currents in Georges Bank (Chen et al. 2021).

We chose to analyze data from the year 2015. Data from this year exhibited exceptional
coverage and contrast. It thus serves as a good case study. Examining annual variation is outside
the scope of the current study. We do however recommend examining temporal effects as the

logical next step of this research.



2.2 Estimation Model

We built a Bayesian extension of the GAM+OK method described in Chang et al. (2017) in Stan
(Carpenter et al. 2017). This regression kriging method consists of a GAM for the mean and

ordinary kriging on the resulting residuals, described below.

2.2.1 Generalized additive model

Generalized additive models (GAM'’s) are used to identify nonlinear covariate effects (Hastie
and Tibshirani 1990). We used a zero-inflated negative binomial generalized additive model to

describe mean scallop abundance, which can be written:

(1—7)+m-NB(0,¢) ify;=0
Yi ~ (1)
7 - NB(u, ¢) ify, >0

The observations are given by y; € y, and m; € 7 is the probability of presence at location
i. Following Chang et al. (2017), we used cubic splines to smooth over depth. We used a low
rank, truncated basis for the cubic spline as a function of depth (Crainiceanu et al. 2005), with
K, knots spaced evenly throughout the range of the data. We also included a two-dimensional
thin plate spline (Wood 2003) on abundance as a function of spatial coordinates. Here, we used
hierarchical clustering to place observations into K. groups based on distance using the hclust
and cutree functions in R (R Core Team 2022), and calculated the mean location of each group
to assign the K. knot locations. Our approach to knot placement differs from the default used
by the R package mgcv, which uses generalized cross-validation (Wood 2003). However, knot
number and location are generally not critical as long as there is adequate data coverage and
knot numbers exceed degrees of freedom plus one (Wood 2001). We set K; = 5 and K. = 15
as in Chang et al. (2017) for all models, which ensured this was the case. The use of hierarchical
clustering is non-standard, but it does ensure good spatial coverage. Therefore, we do not expect

large difference between our approach and that of Chang et al. (2017) due to these differences.



The expectation of each observation can be written:

Ely] = exp (Bb + offset) (2)

with a design matrix B and coefficients b = {bk,, bk, }, where b, gives the coefficients of the
cubic spline with depth and by, gives the coefficients of the thin plate spline with two-dimensional
space. The offset gives the area of each observation in square meters. We set the following priors

for bi, and bk, and their associated variances:

bK ~ N(07 O-czl)

d

b, ~ N(0,0;) (3)

a3, o ~ N(0,1) T[0,]

where the distribution N (0, 1) 7'[0, ] indicates a standard normal distribution truncated below at
0, and where 02 and ¢? are products of the variance and the inverse of the penalty of each spline

function (Crainiceanu et al. 2005).

We gave the overdispersion parameter ¢ of equation 1 the prior:

¢ ~ Gamma(1,0.5) (4)

Presence for the it

observation is a function of spatial coordinates. Scallop presence tends to
correlate with depth (Thouzeau et al. 1991; Hart 2006), which itself is highly correlated with
spatial coordinates. Thus, we modeled presence as a simple Gaussian function of the coordinate

direction with the greatest range of observed depths:

7 = a exp (—(a; — k)?/s) (5)



where x; represents either scaled longitude or latitude. Choosing just one of these as covariates
avoids additional computational burdens and collinearity resulting in poor model diagnostics.
Similarly, depth alone resulted in a reduction in predictive power and poor diagnostics. Note that
our model structure assumes that probability of presence is constant in the discarded coordinate
value. While this may be restrictive, additional variability over both spatial coordinates and depth

are captured in the mean process. We gave the coefficients in equation 5 the following priors:

a ~ Uniform(0, 1)
ko~ N(0,1) (6)

s ~ Gamma(1,5)

Note that this differs from the model in Chang et al. (2017), in which presence was included in
a hurdle model. In practice, we have found that hurdle models can be difficult to fit with Stan.
Using the zero-inflated model improved both computation time and diagnostics. Note that the
zeroes in the zero-inflated model are treated as either structural or sampling. Structural zeroes
arise from a binomial model component, whereas sampling zeroes may arise by chance from the
count model component (Feng 2021). By contrast, hurdle models consider zeroes and non-
zeroes separately in a mixture-type structure. For the former, non-presence in unsuitable areas is
modeled as structural and non-presence in suitable areas is modeled as a chance event. For hurdle
models, non-presence arises from just one structural source. Here, all zeroes are considered to
arise from unsuitability. Comparisons of both models indicate the zero-inflated model may be
more appropriate for the scallop data, given high contrast in zeroes across the sampling area

(Feng 2021).

Ultimately, the procedure described above produced mean estimates p; € p, which were used

to calculate the model residuals.
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2.2.2 Kiriging

Given the residuals € arising from the GAM, we wished to predict the residual at a new point,

given by €y, as a weighted sum of the observed residuals ¢; as follows:

N
éo = Z(€0) = ZU}Z’Q’ = 'wTe (7)
i=1

The weights w; of the variogram are a function of the variance-covariance matrix of the residuals
from the GAM and of the covariance of the observations ¢; with the unobserved quantity €. The
structure of this matrix is typically given by one of several variograms, a conditionally negative
definite function which asserts that data points that are closer together are more closely related.
Chang et al. (2017) used a Matérn variogram. However for ease of computation within Stan, we

used the exponential variogram, a special case of the Matérn:
Cov(e;, €;) = nugget + sill exp (—||e; — €;]|/range) (8)

where h = || - || is the Euclidean distance. We chose the following priors for the variogram
parameters:
nugget ~ N(0,1) 70, ]
sill ~ N(0,1000) 70, |
range ~ N(0,1) 770, ]

He; ™~ N(Ov 1)

where, as in equation 3 above, T[0, ] indicates truncation below at zero. The nugget represents
semi-variance at zero distance, or rather the local variance. Local variance is also given by the
parameters o2 and ¢2. This parameter is often not estimated i.e. remains nearly identical to
the prior. We chose a relatively small and constrained prior for the nugget. The sill represents

maximum semi-variance at distances past the range. This can take on a wide range of positive

values, and therefore we chose an uninformative truncated normal prior. The range represents
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the distance at which semi-variance begins to saturate. The distances have been scaled and do
not exceed a value of three. Thus, the constrained truncated normal is relatively uninformative

in the context of the support.

The likelihood for this model is given by:

€ ~ MVN(p,, C) (10)

where MVN is the multivariate normal distribution with variance-covariance matrix given by

equation 8. The estimated totals are:
g=futé (11)

where each fi; € p arises from the GAM given that it is non-zero, and each ¢; € € arises from

the variogram.

2.3 Implementation

We ran the Bayesian model, which we refer to as Bayes+OK, in Stan (Carpenter et al. 2017)
using the package cmdstanr (Gabry and Ce¥novar 2021) in R (R Core Team 2022). In each
of the 12 depth-stratified areas (NEFSC 2014), the model was run for 2,000 iterations over 6
chains, with the first 1,000 discarded for warmup, for a total of 6,000 samples. The models ran
for an average of 113 minutes, with completion times ranging from 13 to 250 minutes. Each
model converged, with Gelman-Rubin diagnostics of all parameters R < 1.1. All parameters of
each model had sufficient effective sampling sizes of more than 100 for the both the bulk and the
tail, indicating adequate sampling of the mean and median, and of the upper and lower quantiles.
Visual inspection of each chain of all parameters were indicative of good mixing. All models were
run with 5 knots for the depth smoother and 15 knots for the spatial coordinate smoother, to
coincide with knot choices made by Chang et al. (2017). For the purpose of comparison, we also

re-ran the GAM+OK model described in Chang et al. (2017) on the data aggregated at a 5km
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scale.

To compare the performance of both models, we implemented a standard 10-fold cross-
validation procedure (Rodriguez et al. 2009) and calculated the root mean square error (RMSE)

of each subarea j € {1,,, J} as follows:

Sy ik (= )’
RMSE = \/ ~ (12)

For the GAM+OK, we used ordinary least squares to estimate the parameters of a Matérn
variogram with no anisotropy. We also ran a sensitivity analysis on prior choice of certain model

parameters, which we present in the Supplementary Materials section.

3 Results

Overall, the Bayes+OK model proved stable and efficient. The abundance results of our model
agreed fairly well with the results of the GAM+OK or the stratified mean (SM) given by assess-
ment results (NEFSC 2018, Table 1). Below, we present the results of each piece of the model
individually for clarity, followed by summary totals in each area of Georges Bank (GB) and the

Mid-Altantic Bight (MAB).

3.1 Probability of presence

Recall that we modeled presence as a Gaussian function of a cardinal direction (equation 5).
In most cases, it was clear that there was a strong relationship between cardinal direction and
probability of presence (Figure 2). There were exceptions, in that the minimum and maximum
mean probability were similar, particularly in Delmarva (DMV), reflecting a relatively consistently
high probability of presence throughout this area. Even so, generally each area tended to have a

varied and complex relationship of presence with location, often represented by a strong preference
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for a central region, or an extreme.

Our intention was to allow the cardinal coordinate to serve in part as a proxy for depth, while
also allowing for some spatial variability. Visually, we could associate the estimated probability of
presence with observed depth (Figure 2; see also Figure S1). In some areas, as in Hudson Canyon
(HC), presence peaked at central longitudes, where depth is roughly between 40m and 80m. In
other areas, the preference appeared to be for relatively deep waters. For example, in Closed Area
2 North (CA2_N), probability of presence increased toward the north, where depths exceed 65m.
In the case of Delmarva (DMV), there were clear and substantial differences in depth throughout
the area, yet little apparent preference for a given spatial extent, with only small evidence of

avoidance of the western and eastern extremes.

3.2 Mean Abundance

To understand the contributions of depth and spatial coordinates to mean abundance, the design
matrix B was split into its depth and coordinate components, written here as B, and B.,

respectively. Thus, estimated mean abundance can be expressed as:

where
Ya = exp (bx,Ba) (14)
Y. = exp (bg, B,) (15)

and bk, and by, are the components of b in equation 3.
In general abundance peaked at intermediate depths, with abundance approaching zero at
the extremes (Figure 3). Note that mean estimates may not match observed trends. When this

occurs, discrepancies are explained by spatial covariance, or large masses of individuals clustering

14



in beds. Peaks in mean abundance at intermediate depths was fairly universal throughout each
area of each region, though in some areas, depth preference was near the observed extremes, as in
Southern Flank (SF), or increased slightly towards the extremes, as in Hudson Canyon southern
rim (HCsr). When we considered the impact of two-dimensional spatial coordinates alone on
abundance, we found that mean estimates varied considerably, often with sharp peaks in high
abundance locations (Figure 4). In a few areas, changes in abundance with space were more
gradual. The tendency towards patchiness in some areas was likely due to the use of a relatively
higher number of knots. The cardinal coordinates were, of course, an indirect measure of other
variables that varied over space. This could include habitat at a broader scale, which was our
intention, or other variables, such as presence of competitors or predators. The results of the
GAM+OK are visibly patchier in both the Mid-Atlantic Bight and Georges Bank (Figures 5 and
6; see also Figure S2). That is, the frequentist model assigns more fine-scale variability to the

mean process than the Bayesian model.

3.3 Residuals

Estimated variogram parameters were very different between the frequentist and Bayesian meth-
ods (Table 1). Estimated sills arising from the Bayesian method were generally much higher
than those arising from the frequentist method. The opposite was true for the range. Thus, our
Bayes+OK model suggested that autocorrelation was a very strong force driving very localized
abundance, whereas the GAM+0OK model suggested that aggregation occurred at much broader
scales, and was relatively weak. While both models give patchy results, the Bayes+OK kriged
residuals are comparatively smoother than the GAM+OK kriged residuals in some areas (Figures
5 and 6; see also Figure S3). The reverse is true in other areas, indicating that the character of
the estimated residuals is dependent upon the region. Given that the mean process differed in

each region and between models, these results were not surprising.
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Note that the nuggets of the Bayes+OK model were all very similar, and were in fact roughly
equal to the mean of its prior. We found that nugget posteriors were equal to the priors no matter
our choice of variance, indicating the model did not truly estimate the nugget. This may be due
to the inclusion of variance-inverse penalty hyperparameters, which also described variability with
both depth and space. Also of note is that the coefficient of variation (CV) of the abundance
estimates were typically lower for the Bayesian model. Thus, the Bayes+OK model was more

precise, though not necessarily more accurate.

3.4 Cross-validation

The 10-fold cross-validation procedure indicated that, on average, the Bayes+OK model (RMSE =
3.95) performed slightly better than the GAM+OK (RMSE = 3.99). Results also indicated that
the Bayes+OK model performed best in 67% of the subareas, and was bested by the GAM+OK
most often in Georges Bank. That said, cross-validation generally supports the Bayes+OK over

GAM-+OK.

4 Discussion

Determining the mechanisms driving spatial patterns of abundance of marine species at various
scales is a difficult undertaking. Regression kriging is capable of providing estimates of the con-
tribution of different processes to spatial variation. However, the conclusions to be drawn clearly
differ by method of application. In general, our Bayesian model interpreted scallop abundance as
a smooth mean process with a very high magnitude of spatial autocorrelation at very fine scales.
While the mean process alone would suggest high abundance at intermediate depths, the ten-
dency to cluster at finer scales may produce peaks in relatively less suitable regions. By contrast,
the GAM+OK method suggested broader autocorrelation and highly nonlinear trends. Which of
these models is “better” may be a matter of context. Cross-validation generally supports the

Bayes+OK model, though by a relatively fine margin, and only among a majority of subareas
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(Figure 7). The GAM+OK model may naturally attribute more of the variation to trend because
the GAM s applied first. The Bayesian approach is advantageous in that it estimates the GAM
and kriging parts simultaneously, thus balancing these two components. Unbiased priors would
increase the precision and accuracy of the estimates, but poor choices of priors could induce bias.
One may influence the GAM by judicious choice of a variance-inverse penalty prior, the number of
knots, and the priors for the parameters of the variogram. This flexibility may not be best for sit-
uations in which little is known about the mechanisms driving the distribution of a given species,
though median estimates do appear to be fairly robust to the choice of priors (see Figure S5).
Fortunately, we do have prior information on the mechanisms guiding the abundance of scallops.
Therefore, in our case, and in similar cases, the Bayes+OK model may be an appropriate method

by which to estimate abundance and its constituents.

Note that, while the models are not directly comparable, given we use somewhat different
methods to accomodate both the strengths and limitation of Stan and mgcv, we chose to compare
models based on k-fold cross-validation. This and other methods of cross-validation transcend
differences among models to emphasize the ability of different models to make predictions. While
it is still difficult to say which model is more correct overall, we can corroborate some results.
For example, the GAM+OK model suggests there may be high abundance within the deepest
portions of the Hudson shelf valley, whereas the Bayes+OK model suggests there are very few
scallops present in this area (Figure 5; see also Figure S4). We know from observational data
that the latter is more correct, as these deep waters are unsuitable for the scallops due to high
abundance of Astropecten sea star predators (Hart 2006; Shank et al. 2012). The results of
the cross-validation procedure provide evidence in favor of our accepting the conclusions of the
Bayes+OK model in this region over those of the GAM-+OK (Figure 7). It may not be appropriate
to do so in situations in which there is very little knowledge of the species in question. We felt this
model was appropriate for scallops, especially considering that, despite variability in explanatory

processes with prior choice, mean and residual density estimates remained the same (see Figure
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S5). Furthermore, a sensitivity analysis on the choice of priors suggests that the results of the
Bayes+OK model are robust (Supplement S2; see Figure S5). Thus, several methods of validation

may aid one in choosing between the models presented here.

While the availability of priors is an advantage of Bayesian methods, there is a delicate balance
between choosing model priors that give good diagnostics in a reasonable amount of time and
choosing model priors based on known quantities. Our current parameterization may err on the
side of sacrificing some realism for swift convergence. For example, we chose a low variance
for mean residuals because a less restrictive prior resulted in slow exploration of a highly auto-
correlated space. This also invariably led to flatter penalized splines and greater autocorrelation
at broader scales. That is, given that this model is designed to attribute a proportion of the
observations to trend, and that which remains to spatial aggregation, decreasing the flexibility of
the former increases the flexibility of the latter. Allowing greater flexibility in the variance-inverse
penalty did the reverse — the GAM had more explanatory power while the variogram parameters
shrunk. Allowing flexibility in both resulted in very long run times and poor diagnostics. One can
potentially arrive at an infinite number of solutions based on these or other restrictions within
the model and therefore, interpretations must be treated with caution, and tempered by expert

knowledge.

We believe the Bayes+OK represents an improvement over the GAM+OK. Though Stan is
an exceptionally fast and flexible tool for repeated sampling in a Bayesian context, it can still be
burdened by high computational costs. In future studies, integrative nested Laplace approximation
(INLA) may be an attractive alternative (Bakka et al. 2018). Though applications are somewhat
limited by model assumptions, INLA allows for simultaneous Bayesian estimation of spatial and
temporal relationships, whether parametric or semi- or non-parametric. Future studies may wish
to compare our methods with those used for this and other marine species (lzquierdo et al. 2021;
Outeiro et al. 2021). This may represent an additional improvement over the Bayes+OK model.

While it does perform relatively well, there are still some results arising from the former that
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contradict expectations. The spatial scales suggested by the Bayesian estimates of the ranges
of the variogram were likely small compared to the GAM+OK estimates because of the direct
interaction of the GAM with the variogram, as expected. That said, we also expected somewhat
greater ranges in the case of some of the areas with large aggregations (Table 1). In future runs,
we or others may wish to inform the priors of likely range values until we arrive at estimates
more consistent with observations and expert knowledge. While it may be difficult to interpret
individual GAM coefficients, the overall pattern they produce over depth and in space can be
informed by observations, and can become either more or less flexible by tweaking the associated
variance-inverse penalties. The sill and especially the range of the variogram have a more direct
biological interpretation. We can use prior information concerning aggregative behavior as a check
on kriging model output. Scallops form aggregations over the bottom substrate, and to different
degrees depending on region and age (Caddy 1970; Carey and Stokesbury 2011). Information of

this sort can be used to reconcile model predictions with observations.

Similarly, prior information on the species in question can be used to interpret model results. For
Atlantic sea scallops, broad trends with very fine-scale autocorrelation aligns with knowledge of
behavior and life history. For example, fine-scale behavior and aggregations influence fertilization
success and dispersal (Bayer et al. 2018; Chen et al. 2021). At much broader scales, substrate
type and oceanographic conditions influence larval survival, success, and transport (Thouzeau
et al. 1991; Chen et al. 2021). These relationships are generally captured by the inclusion of
coordinates in the mean and presence-absence processes. HabCam images do include substrate
information (for example, sand, sand/gravel, gravel, cobble etc). However, when included in
the models, the effects of substrate on abundance is minimal. Images are annotated for the the
scallop predator Cancer spp., but these predators have limited effects on scallop populations (Hart
2006; Shank et al. 2012). Additionally, there are currently no estimates of predator abundance
outside of the sampled transects. Therefore, we would be unable to extrapolate scallop abundance

throughout each area. It is possible previously established relationships could change somewhat
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with application of our model, and so we recommend that potential methods of extrapolation for

environmental conditions and predators be explored in future studies.

One of the primary advantage of the Bayes+OK method is that there is a formal structure by
which to include expert knowledge as prior information. Our next goal, to inform estimates of
abundance in subsequent years, can also be achieved by taking advantage of prior distributions.
We can apply an observed size distribution and average growth and fecundity rates to the following
years' estimates, or alternatively can including temporal structure into the flexible framework (e.g.
Bauer et al. 2016). Temporal applications can also be explored with INLA (Bakka et al. 2018).
Any restrictions introduced into the model serve as a form of prior belief, and so we cannot
necessarily say that we have confirmed that each of these processes — depth preference, spatial
trend, small-scale aggregation — described by the GAM and by the variogram act on the exact
scales predicted by either the Bayes+OK or the GAM+OK method. However, we applied these
restrictions because we do have good, prior information about scallop distribution, abundance,
and ecology, based in part on previous surveys. This is precisely the situation for which informative
priors were designed. Generally speaking, the Bayesian model did behave well when we included
restrictive priors on the variance-inverse penalty of the GAM and the local mean of the residuals,
which is some evidence that it was an appropriate structure. The general robustness of the results
to prior choices corroborates this (Supplement S2). The fact that it also offered similar estimates
with very different output for the parameters suggests that, in actuality, more of the process
is attributable to fine-scale spatial autocorrelation than originally suggested by the GAM+OK

method.

5 Conclusions

Overall, we believe the Bayes+OK method is a strong and viable model structure, particularly
when use of prior information is employed. It can be applied to any spatial fisheries data collected

at a relatively fine scale, with or without covariate drivers in addition to space itself. Given
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that the Bayes+OK model includes a scheme by which both the parameters of the GAM and of
the variogram are estimated simultaneously, our results sugges it is a more biologically accurate
representation of the processes driving patterns of abundance and density. This approach can not
only improve assessments of fisheries stocks, but also allow us to target management actions at

multiple spatial scales.
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Tables

Table 1: Results of a stratified mean (SM) design-based estimate (left), the frequentist GAM+OK
(middle), and the Bayesian model (right). Regions are Mid-Atlantic Bight (MAB) and Georges
Bank (GB). Abbreviations are given as in Figure 1. Abundance is given in millions. Range is
given in meters.

SM GAM+0K Bayes+O0OK

Area Region Abundance cv Abundance cv Range Sill Nugget Abundance cv Range Sill Nugget
DMV MAB 2445 0.12 7318 0.20 0.07 2795 0.28 2430 2251 0.81
ET 8577 0.09 4947 5.10 0.00 9312 0.02 1692 19212 0.81
HC 2808 0.15 6718 0.36 0.00 2145 0.09 1510 5458 0.80
HCsr 2767 0.08 12384 0.08 0.02 2279 0.12 1736 517 0.77
LI 1949 0.13 704 0.11 0.04 1756 0.03 2156 218 0.78
Total 26797 0.03 18547 18288

CA2.N GB 198 0.38 11989 0.11 0.09 215 0.18 50266 364 0.79
CA2.S 1855 0.08 42676 0.19 0.00 1409 0.05 2164 765 0.77
GSC.E 416 2.59 788 14.75 3.36 344 0.45 1015 1262 0.79
GSC.S 16118 0.47 46733 152.10 64.54 20542 0.09 2091 8347 0.81
GSC.W 1465 0.28 12684 0.38 0.10 985 0.06 1930 3466 0.80
NF 109 0.55 178410 0.12 0.03 114 0.92 1485 52 0.78
SF 523 0.18 3037 0.04 0.00 753 0.09 729 13 0.62
Total 23884 0.02 20475 24362

31



Figure Captions

Figure 1. Map of the study location, both regions, and all twelve areas. Regions are
Mid-Atlantic Bight (MAB) and Georges Bank (GB). Areas are: Delmarva (DMV), Elephant
Trunk (ET), Hudson Canyon (HC), Hudson Canyon southern rim (HCsr), Long Island (LI),
Closed Area 2 North (CA2_N), Closed Area 2 South (CA2_S), Great South Channel East
(GSC_E), Great South Channel South (GSC.S), Great South Channel West (GSC_W), Northern
Flank (NF), and Southern Flank (SF).

Figure 2. Probability of presence as a function of cardinal direction for each area of each
region. Abbreviations are given as in Figure 1. The cardinal direction is listed below the x-axis
of each individual plot. Shaded areas are 95% high posterior density intervals. The lower and
upper extremes of the x-axis represent the minimum and maximum value of the given cardinal

direction within that area.

Figure 3. The relationship of mean density (m~2) to depth. Abbreviations are given as in
Figure 1. Shaded areas are 95% high posterior density intervals. Points are all density
observations within a given area. The lower and upper extremes of the x-axis represent the

minimum and maximum value of depth within that area.

Figure 4. The relationship of mean density (m~2) to two-dimensional spatial coordinates.

Abbreviations are given as in Figure 1.

Figure 5. Estimated mean, kriged residuals, and total estimated density (mean + kriged
residuals; m~2) arising from the Bayes+OK model (left; this study) and the GAM+OK model
(right; Chang et al. (2017)) in the Mid-Atlantic Bight as a function of both depth and
two-dimensional spatial coordinates. The estimates on the left arise from the Bayesian model
presented here, while the estimates on the right arise from the frequentist model presented in

Chang et al. (2017). Both the mean and the totals are given as the natural log offset by one in
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order to emphasize fine-scale differences. The kriged residuals are given as the absolute value of
the natural log offset by one. Those values which are negative on the linear scale are marked in
red, while positive values on the linear scale are marked in blue, with increasing saturation

indicating greater negative or positive values, respectively.

Figure 6. Estimated mean, kriged residuals, and total estimated density (mean + kriged
residuals; m~2) arising from the Bayes+OK model (left; this study) and the GAM+OK model
(right; Chang et al. 2017) in Georges Bank as a function of both depth and two-dimensional
spatial coordinates. The estimates on the left arise from the Bayesian model presented here,
while the estimates on the right arise from the frequentist model presented in Chang et al.
2017. Both the mean and the totals are given as the natural log offset by one in order to
emphasize fine-scale differences. The kriged residuals are given as the absolute value of the
natural log offset by one. Those values which are negative on the linear scale are marked in red,
while positive values on the linear scale are marked in blue, with increasing saturation indicating

greater negative or positive values, respectively.

Figure 7. The root mean square error (RMSE) of the 10-fold cross-validation procedure for
each subarea. We present the adjusted natural log in order to place all values on roughly similar
scales. Stars mark the superior model (lower RMSE) among each pair. Abbreviations are given

as in Figure 1.
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Supplementary material

S1 Supplementary Figures
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Figure S1: Observed depth (m) in each region. Abbreviations are given as in Figure 1 of the
main text.
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main text.
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S2 Sensitivity Analysis

We performed a sensitivity analysis on the model results given prior choice by testing a small set
of values for the variance of the prior distribution for each of the following parameters: nugget,
sill, range, 03, and af (see equation 3 in the main text). This resulted in twenty additional
model runs, which we performed as above, ultimately giving 6,000 samples for each model. All
of these models converged (R < 1.1), exhibited good mixing for each parameter, and had
sufficient effective sampling sizes of more than 100 for the bulk and the tail, indicating adequate
sampling of the mean, median, and upper and lower quantiles. Normal distributions truncated
at zero were used for all of these parameters, with corresponding variances of 1 for all excepting
the sill, which had a variance of 1000. For the sensitivity analysis, we tested prior variance
values of 0.1, 1, 100, and 1000 for all five of these parameters, and monitored changes in the
parameter posteriors, as well as the resultant median density and kriged residuals.



We determined whether posteriors across prior variance values were statistically different by
assembling posterior probabilities of difference between posterior distribution pairs within a
given test. That is, we sampled each pair of a given parameter's posterior distributions resulting
from a given test — for example, all pairs of nugget posterior distributions across all four prior
variance values for the range (Figure S5) — 6000 times and calculated the difference between
each pair of values. If the confidence interval of the resulting distribution contained 0, we
considered the pair of distributions to be statistically indistinguishable. We used the data set for
Long Island (LI) for this sensitivity analysis, assuming similar results across all data sets.

The results of the sensitivity analysis suggest that the nugget is sensitive to its prior variance,
but that it has no detectable effect on other parameters or the density and kriged residuals (see
Figure S5). The range is very robust to changes in its prior variance, with high stability among
other parameters as well. The sill is sensitive to very low values of the prior variance, while it
appears to level out at higher values, suggesting that in practice low values would reflect a
belief in a low magnitude of spatial autocorrelation. While there are apparent trends in the
relative magnitude of the other parameters, none of the distributions are statistically
distinguishable. The variance-inverse penalty of the spline coefficients, o3 and o2, are both
sensitive to their prior variance, but this also results in statistically indistinguishable results for
the other parameters.

The median density and kriged residuals of scallops are robust to changes in the parameters
(Figure S5; bottom right). The only marked difference is in the highest posterior density interval
of the median density in response to an increase in the posterior variance-inverse penalty of the
depth cubic spline (¢2). That is, increasing the prior variance of this parameter decreases our
overall confidence in finding the median density within a given range of values. In practice,

raising the prior variance of o2 may reflect a relative decrease in our confidence in the data.
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Figure S5: The response of model results to the prior variance of the nugget, range, sill, spatial
thin plate spline variance-inverse penalty (¢2), and depth cubic spline variance-inverse penalty
(02). The header of the five parameter plots reflect the altered prior distribution. We normal-
ized the parameter results relative to the maximum of a given parameter. The values beneath
these plots give the median of each parameter, marked by the relevant symbol. The four values
accompanying a given symbol are marked with letters; those marked with the same letter are not
statistically distinguishable. The density results (bottom right) give the mean and highest pos-
terior density interval arising from the semi-parametric regression above and the kriged residuals
below the dotted line. Note the broken y-axis of this plot. All density posteriors and all kriged

residuals posteriors are statistically indistinguishable.



S3 Code and Data

Code to simulate data and run an analysis identical in character to the one presented in the
main text can be found at https://github.com /epduskey/rkscallop. The code to replicate the
analyses presented in this paper are available upon request from elizabeth.duskey@slu.se. The
data are available upon request from Dvora Hart at deborah.hart@noaa.gov or Jui-Han Chang
at jui-han.change®@noaa.gov.
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