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Abstract

Summer flounder (Paralichthys dentatus) are an economically and ecologically important fish
on the Northeast U.S. shelf. There is evidence that their spatial distribution has shifted over
time. However, there are conflicting reports on the importance of various potential drivers of
the shift. Here, we investigate whether the stock has shifted and the extent to which this can be
attributed to changes in abundance, size-structure, environmental variables, and fishing. We do
SO using a vector-autoregressive spatio-temporal model that incorporates data from two
seasonal bottom trawl surveys that together span the nearshore and offshore Northeast US
shelf over the past 41 years. We find that the summer flounder distribution has shifted north
and east in both the spring and fall. The shift is observed in both recruits and spawners, with
recruits shifting northward faster than spawners, suggesting that increased spawner abundance
may not be driving the shift in recruits. We find that only a small portion of the variability in
distribution can be attributed to changes in abundance, fishing, or environmental covariates.
Instead, the shift is most strongly attributed to unidentified factors.
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1. Introduction

Summer flounder (Paralichthys dentatus) support a valuable flatfish fishery on the
Northeast US shelf (NE Shelf) with combined recreational and commercial landings exceeding
4,000 metric tons in 2017 (NEFSC, In Review). The population spans from North Carolina to
Maine and undergoes annual migrations from the edge of the continental shelf in the winter to
nearshore habitat in the fall (Terceiro, 2001; Sackett et al., 2007). There is evidence that the
population and the fishery has shifted north in recent years (Nye et al., 2009; Pinsky and
Fogarty, 2012), although the driver of this shift is not agreed upon.

Summer flounder are one of many species on the NE Shelf that appear to be shifting
northward. There is increasing evidence for poleward shifts in marine fishes globally (Perry et
al., 2005; Pinsky et al., 2013), and on the NE shelf, these shifts have been linked to
environmental variables, fishing (Adams et al., 2018), and population structure (Bell et al.,
2015). Studies of summer flounder have yielded conflicting conclusions as to the relative
importance of these drivers. Of studies primarily focused on environmental drivers, some have
highlighted local drivers such as tow bottom temperature and salinity (Pinsky et al., 2013;
Kleisner et al., 2017), others have identified regional drivers such as summer duration on the
NE Shelf (Henderson et al., 2017), while others have highlighted basin-scale drivers such as
the Atlantic Multidecadal Oscillation (Nye et al., 2009). Studies including fishing as an
explanatory variable concluded that fishing-induced changes in population abundance and
size-structure are most important (Bell et al., 2014, 2015). While it is possible that all of these
factors are at play, the relative importance of each remains unresolved.

Importantly, most previous studies of distribution shifts in summer flounder have
estimated the importance of the spatial driver outside of a spatial model itself. Typically a
sample-based calculation is performed on spatial data that condenses each year of data into a
single estimate of center-of-gravity (e.g., using a design-based estimator; Woillez et al., 2007).
Center-of-gravity estimates are then regressed against a suite of potential drivers to determine
significance. As has been noted elsewhere (Thorson et al., 2017), this approach does not
quantify the amount of variation in the observations attributed to the driver, which is often of
interest to both ecologists and managers.

In contrast, we use a vector auto-regressive spatio-temporal model (VAST) that
incorporates potential explanatory variables directly into the spatial model, thus providing an
estimate of the variance in the spatial distribution attributed to potential driving variables. We
use data from two seasonal bottom trawl surveys, which together span the nearshore and
offshore habitat of summer flounder over the past 41 years. We quantify the extent to which
summer flounder have shifted poleward, and then examine whether the shift can be attributed
to changes in environmental variables, fishing, population abundance, size-structure or some
other unidentified source.

2. Methods
2.1 Biomass data

We include two bi-annual bottom trawl datasets that together span the nearshore and
offshore summer flounder habitat: (1) NMFS, and (2) NEAMAP (Fig.1). The surveys occur in
the spring and fall, with the NEAMAP survey starting in the fall of 2007. We fit the VAST
model to each season separately to provide two estimates of change in distribution. The NMFES
survey spans North Carolina to Maine and since 2009 primarily samples waters greater than 3
miles from shore. The NEAMAP survey samples nearshore waters from North Carolina to
Rhode Island.
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The NMES survey gear, sampling procedures and design details are described in Azarovitz
(1981) and Smith (2002). The full nearshore strata set began consistent sampling in 1976;
therefore we include data from 1976 to 2016 (41 years with two surveys per year). We used
vessel-standardized catchability and selectivity coefficients from previous paired-tow vessel
calibration studies (Miller, 2013; Miller et al., 2010) to account for vessel changes within the
NMES survey.

To explore spatial differences across size-classes we divide individuals into two size
categories roughly corresponding to recruits and spawners. We define recruits as individuals
less than or equal to 30cm, and spawners as those greater than 30cm, which roughly
corresponds to length at age-1. The length-weight relationship of summer flounder has been
relatively constant over time (NEFSC, In Review), therefore individual lengths were converted
to biomass using the length—weight relationship for summer flounder from Wigley et al.
(2003).

2.2 Model structure

We model the probability of observing a catch ¢ of summer flounder as the product of the
probability of encountering summer flounder and the probability of a particular biomass of
summer flounder given an encounter (i.e., a delta-model). This two-part model combines the
process governing occupancy and the process governing biomass conditional on occupancy.

Pr[c] = Pr[C > 0] x Pr[C = c|C > 0] (1)
where cis the catch of sample i, Pr[C > 0] is the probability of a positive catch (and inversely,
1 — Pr[C > 0] is the probability of a zero catch), and Pr[C = ¢|C > 0] is the probability of

catch ¢ given that the catch is positive. Pr[C > 0] is modeled as a Bernoulli random variable,
and Pr[C = ¢|C > 0] is modeled as a Gamma distributed random variable.

Pr[C > 0] = p; (2)
Pr[C = c|C > 0] = Gamma(c,072, 1;0%) (3)

where 0 72and 1,02 are the shape and scale terms of the Gamma distribution, respectively,

making A;the expected value of sample i. Both p; and A; are modeled as generalized linear
mixed models.

J
logit(pi) = p(tiJ Ci) + wp(SiJ Ci) + Ep(si’ Ci, ti) + Z ap(j' Ci)X(j, Si» ti) + pqi (4)
j=1
j
log(A) = 2(ti,c) + walsyc) + sy ty) + Z G e)xU,spt) + g0 )
j=1
where (¢, ¢;) is the intercept of the probability of occurrence for year ¢ and length-group ¢
and is modeled as a random walk, w,(s;, ¢;) is a time-invariant unexplained spatial effect for
knot s and length-group ¢, and €,(s;, c;, t;) is a time-varying unexplained spatial effect for
knot s and length-group c in year ¢ (i.e., an interaction of spatial variation and year). a,(j, ¢;)
is the effect of covariate j on length-group c, where n; is the number of covariates, and
x(Jj, s, t;) is the value of covariate j in knot s in year t. , is a calibration effect converting
NEAMAP units to NMFS units (i.e., a statistical vessel calibration), and q; is an indicator
variable for NEAMARP units. Both p; and 4; must be positive, and p; must be bounded within
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[0,1]. Therefore a logit-link is used for p; and a log-link is used for A;. Parameters are defined
identically for the expected biomass given occurrence model of log(4;).

The spatial processes wy, (s, ¢;) and w,(s;, ¢;) are modeled as Gaussian Markov random
fields with correlations over two spatial dimensions and among length bins.

vec(2;)~ GRF(0,R;®V ;) (6)

where 2, is a matrix composed of w;(s,c) at every knot s and length bin ¢, R, is the
correlation among knots, and V , is the correlation among length bins

_ T
le - La)ALw/’L (7)
where L, is a loadings matrix representing covariance among length bins.
Spatial covariance between knots s and s* is modeled as a Matern process

R;(s,s") = s —s"DYKy (i H|s — s7]) )

m('ﬁ” |
where v is a smoothness parameter that is fixed at 1.0, k; controls the distance over which
correlation declines to zero, K,, is a Bessel function, and H is a two-dimensional anisotropic
distance function. The spatio-temporal processes €,(s;, c;,t;) and €;(s;,c;,t;) are fit
independently to each year and are also modeled as Gaussian Markov random fields with
Matern covariance. For further details on the VAST model structure see Thorson and Barnett
(2017) and references therein. Parameter estimation was performed in Template Model Builder
(Kristensen et al., 2016) in the R statistical computing language. Model convergence was
checked by ensuring that the absolute value of the final gradient of the log-likelihood function
at the maximum likelihood estimate was less than 0.0001 for all parameters, and that the
Hessian of the likelihood function was positive definite.

2.3 Derived quantities
The expected biomass in a knot is the expected density in that knot multiplied by the area
associated with that knot.

Bgcr = a(s) x logit ™| ,(t, ) + wy(s,¢) + €,(s,c, 1)
nj
+ Z a,(j, ©)x(j,s,t) )
=1

Ng

xexp| A(t,c) +wy(s,c)+e€(s,ct)+ Z ay(k,c)x(k,s,t)
k=1

where a(s) is the area of knot s and l?s,c,t is the expected biomass in knot s for size-category ¢
in year ¢. The total biomass of size-category c in year ¢ is then

S
Bee= ) By (10)
s=1
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where n; 1s the number of knots. Similarly, the center-of-gravity is

- Zsil Bs,c,txs
xc,t =<=ns 5 (1 1)
ES:I BS,C,t
where x;is the northing or easting value for knot s.

We compare the model-based center-of-gravity to a design-based center-of-gravity where
EA?S,CI is replaced with the mean observed biomass associated with knot s and size-category c,
in year . Only the NMFS dataset was used for this comparison because the design-based
estimator is unable to account for vessel effects between the NEAMAP and NMFS survey.

2.4 Covariates

We include both local and regional covariates, where a local covariate varies across space
while a regional covariate is a univariate time series representing the covariate over the entire
stock area. Specifically, we include local and regional temperature, local depth, regional
biomass, and regional fishing pressure. For regional covariates we allow for spatially varying
effects by interacting the covariate with the northings of the knot. Local temperature is defined
as the average bottom temperature associated with each knot in each year and season, where
bottom temperature estimates were obtained following the method of Friedland et al. (In press).
Linear and quadratic terms were included to allow for a nonlinear response to local
temperature. Regional temperature is the annual average shelf-wide temperature for each
season using the same data as local temperature. Depth is the average bottom depth of all tows
associated with each knot. Regional biomass is the annual stratified mean biomass (kg) per
tow from the NEFSC survey in each season, where stratification follows the survey strata
scheme (i.e., the conventional design-based estimate of biomass). Regional fishing pressure is
defined as the annual recreational and commercial landings of summer flounder divided by
regional biomass (relative exploitation). Recreational landings records are not available from
1976 — 1980 therefore we estimated recreational landings as the commercial landings times the
ratio of commercial to recreational landings from 1981 — 1989 (a ratio of approximately 0.67).
Time series of regional covariates are shown in Fig. 2.

In summary, we include six covariates in each seasonal model:

x(s,t) = (Tu(s, 1), T2 (s, ), n()T(8), Di(s, ), n(8) B, (1), n($)F, (1))

where T;(s, t) is the local temperature associated with knot s in year 7 for a given season,
T7(s, t) is similarly defined for temperature-squared, n(s) is the northings of knot s, T,.(t) is
regional temperature, D;(s,t) is the local depth of knot s, B,.(t) is the regional biomass, and
E.(t) is the regional fishing exploitation rate.

In VAST, the spatial random fields (wy,(s,c), €,(s,c,t), wy(s,¢), €1(s,c,t)) and the
covariates can account for changes in distribution over time. The spatial random fields capture
residual spatial patterns that cannot be attributed to the fixed effects (e.g., the covariates).
Therefore, to examine the relative importance of the covariates versus the spatial random fields
we performed a counterfactual analysis in the spirit of Pearl (2009), in which we set the spatial
effects in the fitted VAST model to zero and then generate the center-of-gravity time series.
The center-of-gravity time series from the model without the random fields was then compared
to the time series from the full model to determine the amount of variation that can be
attributed to the covariates.
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2.5 Biomass trends within geographic subareas

To examine biomass trends in different regions of the NE Shelf, we divide the NE Shelf
into north, middle, and south areas that each roughly correspond to one third of the NE Shelf.
For each season, the full VAST model was used to predict density within each area using the
knots that are located in each area. Total biomass and proportion of biomass is then calculated
for each area and plotted. NMFS survey strata associated with each area are listed in Table S1,
and boundaries of each area are shown in Fig.3. For each season, the full VAST model is used
to predict density within each area using the knots that are located in each area.

3. Results

Model convergence statistics were met for both seasons, and residual plots did not suggest
any significant problems with model fit (Figs S1 — S6), although the model tended to under-
predict the largest observations. Biomass timeseries show generally low recruitment and
reduced spawner biomass in recent years (Fig. 4).

A northward shift in the center-of-gravity was observed, with both size-groups at or near
their historical maximum northing in recent years in both seasons (Figs 5 and 6). Results were
similar with or without NEAMAP data included in the model (Figs S11-S13). When averaged
over both seasons and models, recruits have shifted north approximately 56% faster than
spawners (1.4 km/yr for recruits versus 0.9 km/yr for spawners), resulting in recruits shifting
approximately 20km further northward than spawners over the entire time series. There has
also been an eastward shift in center-of-gravity in both size-groups and seasons, with recent
years at or near their historical maximum easterly (Figs 5 and 6). Center-of-gravity times
series from the VAST model were similar to that of the design-based estimate (Figs S10 and
S11), the main difference being reduced variability in the VAST model (a result also observed
elsewhere; Thorson et al., 2015).

In the counterfactual analysis relatively little of the variation in the center-of-gravity in
either season or size-class could be attributed to the covariates (Fig. 7). This was true whether
the model was fit with or without NEAMAP data (Figs S12 & S13). The observed pattern of a
northeastward shift in center-of-gravity was not well captured by the model without the
GMREFs, suggesting that the covariates alone are unable to capture this trend, and the majority
of the variability of center-of-gravity is driven by unidentified sources.

The proportion of biomass in each area and season is shown in Fig. 8. In both seasons the
majority of the recruit biomass is found in the southern area, and recruit biomass has trended
downward alongside shelf-wide recruit biomass. In recent years the proportion of recruits in
the south has declined while the proportion in the middle area has increased. Spawner biomass
is more evenly split between the middle and south regions, but similar to recruits, the
proportion of spawner biomass in the south has declined as the proportion of biomass in the
middle and north has increased.

4. Discussion

Our results support previous studies that suggest summer flounder are shifting northeast
over time. We find this shift in recruits and spawners, and in both seasons. This result holds
regardless of whether NEAMAP data are included in the model, and similarly whether a
design-based estimator is used instead of the VAST model. The distribution shift is
accompanied by a general decreasing trend in biomass in the south of both recruits and
spawners.

In contrast to previous studies (Bell et al., 2014, 2015), the distribution shift does not
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appear to be driven by an increase in the abundance of larger fish, which tend to inhabit more
northeastern waters. This is evidenced by the northward shift in small fish (<30cm total length,
i.e., recruits). In fact, recruits appear to be shifting northward faster than spawners, suggesting
they are not merely tracking spawners northward. The northward shift of recruits also suggests
that the driver is unlikely to be spatial patterns of fishing, as recruits are relatively lightly
exploited by the fishery. We also find that the distribution shift could not be attributed to either
total biomass or environmental covariates. Instead most of the distribution shift is attributed to
unidentified sources. The inability of distribution shifts to be attributed to environmental
covariates was also found for a west coast groundfish (Thorson et al., 2017), and future work
should build on previous studies (e.g., Hodges and Reich, 2010) to better understand when
distribution shifts can be attributed to covariates in spatial random effects models. We also
recommend further development of methods for incorporating regional covariates into spatial
models (e.g., Bacheler et al., 2012; Bartolino et al., 2011).

There are several possible explanations for the inability to identify the driving variable(s)
of summer flounder distribution. One is that the model was unable to capture the effect of the
driving covariate due to insufficient model flexibility. This could be tested by allowing for a
more flexible functional form of the covariate effect, perhaps through the use of splines,
although this was outside the scope of our study. However, we urge caution when considering
more flexible model structures as spurious relationships can be mistaken as meaningful
(Fourcade et al., 2018). An alternative explanation is that the true driving variables were not
included in our analysis. This could be tested by including additional covariates. However, the
choice of covariates should be selected carefully to reduce the risk of mistakenly identifying a
covariate as important simply due to chance (i.e., the multiple testing problem).

Given that the covariates in this analysis were unable to account for a significant
proportion of the variability in summer flounder distribution, we caution against using them to
generate projections of the future distribution of summer flounder. In general, we suggest that
before projecting a species distribution, one should first determine whether the hypothesized
driving variables account for a meaningful proportion of the past variability in distribution.

A further extension of the VAST model would be to estimate a seasonal effect within the
model, allowing for data from both seasons to be combined into a single model, potentially
reducing parameter uncertainty. This functionality is currently under development in VAST,
and future work could evaluate its accuracy through simulation tests, as well as its impact on
case studies. It could be especially useful for species on the NE Shelf where bi-annual surveys
have been carried out for decades.
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352  Figure 1. Tow locations for the NEAMAP (2007 — 2016) and NMFS (1976 — 2016) surveys in

353  each season.
354
355
356



0.61

0.4+

0.21

124

Value

4e+05

3e+05

2e+05 1

1e+05 1

Oe+00

357

Biomass (kg/tow)

1980

1990 2000

2010

Bottom temperature (°C)

101

N AN Y

1980 1990 2000 2010
Landings / Biomass
1 9'80 1 9'90 20'00 20'1 0
Year

358  Figure 2. Time series of regional covariates.
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Figure 3. Division of NMFS survey strata into subareas for analysis of biomass trends in each
area. The shelf is divided into north (red), middle (blue) and south (green). Knots associated
with each area are shown in the same color.
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367  Figure 4. Biomass time series generated by VAST for each season. Error bars are 95%

368  confidence intervals.
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371 Figure 5. Center-of-gravity for each season and size category. Error bars are the 95%

372  confidence intervals.
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378  Figure 7. Counterfactual plots showing the ability of covariates to account for variability in the

379  center-of-gravity in each season.
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394  Figure 8. Proportion of biomass in each subarea.
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