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Although fish populations typically experience spatially varying abundance and fishing
mortality, stock assessments that inform management decisions commonly model a population
that is assumed to be well-mixed with homogenous mortality rates. When assumptions about
population mixing are not met, these models can result in biased estimates. Spatial population
estimates are particularly beneficial to the Chesapeake Bay because this region faces unique
challenges as a result of climate change and fishing pressure. However, use of spatial population
models for fisheries management relies on models that can provide more accurate estimates of
biological parameters than non-spatial models. Objectives for this research were to 1) develop
and implement a multi-stock, spatially-explicit population model for Striped Bass (Morone
saxatilis) to estimate abundance and fishing mortality in the Chesapeake Bay and along the

Atlantic coast; 2) assess the performance of spatially-explicit models compared to spatially-

implicit models (i.e., fleets-as-areas) to estimate abundance, determine how improved data



quality (e.g., stock composition) affects model performance, and determine the effect of aging
error on model accuracy; and 3) determine how spatial model performance is affected by
potential changes in population dynamics resulting from climate change (e.g., time-varying
natural mortality). The population model was a two-stock model with two sub-annual time-steps
and two regions with stock and age-specific occupancy probabilities representing movement into
and out of the Chesapeake Bay. Fishing mortality was estimated to be higher in the Ocean than
the Chesapeake Bay, and abundance increased during 1982-2004 for both stocks before
declining slightly until 2017. Simulations were conducted to test the ability of models to estimate
abundance and fishing mortality under alternative scenarios of data availability and quality.
Spatially-explicit estimates were approximately unbiased when they closely matched the
assumptions of the data generating model. Models that ignored potential aging bias in datasets
resulted in highly biased estimates of abundance and fishing mortality. Although the performance
of all models degraded under most climate change scenarios, spatially-explicit models produced
the most accurate model estimates compared to fleets-as-areas models. This research highlights
the potential benefits of implementing spatially-explicit population models for Striped Bass and

ecologically valuable fish species in the Chesapeake Bay.
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positive (blue) and negative (red) one-step ahead residuals for each age-class and
year, and the size of the circle represents the relative size of the residual. The top right
plot shows the autocorrelation function for each age (green), year (purple) and cohort
(orange). The bottom left plot shows the quantile plots of residuals for each age
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bottom right plot represents the dispersion of residuals through time.

Supplemental Figure S2.5. One-step ahead residual plots for the estimated age
composition for the Chesapeake Bay fleet in July-December. The top left plot shows
positive (blue) and negative (red) one-step ahead residuals for each age-class and
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(colored circles), where the black line represents normally distributed errors. The
bottom right plot represents the dispersion of residuals through time.
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composition for the Ocean fleet in January-June. The top left plot shows positive
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indicates when the residual would be zero. The months correspond to time-step the
survey was conducted in. Residuals are presented for the Chesapeake Bay
Multispecies Monitoring and Assessment Program (ChesMMAP), the Connecticut
Long Island Sound Survey (CTLIST), Delaware 30 Foot Trawl Survey (DE30),
Delaware Spawning Stock Electrofishing Survey (DESSN), Maryland Spawning
Stock Survey (MDSSN), New Jersey Bottom Trawl Survey (NJBT), and New York
Ocean Haul Seine Survey (NYOHS).

Supplemental Figure S2.9. One-step ahead residual plots for the Chesapeake Bay
Multispecies Monitoring and Assessment Program (ChesMMAP) survey’s estimated
age-composition in January-June. The top left plot shows positive (blue) and negative
(red) one-step ahead residuals for each age-class and year, and the size of the circle
represents the relative size of the residual. The top right plot shows the
autocorrelation function for each age (green), year (purple) and cohort (orange). The
bottom left plot shows the quantile plots of residuals for each age (colored circles),
where the black line represents normally distributed errors. The bottom right plot
represents the dispersion of residuals through time.

Supplemental Figure S2.10. One-step ahead residual plots for the Chesapeake Bay
Multispecies Monitoring and Assessment Program (ChesMMAP) survey’s estimated
age-composition in July-December. The top left plot shows positive (blue) and
negative (red) one-step ahead residuals for each age-class and year, and the size of the
circle represents the relative size of the residual. The top right plot shows the
autocorrelation function for each age (green), year (purple) and cohort (orange). The
bottom left plot shows the quantile plots of residuals for each age (colored circles),
where the black line represents normally distributed errors. The bottom right plot
represents the dispersion of residuals through time.

Supplemental Figure S2.11. One-step ahead residual plots for the Connecticut Long
Island Sound Survey’s (CTLIST) estimated age-composition in January-June. The top
left plot shows positive (blue) and negative (red) one-step ahead residuals for each
age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of
residuals for each age (colored circles), where the black line represents normally
distributed errors. The bottom right plot represents the dispersion of residuals through
time.

Supplemental Figure S2.12. One-step ahead residual plots for the Connecticut Long
Island Sound Survey’s (CTLIST) estimated age-composition in July-December. The
top left plot shows positive (blue) and negative (red) one-step ahead residuals for
each age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of
residuals for each age (colored circles), where the black line represents normally
distributed errors. The bottom right plot represents the dispersion of residuals through
time.
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Supplemental Figure S2.13. One-step ahead residual plots for the Delaware 30 Foot
Trawl Survey’s (DE30) estimated age-composition in July-December. The top left
plot shows positive (blue) and negative (red) one-step ahead residuals for each age-
class and year, and the size of the circle represents the relative size of the residual.
The top right plot shows the autocorrelation function for each age (green), year
(purple) and cohort (orange). The bottom left plot shows the quantile plots of
residuals for each age (colored circles), where the black line represents normally
distributed errors. The bottom right plot represents the dispersion of residuals through
time.

Supplemental Figure S2.14. One-step ahead residual plots for the Delaware
Spawning Stock Survey’s (DESSN) estimated age-composition in January-June. The
top left plot shows positive (blue) and negative (red) one-step ahead residuals for
each age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of
residuals for each age (colored circles), where the black line represents normally
distributed errors. The bottom right plot represents the dispersion of residuals through
time.

Supplemental Figure S2.15. One-step ahead residual plots for the Maryland
Spawning Stock Survey’s (MDSSN) estimated age-composition in January-June. The
top left plot shows positive (blue) and negative (red) one-step ahead residuals for
each age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of
residuals for each age (colored circles), where the black line represents normally
distributed errors. The bottom right plot represents the dispersion of residuals through
time.

Supplemental Figure S2.16. One-step ahead residual plots for the New Jersey
Bottom Trawl (NJBT) survey’s estimated age-composition in January-June. The top
left plot shows positive (blue) and negative (red) one-step ahead residuals for each
age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of
residuals for each age (colored circles), where the black line represents normally
distributed errors. The bottom right plot represents the dispersion of residuals through
time.

Supplemental Figure S2.17. One-step ahead residual plots for the New York Ocean
Haul Seine (NYOHS) survey’s estimated age-composition in January-June. The top
left plot shows positive (blue) and negative (red) one-step ahead residuals for each
age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of
residuals for each age (colored circles), where the black line represents normally
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distributed errors. The bottom right plot represents the dispersion of residuals through
time.

Supplemental Figure S2.18. Estimated log standardized residuals of the index of
abundance for the fishery-independent Age-1 surveys for striped bass. The black solid
line are the logged residuals that subtract the predicted trend from the observed trend

s L
2 SsdeSt). The red dotted line indicates when the

residual would be equal to zero. Estimates are provided for the Maryland Yearling
Survey (MD1) and the New York Yearling Survey (NY1).

divided by the standard deviation

Supplemental Figure S2.19. Estimated log standardized residuals of the index of
abundance for the fishery independent young-of-the-year surveys for striped bass.
The black solid line are the logged residuals that subtract the predicted trend from the

obs—est

observed trend divided by the standard deviation (T)' The red dotted line

indicates when the residual would be equal to zero. Estimates are provided for the
Chesapeake Bay YOY Index (CBYOY), the New Jersey YOY Survey (NJYOY), and
the New York YOY Survey (NYYOY). The CBYOY is an aggregate index of YOY
abundance for the Chesapeake Bay, with data from the Virginia YOY survey
conducted by the Virginia Institute of Marine Science and the Maryland YOY survey
conducted by the Maryland Department of Natural Resources.

Supplemental Figure S2.20. Estimated striped bass spawning stock biomass (SSB)
for the base model and five sensitivity runs of the spatially-explicit multi-stock model
(see Table S2.4 for definitions of runs).

Supplemental Figure S2.21. Mean estimates of abundance for striped bass (7-15+)
for each stock, region, and 6-month time-step estimated from sensitivity runs. The top
two rows correspond to estimates in the Chesapeake Bay region for both stock in both
time-steps, and the bottom two rows correspond to estimates in the Ocean region for
both stock in both time-steps (see Table S2.4 for definition of runs).

Supplemental Figure S2.22. Estimated weighted average of instantaneous fishing
mortality (F) for each 6-month time-step (6mo~1) for striped bass (7-15+) from
sensitivity runs. The top row is estimates in the Chesapeake Bay region and the
bottom row is estimates from the Ocean region (see Table S2.4 for definition of runs).

Chapter 3

Figure 3.1. A) Boxplots of the distribution of relative errors of total abundance over
stocks and regions (N), annual fishing mortality at age-8 (F-8), and fishing mortality
that achieves a 40% spawning potential ratio (SPR) for the entire population (F40). B)
Boxplots of the distribution of relative errors of stock-specific abundance for the
Chesapeake Bay stock (N CB) and Atlantic coast stock (N AC), fishing mortality that
produces 40% SPR for the Chesapeake Bay stock (F40 CB), and fishing mortality
that produces 40% SPR for the Atlantic coast stock (F40 AC). Estimation models are
described in Table 3.4. For both figures, the dashed red line represents when relative
error is equal to 0. The lower and upper hinge of the box represents the 25th and 75th
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percentiles. The middle line represents the median. The whiskers extend to the
minimum and maximum values of relative error.

Figure 3.2. Relative error of total abundance (over stocks and regions) for each year
and estimation model. Models are described in Table 3.4. The dashed red line
represents when relative error is equal to 0. Boxplot definitions are found in Figure
3.1.

Figure 3.3. Relative error of total spawning stock biomass (SSB) (over stocks and
regions) for each year and estimation model. Models are described in Table 3.4. The
dashed red line represents when relative error is equal to 0. Boxplot definitions are
found in Figure 3.1.

Figure 3.4. Relative error of total fishing mortality for age 8 (F-8) (over stocks and
regions) for each year and estimation model. Models are described in Table 3.4. The
dashed red line represents when relative error is equal to 0. Boxplot definitions are
found in Figure 3.1.

Figure 3.5. Relative error of fishing mortality for each age (over stocks and regions),
shown for each year and estimation model. Models are described in Table 3.4. The
dashed red line represents when relative error is equal to 0. Boxplot definitions are
found in Figure 3.1.

Chapter 4

Figure 4.1. Natural mortality for each region of each 2-month time-step and year
used in the OM-M scenario. Each panel represents a different decade of the operating
model.

Figure 4.2. Occupancy probabilities of the Chesapeake Bay stock in the Ocean region
over-time, including average occupancy and the percent remaining for each time-step,
for each 2-month time-step used in the OM-P scenario.

Figure 4.3. Boxplots of the distribution of relative errors of annual abundance over
stocks and regions (N), spawning stock biomass in January 1 (SSB), and fishing
mortality at age 8 in the terminal year of all operating model simulations for three
estimation models. The estimation models are a fleets-as-arecas model (FAA), the
multi-stock spatially-explicit model (SE), and the multi-stock spatially-explicit model
with additional stock composition data (SE-S). The dashed red line represents when
relative error is equal to 0. The box represents the 25th and 75th percentiles. The
middle line represents the median. The whiskers extend to the minimum and
maximum relative error for each metric.

Figure 4.4. Relative error of Striped Bass abundance (1-15+) for all model years for
each operating model and estimation model scenario. Estimates for RE of abundance
are provided for the base model (OM-B, top row), natural mortality (OM-M, second
row), time-varying movement (OM-P, 3rd row), time-varying average recruitment
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(OM-R, 4th row), and the mortality, movement and recruitment model (OM-MPR,
last row) for the fleets-as-areas model (FAA), spatially-explicit model without stock
data (SE), and the spatially-explicit model with additional stock data in the last 10
years (SE-S). Boxplot definitions are the same as Figure 4.3.

Figure 4.5. Relative error for each year of Striped Bass spawning stock biomass
(SSB) for each operating model and estimation model scenario. Estimates for RE of
abundance are provided for the base model (OM-B, top row), natural mortality (OM-
M, second row), time-varying movement (OM-P, 3rd row), time-varying average
recruitment (OM-R, 4th row), and the mortality, movement and recruitment model
(OM-MPR, last row) for the fleets-as-areas model (FAA), spatially-explicit model
without stock data (SE), and the spatially-explicit model with additional stock data in
the last 10 years (SE-S). Boxplot definitions are the same as Figure 4.3.

Figure 4.6. Relative error of fishing mortality for age-8 for each year, operating
model, and estimation model. Estimates for RE of abundance are provided for the
base model (OM-B, top row), natural mortality (OM-M, second row), time-varying
movement (OM-P, 3rd row), time-varying average recruitment (OM-R, 4th row), and
the mortality, movement and recruitment model (OM-MPR, last row) for the fleets-
as-areas model (FAA), spatially-explicit model without stock data (SE), and the
spatially-explicit model with additional stock data in the last 10 years (SE-S). Boxplot
definitions are the same as Figure 4.3.

Figure S4.1. Stock specific estimates of relative error in the terminal year of all
operating model simulations and the spatially-explicit estimation model without
additional stock composition data (SE) and the spatially-explicit model with
additional stock composition data (SE-S). Error is provided for the terminal RE for
stock specific abundance when applicable for the Chesapeake Bay (N CB) and
Atlantic Coast (N AC). Boxplot definitions are the same as Figure 4.3.

Figure S4.2. Occupancy probabilities-at-age for the Chesapeake Bay stock in the
Ocean region over-time, including average occupancy and the percent remaining for
each time-step, for each 2-month time-step used in the OM-P 50% scenario.

Figure S4.3. Relative error in the terminal year for the estimation models under the
OM-P model that assumes changes of 50% migration each decade. Relative error is
provided for total annual abundance (N), spawning stock biomass (SSB), and fishing
mortality at age 8 (F). Boxplot definitions are the same as Figure 4.3.
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Chapter 1: Introduction

Stock assessment models make assumptions to simplify biological and fishery
complexity. For example, stock assessments usually represent a population that is
assumed to be well-mixed and closed (i.e., no net immigration or emigration) with
homogenous fishing mortality across the stock’s range (Cadrin 2020; Goethel et al.
2023). However, most fish populations experience spatially varying fishing mortality
or other biological processes, which can violate the assumptions made by many stock
assessment models. When the spatial scale of assessment models does not match the
spatial scale of biological characteristics, estimation of biomass and fishing mortality
have the potential to under- or overestimate parameters or increase bias of estimates
of spawning stock biomass and fishing mortality (Guan et al. 2013; Bosley et al.
2022). When spatial complexity exists in life history and fishery characteristics,
spatially-explicit population models can reduce bias of abundance estimates, while
spatially-implicit (e.g., fleets-as-areas) approaches may result in bias in estimates of
mortality over time (Punt et al. 2015; Bosley et al. 2022). Additionally, not
accounting for or mis-specifying spatial complexity of both fishing pressure and
population dynamics has the potential to increase bias in estimates of fishing
mortality and biomass (Guan et al. 2013).

Although studies have demonstrated the benefits of incorporating spatial
structure into stock assessments, the use of spatial assessments has been limited.
Simulation studies have demonstrated that stock assessment models that match the

spatial dynamics of a population can improve model estimates for management



purposes (Goethel and Berger 2016; Punt 2019a; Goethel et al. 2023). Use of spatial
models has been restricted due to computational capabilities and a lack of available
data (e.g., tagging data) at the appropriate spatial scales (Goethel et al. 2011). For
highly mobile stocks, spatially-explicit stock assessments require information on fish
movements, which can sometimes be lacking (Cadrin and Secor 2009; Guan et al.
2013; Goethel et al. 2015a; Vincent et al. 2016; Punt 2019a). Incorporation of spatial
structure into stock assessments has increased in recent years (Cadrin and Secor 2009;
Guan et al. 2013; Goethel et al. 2015a; Punt 2019b), and various models have been
developed for use in management (Carruthers et al. 2011; Taylor et al. 2011;
Robinson et al. 2013; Punt et al. 2014). While increased spatial complexity in
population models can likely improve information to support management decisions,
there remain few examples of spatially-explicit models used for management
purposes (Goethel et al. 2023).

The Chesapeake Bay is the largest estuary in the United States, and it supports
important recreational and commercial fisheries. Many species in the Chesapeake
Bay have life history strategies that include migration into and out of the Chesapeake
Bay at different life stages. Disregarding spatial structure in stock assessments of
Chesapeake Bay fishes could hinder effective management and may increase the
potential for overexploitation (Cope and Punt 2011; Ying et al. 2011; Guan et al.
2013). The Chesapeake Bay has experienced increased hypoxia (Hagy et al. 2004; Du
et al. 2018), varying nutrient loads due to land use practices (Goetz et al. 2004),
declines in ecological engineers such as Eastern Oyster (Crassostrea virginica)

(Wilberg et al. 2011), and the spread of invasive species like Blue Catfish (Ictalurus



furcatus) (Schloesser et al. 2011), in the last several decades. Habitat quality in the
Chesapeake Bay is expected to worsen over time with climate change (Du et al.
2018). Chesapeake Bay species have also exhibited distribution shifts. For example,
Black Sea Bass (Centropristis striata) and Summer Flounder (Paralichthys dentatus)
have undergone northward range shifts as a result of climate change and warming
waters (Pinsky and Fogarty 2012; Kleisner et al. 2017; Slesinger et al. 2019), while
numerous other species are expected to see range shifts in the future. If population
models cannot account for shifts in distribution or productivity, abundance estimates
may be biased. Management decisions like catch limits that are based on these
estimates may lead to over or underutilized resources (Wayte 2013).

Striped Bass (Morone saxatilis) supports an important recreational and
commercial fishery on the Atlantic coast and in the Chesapeake Bay (Hartman and
Margraf 2003). The Chesapeake Bay serves as important habitat for Striped Bass, as
about 50-90% of the Atlantic coastal population is sourced from the Chesapeake Bay
spawning stock annually (Hartman and Margraf 2003; Kneebone et al. 2014;
Hasegawa et al. 2022). Striped Bass that inhabit the Atlantic coast between New York
to North Carolina embark on seasonal migrations that vary by sex, size, and age
(Secor et al. 2020). However, a proportion of fish in the Chesapeake Bay remain
resident annually and do not enter the migratory, coastal population (Secor et al.
2020). The Striped Bass population has fluctuated in abundance over time due to
overexploitation, recruitment patterns, and disease (Hartman and Margraf 2003;
Northeast Fisheries Science Center 2019). Stock assessments of Striped Bass assume

a homogenous population that is assessed as one coast-wide unit stock from Maine to



North Carolina. However, fishery regulations are implemented at the state level and
fishing effort varies among each state along the Atlantic coast. This could potentially
provide incorrect recommendations for Striped Bass management because the stock
assessment informs management with a model that has different spatial resolution and
assumptions than that which management decisions are implemented.

The overall goal of this dissertation was to develop and evaluate new methods
for spatially-explicit population models that can be applied to ecologically and
economically significant Chesapeake Bay fishes. Striped Bass are one of many
species for which the population estimates used for management purposes do not
match the spatial resolution and temporal scales of management (Northeast Fisheries
Science Center 2019) and were used as a test species to develop and apply spatial
stock assessment methods. Although incorporating spatial structure into population
models has many potential benefits for management (Goethel and Berger 2016), the
reliability of spatial assessment models must first be validated before use in
management (Goethel et al. 2015b). Simulation models are a valuable way for testing
new approaches of spatial stock assessment because they allow for estimated
parameters to be compared to known values (Cadrin and Dickey-Collas 2015).
Simulation studies are frequently used to evaluate assessment models including
spatiotemporal models (Cao et al. 2019), models that incorporate spatial structure
(Goethel et al. 2015b), and models with mis-specified natural mortality (Deroba and
Schueller 2013). Striped Bass served as an excellent pilot species for this analysis
because there is abundant data at various spatial resolutions. Data available for

Striped Bass include tagging data in the Chesapeake Bay and surrounding regions



under the US Fish and Wildlife Service’s tagging program (Schonfeld 2023). The
goals for Chapter 2 were to develop and implement a new multi-stock, spatially-
explicit population model for Striped Bass to estimate abundance and fishing
mortality rates in the Chesapeake Bay and coastal Atlantic Ocean. The goal for
Chapter 3 was to evaluate new statistical methods for population estimation by
conducting a simulation analysis for Striped Bass as a model species to assess the
data requirements needed for reliably estimating population abundance, fishing
mortality, and fishing mortality reference points. Finally, the goal for Chapter 4 was
to understand the ability of the models to estimate abundance, mortality, or reference
points under various scenarios that assumed climate induced population changes for

Striped Bass.
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Chapter 2: A multi-stock spatial population model to estimate
abundance of striped bass in the Chesapeake Bay and Atlantic
coast

2.1 Abstract

Many fisheries stock assessments assume a single, well-mixed population and
spatially homogeneous fishing mortality. Violations of these assumptions can result
in biased estimates of abundance and fishing mortality. Currently, striped bass
(Morone saxatilis) is assessed as a single stock from Maine to North Carolina,
although the population is known to be composed of several biologically distinct
stocks and management measures vary spatially. Our objective was to develop a
multi-stock, spatially-explicit statistical catch-at-age model to estimate abundance
and mortality rates of striped bass in the Chesapeake Bay and along the Atlantic
coast. The population model was a two-stock model with two sub-annual time-steps
and two spatial regions. Striped bass from each stock had age-specific occupancy
probabilities to represent movement into and out of the Bay that were different for
each time-step. Estimated abundance increased until 2004 and then declined slightly
through 2017. Estimated spawning stock biomass for the Chesapeake Bay stock
increased substantially during 1987-2005, but has remained fairly constant through
2017. Fishing mortality was estimated to be higher in the Ocean than the Chesapeake

Bay.

2.2 Introduction

Estimates from stock assessment models are often used to inform fishery

management decisions that are implemented at different spatial units from the
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assessment (Cadrin 2020; Goethel et al. 2023). However, most fish populations likely
experience spatially varying fishing mortality as a result of spatially varying
management implementations (Berger et al. 2016a; Cadrin 2020), as well as other
spatially varying biological processes, which can violate the assumptions made by
many stock assessment models (Cadrin and Secor 2009). Stock assessments usually
assume a single, well-mixed, and closed population with homogeneous fishing
mortality across the stock’s range (Cadrin 2020; Goethel et al. 2023). Ideally,
population models with spatial structure for ecologically and economically important
fish species should estimate biological parameters at the same spatial scale as
management decisions are made. Incorporating spatial structure into stock
assessments adds realism into models for species that do not exhibit homogenous
distribution across space and can increase accuracy of estimates (Cadrin and Secor
2009; Berger et al. 2012; Punt 2019a).

When the spatial scale of assessment models does not match the spatial scale
of biological characteristics, estimates of biomass and fishing mortality can be
substantially biased (Guan et al. 2013; Bosley et al. 2022; Goethel et al. 2023). For
example, models that assumed a homogenous unit stock for populations with spatial
heterogeneity in fishing effort have the potential to overestimate fishing mortality
(Guan et al. 2013). Furthermore, simulation studies have demonstrated that stock
assessment models that match the spatial dynamics of a population can improve
model estimates for management purposes (Goethel and Berger 2016; Punt 2019a;
Goethel et al. 2023). Ignoring spatial and stock structure is thought to be a

contributing factor in the collapse of Atlantic cod (Gadus morhua) (Hutchinson
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2008). Therefore, modeling species at a spatial resolution that matches their stock
structure, movement patterns, and mortality rates has the potential to improve
accuracy of stock assessment estimates (Cope and Punt 2011; Cao et al. 2019; Punt
2019a).

The use of spatial stock assessment models has been limited (Berger et al.
2016a), but incorporation of spatial structure into stock assessments has increased in
recent years (Cadrin and Secor 2009; Guan et al. 2013; Goethel et al. 2015a), and
various models have been developed for use in management (Carruthers et al. 2011;
Taylor et al. 2011; Robinson et al. 2013). Use of spatial stock assessment models has
been restricted due to a long tradition of single area stock assessment models,
increased computational requirements for spatial models, and a lack of available data
at the appropriate spatial scales (Goethel et al. 2011). Many stocks with spatially-
varying biological and fishery dynamics have been assessed as separate stocks with
no net immigration or emigration to incorporate a degree of stock structure and
spatial heterogeneity (Northeast Fisheries Science Center 2017a, 2017b; ICCAT
2022). Modeling a population in this manner, however, does not allow for mixing
among spatial units which can cause bias in assessment estimates for migratory
species (Morse et al. 2020). For highly mobile stocks, spatially-explicit stock
assessments that incorporate stock mixing rely on additional information to inform
fish movements (Cadrin and Secor 2009; Guan et al. 2013).

Striped bass (Morone saxatilis) supports an important recreational and
commercial fishery on the U.S. Atlantic coast and in the Chesapeake Bay (Hartman

and Margraf 2003). The multi-stock complex that inhabits the Atlantic coast between
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New York to North Carolina embarks on seasonal migrations that vary by sex, size,
and age (Secor et al. 2020). Striped bass are anadromous and exhibit natal homing by
returning to their natal rivers in the winter and early spring to spawn (Dorazio et al.
1994; Northeast Fisheries Science Center 2019; Rothermel et al. 2020). The spawning
season for all stocks occurs between March and June (Northeast Fisheries Science
Center 2019); however, striped bass may enter the Chesapeake Bay as early as
December (Secor et al. 2020). This migratory stock complex is composed of four
major spawning stocks, including the Hudson River stock, Delaware Bay stock,
Chesapeake Bay stock, and Roanoke River stock (Northeast Fisheries Science Center
2019). However, other smaller spawning areas along the Atlantic coast have been
identified (Grothues et al. 2009). The Roanoke River spawning stock and other stocks
farther south are not managed with the rest of the Atlantic coast stocks as little mixing
is thought to occur between these stocks and the more northerly coastal stocks based
on tagging data (Northeast Fisheries Science Center 2019). Striped bass abundance
has fluctuated over time due to changing fishing mortality rates, recruitment, and
disease (Hartman and Margraf 2003; Northeast Fisheries Science Center 2019). The
Chesapeake Bay serves as important habitat for striped bass. About 50-90% of the
Atlantic multi-stock complex is produced by the Chesapeake Bay spawning stock
annually, informed by genetic studies (Hartman and Margraf 2003; Kneebone et al.
2014; Hasegawa et al. 2022). However, a proportion of fish in the Chesapeake Bay do
not enter the migratory, coastal multi-stock complex (Secor et al. 2020).

Stock assessments of striped bass assume a single population that is assessed

as one coast-wide unit stock from Maine to North Carolina. However, fishery
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regulations are implemented at the state level, and fishing effort and regulations vary
among states along the Atlantic coast, which likely leads to spatial differences in
fishing mortality rates. Our objective was to develop and implement a new multi-
stock, spatially-explicit population model for striped bass to estimate abundance and
fishing mortality rates for both the Chesapeake Bay and coastal Atlantic Ocean. In
this dissertation, the word ‘stock’ will be used to refer to distinct spawning units of
striped bass. We developed a population model that considers population dynamics
across two regions and two subannual time-steps to allow for stock-specific

recruitment, movement, mortality and abundance.

2.3 Methods

A multi-stock, spatially-explicit statistical catch-at-age model (Fournier and
Archibald 1982; Quinn et al. 1990) was developed for striped bass. The model
tracked ages 1-15+, where age 15+ was an aggregate age group representing fish that
are age-15 and older. The model included two stocks to represent some of the
population complexity of the striped bass multi-stock complex: one for the
Chesapeake Bay and another for the rest of the Atlantic coast stocks (hereafter
referred to as the Atlantic coast stock). The Atlantic coast stock included the Hudson
River and Delaware Bay stocks as well as spawning stocks in other smaller systems.
The model had two regions that represented the Chesapeake Bay and the “Ocean”
(Figure 2.1). The border of the Chesapeake Bay region extended north from Cape
Charles and Cape Henry, Virginia to the head of the Bay in Maryland (Northeast
Fisheries Science Center 2019). The Ocean region was defined as the area outside of

the Chesapeake Bay from Maine to Virginia (including the estuaries), and coastal
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North Carolina (Northeast Fisheries Science Center 2019). The model included two
sub-annual time-steps, January-June and July-December, to allow it to represent
striped bass migratory behavior and seasonal fishery dynamics. Spatially
disaggregated data were available for the period 1982-2017. The assessment model

was developed in AD Model Builder (Fournier et al. 2012).

2.3.1 Data

We used available fishery-independent and fishery-dependent data from
Maine to North Carolina in the model. The federally-managed portion of the U.S.
Exclusive Economic Zone (greater than 4.3 km offshore) is closed to fishing for
striped bass (Northeast Fisheries Science Center 2019). Catch-at-age was assumed to
represent all the individuals killed by fishing, both retained and estimated mortality
from discards and releases, and was summarized by region for each time-step. Stock
composition data (i.e., fraction of the catch from each stock) were not routinely
collected for the catch. Catches for each region and time-step were composed of the
commercial harvest obtained from state agencies, recreational harvest from the U.S.
National Oceanic and Atmospheric Administration National Marine Fisheries
Service’s Marine Recreational Information Program (MRIP), and of the number of
fish from each fishery that were assumed to have died from post-release mortality.
The proportion of discards that was assumed to die was dependent on the gear as
described in the benchmark assessment (e.g., 9% for hook-and-line; Northeast
Fisheries Science Center 2019). Catches were aggregated across recreational and
commercial fleets to simplify data inputs as has been done in previous striped bass

stock assessments (Northeast Fisheries Science Center 2019) because disaggregated
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catch-at-age data were not available from all sources to be able to consider alternative
approaches. Catches from the Chesapeake Bay fleet included those from commercial
and recreational fisheries within the Chesapeake Bay from Maryland, Virginia, and
the Potomac River. The Ocean fleet included catches reported by Maine, New
Hampshire, New York, New Jersey, Delaware, coastal Maryland, coastal Virginia,
and coastal North Carolina. Catch proportions-at-age were calculated by applying
age-length keys to catch-at-length frequencies from each fishery and state and
summarizing them over states within a region for each time step (Northeast Fisheries
Science Center 2019). When samples of fish from a fishery and time-step were
insufficient to develop age-length keys, biologists from that state used data from other
gears, fisheries, or state samples to inform their age-length keys (Northeast Fisheries
Science Center 2019). With the exception of Virginia, who aged fish using otoliths,
all states used scale ages to estimate the age-composition of their fishery catch
(Northeast Fisheries Science Center 2019).

Multiple fishery-independent surveys regularly catch striped bass and were
used to develop indices of abundance (Table 2.1), and details for the survey methods
and index standardization can be found in Northeast Fisheries Science Center (2019).
Seven surveys were used that sampled striped bass age-1 and older. Bottom trawl
surveys included the Connecticut Long Island Sound Trawl Survey (CTLIST), New
York Ocean Haul Seine Survey (NYOHS), New Jersey Bottom Trawl Survey
(NJBT), Delaware 30 Foot Trawl Survey (DE30), and the Chesapeake Bay
Multispecies Monitoring and Assessment Program (ChesMMAP). The Delaware

Spawning Stock Electrofishing Survey (DESSN) used electrofishing to sample fish,
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and the Maryland Spawning Stock Survey (MDSSN) used drift gillnets. For a
majority of the surveys, an index of abundance was estimated by the agency that
conducted each survey, and most indices were calculated as geometric means
(Northeast Fisheries Science Center 2019). However, methods for standardizations
varied among agencies. For the ChesMMAP survey, an index of abundance was
calculated as the geometric mean catch-per-unit-effort separately for each model
time-step. The CTLIST survey included two indices of abundance, one for each time-
step, that were calculated by the Connecticut Department of Energy and
Environmental Protection. A revised MDSSN index of abundance from the one used
in Northeast Fisheries Science Center (2019) was calculated as the annual geometric
mean during 1995-2017. A 1995 starting year was selected due to changes in the
survey design prior to 1995. Each index of abundance was assumed to represent the
abundance trend for that region and sub-annual time-step in which the survey was
conducted. For the two spawning stock surveys, the indices of abundance were
assumed to represent trends in the respective Chesapeake Bay or Atlantic coast
spawning stocks, respectively.

Beach seine surveys provided fishery-independent data for age-0 and age-1
striped bass. Two age-1 surveys were used, the New York Yearling Survey (NY1)
and Maryland Yearling Survey (MD1). Finally, three young-of-year (YOY) surveys
were used as data inputs including the New York YOY Survey (NYYOY), New
Jersey YOY Survey (NJYOY), and the Chesapeake Bay YOY Index (CBYOY). The
CBYOY is an aggregate index of YOY abundance for the Chesapeake Bay, which

includes data from the Virginia YOY survey conducted by the Virginia Institute of
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Marine Science and the Maryland YOY survey conducted by the Maryland
Department of Natural Resources. The Virginia YOY and Maryland YOY surveys
were combined to generate an aggregate index of abundance using the Conn method
(Conn 2010; Northeast Fisheries Science Center 2019). Although the NY1 survey
occurs during May-August, the index was assumed to represent age-1 striped bass at
the beginning of the second time-step.

Proportions-at-age for each index were also developed for each survey and
time-step for surveys with multiple age classes. Age ranges for the multi-age surveys
were 1-15+, 2-15+, or 2-13+ (Table 2.1). For most surveys, the agency provided
proportions-at-age for the survey indices. For the ChesMMAP survey, proportions-at-
age were calculated using cruise-specific age-length keys informed by otolith-aged
fish. For the CTLIST survey, proportions-at-age for the survey during time-step two
were calculated using age-length keys from New York from 1997 to 2017.
Proportions-at-age calculated for the DE30 survey were also informed by otolith ages.
Proportions-at-age calculated for NYOHS, CTLIST, NJBT, DESSN, and MDSSN
were informed by scale ages.

Age-specific natural mortality, sex proportions-at-age, and female maturity-at-
age were assumed constant over time and regions, and were the same as the current
benchmark stock assessment model (Northeast Fisheries Science Center 2019). Age-
specific natural mortality rates were derived from tagging data (Northeast Fisheries
Science Center 2019). The proportion female at age was calculated using fish with
known sex and age determined by otolith aging (Jiang et al. 2007; Northeast Fisheries

Science Center 2019). Female maturity-at-age was estimated from a binomial
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generalized linear model using striped bass sampled in the Chesapeake Bay and
Atlantic coast during March-December between 2014 and 2016 (Northeast Fisheries
Science Center 2019).

Many studies have documented the bias and uncertainty of aging striped bass
using scales. Aging error can cause bias in estimates of abundance and fishing
mortality in age-structured stock assessment models (Bertignac et al. 2007; Liao et al.
2013; Tyszko and Pritt 2017). For striped bass, using scales to inform age is
imprecise relative to otolith ages and has strong negative bias for age classes above 9
(Secor et al. 1995; Liao et al. 2013). To correct for the extensive use of scales to age
striped bass (Figure S2.1), aging error matrices were developed to describe the bias
and precision of scale ages relative to otolith ages. The aging error matrix was
developed from fish from Massachusetts, Rhode Island, and New Jersey that were
aged with both scales and otoliths. The aging error matrix was calculated as the
proportions of scale ages for fish with a given otolith age, assuming that the otolith
age was the true age. Three aging error matrixes were calculated to correspond to the
age composition of each survey (e.g., 1-15+, 2-15+, and 2-13+; Table S2.1). The
aging error matrix was applied to the fishery proportions-at-age and survey
proportions of age (for surveys that aged fish using scales) to convert between true
ages in the model and the expected age distribution under scale age reading.
Explicitly incorporating aging errors helps to adjust correct for potential bias in model
estimates for striped bass when age composition is based on scale aged fish (Liao et

al. 2013).
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2.3.2 Model Description

Abundance in the first year and first time-step was estimated to be in

equilibrium

Nts,y:l,ts:l,a = Nts,y:l,ts:l,a—l X e~Ma-1+Fedsa—1 (2.1)

where Nt was the abundance of stock s summed over the two spatial regions, M was
the instantaneous natural mortality, Feq was the estimated equilibrium instantaneous
fishing mortality in the first year, y was the year index, a was the age index, and ts
was the time-step index. Feq was calculated as

Feqs, = afsel, X afeqs, (2.2)
where afsel was the fishery selectivity-at-age for both stocks in equilibrium and
afeq was the fully selected fishing intensity in equilibrium. Recruitment (R), or
abundance at age-1 was estimated as normal on the log-scale for each year for each
stock,

Ntgy-1ts=1,a=1 = e(Rsy), (2.3)
The model assumed that movement occurs before mortality, and total abundance for
each stock was apportioned to each region based on the occupancy probabilities.
Abundance-at-age for each stock was calculated as the sum over regions of the
product of total stock abundance and estimated survival in each region in the previous
time-step,

Ntsytsa = 2 Noryts—1,a X €7 7rts720, (2.4)

Where r was the region index, Z was the instantaneous total mortality rate and N was

the abundance of stock s in a region. Regional abundance-at-age for each stock at the
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beginning of the time step, N, was calculated as the product of the total stock
abundance and the proportion of the stock at age in each region during a given time-

step,

Nsryts,a = Ntsytsa X 0CCsrtsas (2.5)
where occ was the proportion of the stock within a region. For the plus group,
abundance for each stock was calculated as the stock-specific sum of the individuals
that survived from the previous age, time-step, and region, added to the stock specific
abundances that survived from the plus group in the previous time-step for a given

region,

_ b1 A
Ntgyts,a = Xr Noryes—1,a-1 X € T804 1 + 3 No oy ts—1,4 X
e_Zr,ts—l,A,

(2.6)
where A was age 15+. Spawning stock biomass (SSB) for each stock was estimated as
the product of abundance-at-age, the weight-at-age during the spawning season

(Wy q), the proportion female-at-age (sex), and the proportion of mature females-at-

age (mat),

SSBs, = z Nsryts=1,a X Wy q X S€Xq X Matg. 2.7)

a,r
The instantaneous total mortality rate for a given time-step, age, and region
was calculated as the sum of the instantaneous natural mortality (M) and fishing

mortality rates (F),
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Zr,y,ts,a =M, + Fr,y,ts,a‘ (2.8)
The instantaneous fishing mortality rate-at-age was calculated as the product of the
fully selected fishing mortality (or fishing intensity) for each region (f) and the age-

specific fishery selectivity,

Frytsa = fselyttsa X frytss (2.9)
where t was the index for the fishery selectivity time-block. Fully selected fishing
mortality is estimated as normal on the log-scale. Fishery selectivity varied over time
with four selectivity time-blocks to account for changes in fishing regulations and
practices. The first time-block was 1982-1989 to represent regulations prior to and
during a moratorium that were implemented in the Chesapeake Bay and Delaware
Bay. The second time-block was during 1990-1994 to represent the rebuilding
management period after the Chesapeake Bay fishery was reopened. The third time-
block was during 1995-2014 to represented when the stock was considered recovered
and regulations were liberalized. The final time-block was 2015-2017, which
represented a period with reductions in daily bag limits for striped bass. Fishery
selectivity was estimated using a logistic function for the Ocean region to account for

changes in availability due to migration,

1
1te-P1x@-pz)’

fsel = (2.10)

where p; described the rate of increase, and p, was the age at 50% selectivity. A

double logistic function was used for the Chesapeake Bay region,

24



1 1
14+e~P1x(a-p2) X 1+e-P3%x(pa—a)

fsel = (2.11)

where p;was the slope of the ascending limb, p, was the age at 50% selectivity for
the ascending limb, p;was the descending slope, and p, was the age at 50%
selectivity for the descending limb. Selectivity functions differ for each region
because regulations vary by region and striped bass are assumed to have different
vulnerability to the fishery depending on the region. Our assumptions for selectivity
were similar to those made in the current assessment used to inform management
(Northeast Fisheries Science Center 2019). For example, a double logistic function
was used for selectivity of the fishery in the Chesapeake Bay because older ages of
striped bass tend to only be in the Chesapeake for a portion of each six-month time
step (Secor et al. 2020). Parameters for fishery selectivity varied between subannual
time-steps and fishery time-blocks for a region. Stock specific average fishing
mortality for ages 7+, Fstock, was calculated as the F experienced by each stock by
multiplying by the occupancy probability and then taking the weighted average for
that F given total abundance of each stock,

N ts,ts,y,a

Fstock.. = Y?._,(occ X F. X —— )
sy Zts—l( s, ts,r,a r,ts,y,a) ya=4 Ntstsya

(2.12)

Fstock was calculated for ages 7-15+ to reflect the ages that were mostly fully

selected in the fishery, though this varied by time-block and area.

Catch-at-age (CAA) for a region and time-step was estimated using the

Baranov catch equation (Ricker 1975),
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F,
CAAr,y,ts,a = Zr_y,ts X (1 - e_Zr'y'tS) X Ns,r,y,ts: (2-13)

T,Y,ts
and catch-at-age, corrected for aging error (CAAerr), was calculated by multiplying

CAA by the aging error matrix (ageerr),

CAAertyyisqa = Z ageerty; X CAAyy tsa) (2.14)

a

where i is the scale age and a the otolith age. Total catch (C) was estimated by

summing the catch-at-age with aging error over ages and stocks within a region,
Cytsr = Ya CAAertyy ts,q- (2.15)
Proportions-at-age (PAA) for each region and time-step were calculated by dividing

the catch-at-age by the total catch,

CAAerrr,y‘ts‘a

PAAy sraq = (2.16)

Cy,fS,T
Estimated indices of abundance (I) for the fishery-independent surveys were
the product of abundance at age for each time-step and region, survey catchability

(q), and survey selectivity for each age (ssel),

Iy = Gy X Xsa Nsrytsa X sselyq, (2.17)
for each survey v. The index of abundance was then summed over ages to get a total
index for each survey for a time-step. For each index of abundance, the region is
defined as either the Chesapeake Bay or Ocean depending on where the survey is
conducted (e.g., region is the Ocean for the NJBT). Survey selectivity and
catchability were assumed to be constant over years for each survey. For surveys that
sampled during both time-steps in a year, selectivity was estimated separately for
each time step. Indices of abundance for spawning stock surveys were estimated

26



using the abundance-at-age for their respective stock and region of spawning (e.g.,

the Chesapeake Bay stock for the MDSSN)),

Lyyy = qu X X Ny ts=1,a X S5€ly 4. (2.18)
Logistic functions were used to estimate selectivity for the spawning stock surveys
and ChesMMAP (Eq. 2.10) because these surveys were designed to monitor mature
striped bass. Double logistic functions with four parameters were used to estimate
selectivity for the remaining fishery-independent surveys (Eq. 2.11) because older
fish may have decreased availability or catchability to these surveys based on the
timing, location, or gear. Predicted proportions-at-age in each survey were calculated
by dividing the estimated index-at-age during a time-step by the sum of the estimated
index-at-age over ages during a time-step (Eq. 2.16). For the ChesMMAP and DE30,
which used otoliths to inform age-composition, an aging error matrix was not applied
to calculate the estimated index-at-age. For the other surveys that used scales to
inform age-composition, an aging error matrix was applied to the index-at-age

calculations (Eq. 2.14, Table S2.1).

Parameters were estimated by minimizing the sum of the negative log
likelihood functions representing each data source and penalties on several
parameters. Likelihood components of the objective function and their respective
equations can be found in Table 2.3. Log-normal observation errors were assumed for
total catch (—In(L.q¢cn)) and indices of abundance (—In(Lj,qex)) (Eq. 2.3.1).
Similarly, occupancy probabilities were assumed to be normally distributed on the
log-scale (Eq. 2.3.1). “Robust multinomial” (Fournier et al. 1990) error distributions

were assumed for the age composition of the catch and the survey indices
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(—In(Lpyyu), Eq. 2.3.2). Binomial error distributions were assumed for the stock
composition to inform the proportion of the catch for the coastal fishery from each
stock for ages 4-15+ in 2010 during July-December, based on stock composition
estimated by Kneebone et al. (2014) (—ln(mep), Eq. 2.3.3). The proportion for the
Atlantic Coast stock was summed across Delaware and Hudson stocks. Recruitment
was assumed to be normally distributed on the log scale with an assumed standard
deviation of 1.0 (—=In(Lyecryitment), EQ. 2.3.4). A log-normal penalty was applied to
Feq with a standard deviation of 0.5 to restrict equilibrium fishing mortality from
being too high to generate initial age compositions (—In(Feq), Eq. 2.3.5). We applied
a weak smoothing penalty to the change in fishing mortality from one year to the next
for each time-step and region (—In(Lgge,,), Eq. 2.3.6). Log-scale standard deviations
(CV) for the surveys and effective sample size (ESS) for the surveys and fishery
catches were determined by iterative re-weighting (McAllister and lanelli 1997;
Francis 2011). If iterative reweighting produced an estimate <0.2, the CV was set to
equal 0.2. The CVs were held constant across years for each survey. The ESS
minimum was set to 15, where if the reweighting process yielded estimates <15, the
ESS was set to 15. For the Chesapeake Bay fishery, ESS was allowed to differ
between two time-blocks, 1982-1989 and 1990-2017, to account for poor model fits
during 1982-1989, potentially as a result of low sample sizes during the Chesapeake

Bay moratorium.

Informative priors were used to inform the occupancy probabilities
(—In(Lyee), Eq. 2.3.7), based on conventional and acoustic tagging data for striped

bass. Conventional tagging estimates of occupancy probabilities were from a spatial
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Brownie mark-recapture model (Schonfeld 2023). The spatial Brownie model
incorporated conventional tag and recapture data to track striped bass from three
producer regions (Chesapeake Bay, Delaware Bay, and the Hudson River) and
recaptures in two recovery regions (Chesapeake Bay and Ocean), which matched the
spatial regions and intra-annual time steps of the our spatially-explicit model. Age-
specific occupancy probabilities from the Delaware Bay and Hudson River producer
regions were averaged to generate one set of occupancy probabilities for the Atlantic
coast stock. This approach implicitly assumes that the Delaware and Hudson River
stocks are approximately the same size. Standard deviations used in Eq. 2.3.7 for each
stock were estimated in the Brownie mark-recapture model. Acoustic tagging data
(Secor et al. 2020) were also used to create informative priors for the occupancy
probabilities. Striped bass were tagged in 2014 and 2016 during the spawning season
in the Potomac River and were assumed to represent the Chesapeake Bay stock. Fish
that were not tagged during the spawning season in the Chesapeake Bay were
excluded from analyses. In total, 78 striped bass were used for these calculations.
Acoustic transmissions for each unique fish were gathered from receivers from Maine
to North Carolina. Each transmission was assigned to be in either the Chesapeake Bay
or Ocean region based on the location of the receiver. Means for the occupancy
probability priors were then calculated as the average proportion of unique months in
which a fish was observed in a region out of the total number of months a fish was
observed in either region during each time-step. Mean occupancy probabilities were

calculated for each age that had at least one observation. For ages with more than one
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individual, standard deviations for each age were calculated as the square root of the

squared deviations from the average divided by the total number of observations.

Additional penalties were included in the model to constrain selectivity
parameters (—In(Lg.;), Eq. 2.3.8) to reduce correlation among estimated parameters
and allow for model convergence. Many selectivity parameters for the Chesapeake
Bay fishery in 1982-1989 were constrained as this timeframe had difficulty
estimating selectivity for this fishery. Specifically, the ascending slope parameter in
July-December was constrained with a mean of 3 and standard deviation of 0.5. The
slope of the descending limb for January-June and July-December assumed a mean of
1 and standard deviation of 0.25. Additionally, several of the descending limbs of
double logistic selectivity functions were poorly estimated when they were not
constrained and penalties were added to prevent the point of inflection of the
descending limb from being less than the point of inflection for the ascending limb
(Eq. 2.3.9). These penalties on selectivity were added for the Chesapeake Bay fishery
and CTLIST survey and were conditioned on the descending inflection point being
less than the ascending inflection point. Penalties on selectivity were normally
distributed with a standard deviation of approximately 0.7. Parameters were estimated
by minimizing the objective function (nll;,;), that is the sum of the negative log

likelihood components, penalties, and priors,

nllyor = —In(Legeen) — M(Lingex) — M(Lcatchpan) —
ln(LSurveyPAA) - ln(Lprop) - ln(Lrecruitment) - ln(FeCI) - (2-19)
ln(LFdevs) - ln(Locc) - ln(Lsel) —In (P4)-

Model fits of estimated parameters were evaluated using the standardized

residuals for fishery-independent indices of abundance,
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Res, = @ (2.20)
where Res is the standardized residual, [ is the observed index, I is the estimated
index, and o is the log-scale standard deviation of the index. Residuals for the age-
compositions of the fishery and the surveys were evaluated using the one-step ahead
approach in R (Thygesen et al. 2017; Trijoulet et al. 2023) and the compResidual
package (Trijoulet and Nielsen 2022). One-step ahead residuals use the Laplace

approach (Tierney and Kadane 1986) and can be used on data that has an assumed

multinomial distribution, such as age compositions (Trijoulet et al. 2023).
2.3.3 Sensitivity Runs

Additional spatially-explicit models with alternative assumptions of aging
error, selectivity, movement, age composition, and natural mortality were considered
to understand the effects of specific decisions on model estimates (Table S2.4). The
previously described model will be referred to as the ‘base’ model. All sensitivity
models were the same as the base model with the exception of the specific aspects
that were modified. Model 2 assumed no aging error and, therefore, did not utilize
any aging error matrices. Model 3 assumed that fishery selectivity in the Chesapeake
Bay region followed a logistic selectivity function (Eq. 2.11) rather than a double
logistic selectivity function. Model 4 assumed no aging error and also assumed
logistic fishery selectivity in the Chesapeake Bay region. Model 5 assumed a 50%
reduction of occupancy probabilities for the Chesapeake Bay stock for ages 4-15+ in
the Ocean region during January-June, to evaluate the impacts of movement

assumptions on SSB estimates. Model 6 evaluated assumptions of natural morality by
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assuming spatially- and time-varying mortality in the Chesapeake Bay based on
results of a Brownie mark-recapture model developed for striped bass (Schonfeld
2023). The mark-recapture model estimated age-specific natural mortality rates for
ages 2-11+, which were constant during three periods: 1990-1999, 2000-2009, and
2010-2019 (Schonfeld 2023). For Model 6, natural mortality between 1982-1999 was
set equal to the 1990-1999 Schonfeld (2023) estimates, natural mortality between
2000-2010 was set equal to the 2000-2009 estimates from Schonfeld (2023), and
from 2010-2017, natural mortality was set equal to the 2010-2020 estimates from
Schonfeld (2023) (Table S2.3). Natural mortality for age-1 for all years was set equal
to the natural mortality for age 1 in the benchmark assessment (Northeast Fisheries
Science Center 2019) and natural mortality for ages 12-15+ were set equal to age-11
for each year. Model 6 also required additional penalties in the objective function for
parameters estimating fishery selectivity across multiple time-blocks (Eq. 2.3.8) for
the descending inflection point in 1982-1989 during January-June and July-
December. Additionally, penalties on the descending limb of the NYOHS were added

(Eq. 2.3.9).

2.4 Results

The model fit the data inputs (i.e., fishery-independent indices of abundance
and total catch) relatively well according to the diagnostics (Figures S2.2-S2.19).
Final estimates of ESS and CV for all surveys and fleets that were used in the
spatially-explicit models are in Table S2.2. The model fit many of the fishery-

independent data sources well but had more difficulty estimating indices of
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abundance and proportions-at-age for DE30, NJBT, and the CTLST in July-
December.

Estimated recruitment of the Chesapeake Bay stock was about 68% higher, on
average, than the Atlantic coast stock and had an increasing trend over time in both
regions (Figure 2.2). Recruitment of the Atlantic coast stock increased through the
mid-1990s, with peaks in 1994, 1997, 2002, 2004, 2012, and 2016. After 2005,
estimated average recruitment of the Atlantic coast stock was slightly lower than
during 1993-2005. For the Chesapeake Bay stock, recruitment increased until 1994,
and fluctuated around a relatively constant mean during 1995-2017, though years of
high recruitment were observed in 2004 and 2012 (Figure 2.2). Additionally,
estimates of recruitment for each stock were positively correlated (Pearson correlation
coefficient r=0.79) with large recruitment events in both stocks in 1994 and 2004.
Estimated total abundance for both stocks was lowest in 1982, which was followed by
an increase until the mid-1990s (Figure 2.3). Peak estimated total abundance of over
755 million was in 2012. The Chesapeake Bay stock was more abundant than the
Atlantic coast stock during 1982-2017, though abundance was similar in 1982.
Abundance of the Chesapeake Bay stock age-7 and older increased until 2004 (Figure
2.4). The Chesapeake Bay stock age-7 and older declined approximately 14% since
2005, particularly in the Chesapeake Bay region (Figure 2.4). Abundance of the
Atlantic coast stock age-7 and older increased until 2010, although abundance was
relatively stable during 2003-2010. Between 2010 and 2017, Atlantic coast stock
abundance declined by about 35% (Figure 2.4). The Chesapeake Bay stock age-7 and

older were more abundant in the Ocean region in July-December after 1990 and were
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the dominant contributor to the Ocean region for the remainder of the time-series
(Figure 2.4).

Estimated SSB of the Chesapeake Bay stock increased from less than 2,200
MT in 1982 to over 293,900 MT 2016 (Figure 2.5). For the Atlantic coast stock,
estimated SSB was relatively stable around 37,000 MT during 1982-1986 (Figure
2.5). Atlantic coast SSB increased to approximately 108,336 MT by 2008, followed
by a slight decline to under 97,000 MT in 2017 (Figure 2.5).

Estimated fishery selectivity in the Ocean suggests that fish were fully
selected to the fishery at younger ages during the 1982-1989 time-block during in
January-June compared to the later time-blocks (Figure 2.6). Striped bass in the
Ocean region were fully selected at younger ages in 2015-2017 during July-
December relative to earlier time-blocks (Figure 2.6). However, overall selectivity in
the Ocean region was not estimated to have changed substantially over time in both
time-steps (Figure 2.6). In the Chesapeake Bay during January-June, selectivity
changed over time from a dome-shaped selectivity pattern during the moratorium
during 1982-1989 and the post-moratorium block from 1990-1994, followed by
logistic shaped during the recovery 1995-2014 and recent selectivity time-block
during 2015-2017 time-block (Figure 2.7). During the 1990-1994 selectivity block,
the selectivity estimates suggested that ages 4-8 were fully selected to the fishery, but
ages 11 and older had lower selectivity. In the Chesapeake Bay region, during the
July-December time-step in 1982-1989, selectivity was estimated to increase with

age, and striped bass reached full selectivity at age 15+ (Figure 2.7). During the July-
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December time-step in the Chesapeake Bay, selectivity was dome-shape during 1990-
2017 with peak selectivity between ages 4 and 7.

Estimated average fishing mortality rates for ages 7+ were always higher in
the Ocean region than the Chesapeake Bay region (Figure 2.8). During January-June,
fishing mortality in the Chesapeake Bay region declined from 0.001 per six-month
period (6mo™) in 1982 to 0.0009 6mo™! in 1987 and increased to a high of
approximately 0.024 6mo™ in 2016. In the Ocean region in January-June, fishing
mortality declined from 0.030 6mo™! in 1982 to less than 0.003 6mo™! in 1987,
increased to a high of 0.05 6mo! in 2006, and was followed by a decline to 0.031
6mo! in 2017. During the July-December time-step in the Chesapeake Bay region,
fishing mortality decreased from less than 0.027 6mo™! in 1982 to 0.001 6mo™! in
1987. In 1993, fishing mortality in the Chesapeake Bay region increased and reached
a high of 0.027 6mo™! in 2003, after which it declined to 0.014 6mo™ in 2017. In the
Ocean region during July-December, fishing mortality decreased from 0.034 6mo™! in
1982 to 0.020 6mo" in 1987, increased to 0.066 6mo™! in 1995 and remained
relatively constant until 2017 with a slight decrease to 0.048 6mo™! in 2016.

Estimates of stock-specific average fishing mortality rates for ages 7+
suggested that the Atlantic coast stock experienced a consistently higher level of
fishing mortality than the Chesapeake Bay stock during 1982-2017 (Figure 2.9).
Fishing mortality for the Atlantic coast stock increased from less than 0.022 yr'! in
1987 to approximately 0.115 yr!' in 2013, followed by declines in fishing mortality to
0.088 yr'! in 2017. For the Chesapeake Bay stock, fishing mortality was estimated to

have been less than 0.01 yr!' in 1987, during the moratorium, followed by increases to
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0.061 yr'! by 2013. In 2014-2017, the fishing mortality experienced by the
Chesapeake Bay stock declined to 0.045 yr'!' in 2017 (Figure 2.9).

Estimated occupancy probabilities closely followed the informative prior from
the conventional tagging data (Schonfeld 2023) but differed from the acoustic tagging
data (Secor et al. 2020). The estimated occupancy probabilities for the Atlantic coast
stock of all ages indicated that they largely remained in the Ocean region through the
entire year, with age-3 having the lowest probability of being in the Ocean at over
80% occurrence in January-June and in July-December (Figure 2.10). Striped bass
from the Chesapeake Bay stock were estimated to mostly reside in the Chesapeake
Bay during January-June for ages 2-8. During July-December, the occupancy
probability of the Chesapeake Bay stock in the Ocean region increased with age and
reached its highest probability of 83% occurrence at age-11, though fish age 2-3 had a
slightly higher occupancy than age-4. Estimates of occupancy probabilities for the
Chesapeake Bay stock were higher than the acoustic tagging data for all ages in
January-June. In July-December, estimates of occupancy were lower than the acoustic
tagging data for age 6 and ages 12-15+, as the acoustic data suggests fish 13-15+
never enter the Chesapeake Bay (Figure 2.10).

Survey selectivity was estimated for each of the seven fishery-independent
surveys across the two subannual time-steps (Figure 2.11). Selectivity for the
ChesMMAP survey was similar for both time-steps, with 50% selectivity occurring
around age-7. Selectivity for the CTLIST had a strong domed pattern across the two
time-steps, with age-4 being fully selected in both time-steps, which was also similar

to the DE30 survey. Estimated selectivity for ages older than 10 in the CTLIST and
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NYOHS was low. Selectivity for the NJBT estimated ages 3-6 were fully selected,
followed by gradually decreasing selectivity with age. The MDSSN and DESSN had
similar selectivity patterns, with the first age for full selection at approximately age-4

for both surveys.

2.4.1 Sensitivity Runs

The model estimates were highly sensitive to assumptions about aging error
and time-varying natural mortality but were relatively insensitive to assumptions
about the occupancy probabilities and shape of the fishery selectivity functions
(Figure S2.20). Estimates of SSB from the model that assumed logistic selectivity
(Model 3) were similar to the base model for both stocks. The model that assumed
reduced occupancy probabilities (Model 5), followed similar estimates of SSB to the
base model, but SSB was much lower during 1982-1995 for the Atlantic coast stock,
and higher for the Chesapeake Bay stock. The two models that assumed no aging
error (Model 2 and 4) had similar trends in SSB over time for both stocks, but
estimated SSB was about 54% lower than the base model, on average. Striped bass
SSB for both stocks from the model that assumed time-varying natural mortality
(Model 6) had different trends in SSB over time and different terminal year SSB than
the base model. For Model 6, SSB was estimated to be 102% higher for the Atlantic
coast stock than the base model in 2008, and SSB declined 61% from 2008-2017 for
the Chesapeake Bay stock. Age-specific differences in abundance between the base
model and sensitivity models were largely similar to the patterns for SSB (Figure

S2.21).
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Estimates for average fishing mortality of striped bass over ages 7-15+ from
models with alternative assumptions showed similar trends over time to the base
model in both regions and time-steps (Figure S2.22). Models that did not include
correction for aging error had the highest estimates of fishing mortality in the Ocean
region. The model that assumed logistic selectivity in the Chesapeake Bay region had
similar estimates of fishing mortality as the base model, except in the Chesapeake
Bay during July-December when estimates were higher. The model that assumed
time-varying natural mortality had the lowest estimates of fishing mortality for most
of the time-series in the Ocean region, but had the highest estimates of fishing

mortality in the Chesapeake Bay for both time-steps.

2.5 Discussion

We developed and implemented a multi-stock, spatially-explicit population
model to estimate abundance, recruitment, fishing mortality, and movement across
two regions for striped bass. Although others have developed multi-stock, spatially-
explicit models (e.g., Taylor et al. 2011; Punt et al. 2014; Goethel et al. 2015a; Little
et al. 2016), there are still relatively few in the literature (Punt 2019b). Our model was
similar to previous ones that estimated recruitment independently for each stock with
lognormal deviations (e.g., Goethel et al. 2015a) rather than a stock-recruit function
(e.g., Taylor et al. 2011; Little et al. 2016). However, it differed from many finfish
models in that it did not directly integrate tagging data, and its estimation of
movement was based on the probability of occurrence rather than the probability of
movement (e.g., Taylor et al. 2011; Goethel et al. 2015b, 2015a). Additionally, our

multi-stock model reflects behavior of natal homing for striped bass. The
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development of multi-stock, spatially-explicit models have likely been scarce due to
data limitations, since these models are complex. For species that experience natal
homing, tagging data are required to inform movement (Berger et al. 2016; Vincent et
al. 2016). Additionally, the multi-stock, spatially-explicit model required quantified
stock composition information through the use of informative priors in the likelihood
function, as we found this model had difficulty converging or providing reliable
estimates of abundance for two stocks without stock information and information on
movement.

In the 1980s, low commercial catch and poor recruitment trends suggested
that striped bass had reached a historic low (ASMFC 1985; Richards and Deuel 1987;
Richards and Rago 1999; Secor 2000). As a result, Maryland and Delaware
implemented a fishing moratorium during 1985-1989, and Virginia implemented a
moratorium for 1989. Effects of the moratorium in the Chesapeake Bay are apparent
in our model estimates, as fishing mortality declined after 1982 and remained near
zero in the Chesapeake Bay from 1985-1989. Abundance and SSB were also
estimated to increase in the late 1980s after being severely depleted in the early
1980s. Furthermore, our model estimated an increasing contribution to the Ocean
region during July-December from the Chesapeake Bay stock during the 1980s (<3%
of total abundance (ages 7-15+) in 1982) to approximately 38% in 1989. Previous
studies suggest that the collapse of the striped bass multi-stock complex in the 1980s
was driven by declines to the Chesapeake Bay stock (Northeast Fisheries Science
Center 2019). This is supported by our model estimates, as the Chesapeake Bay stock

was the most depleted in 1982-1989, though both stocks had low abundance.
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Our model differed from the current assessment in assumptions of striped bass
biology, fishery characteristics, and quality of aging data, and estimates differed
substantially between the models. The current assessment used to inform
management of striped bass is a spatially-implicit fleets-as-areas (FAA) model that
assumes a single region and a single stock (Northeast Fisheries Science Center 2019).
The FAA model estimated increasing abundance from 1982-2004, followed by
declines from 2005-2017 (Northeast Fisheries Science Center 2019). The spatially-
explicit model estimated similar trends in abundance, although abundance does not
decline to as low of a level during 2005-2017 as the FAA model. The FAA model
estimated fishing mortality that was increasing for the Chesapeake Bay fleet from
1990-2016. For the Atlantic coast fleet, the FAA model estimated fishing mortality
increasing from 1987-2013, followed by declines from 2014-2017. The spatially-
explicit model estimated similar trends of fishing mortality to the FAA model,
particularly in January-June, though the scale of estimates was lower. The FAA
model estimated female SSB increased during 1986-2003, but declined during 2003-
2017 (Northeast Fisheries Science Center 2019). In contrast, our model estimated
increasing SSB for the entirety of the time-series, especially for the Chesapeake Bay
stock, which was largely driven by an accumulation of fish in the plus group and is
likely a result of our assumptions about aging error. These differences in the trend of
SSB over time are important because current management relies of estimates of SSB
relative to the SSB in 1995 for determining stock status (Northeast Fisheries Science

Center 2019). Because of the differences in the trends over time, the two models
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differ in their estimates of terminal SSB relative to the 1995 level (Northeast
Fisheries Science Center 2019).

Including aging error in the model had a substantial effect on estimated SSB
and fishing mortality rates. The model with aging-error estimated higher abundance
and SSB compared to models that did not consider aging error with combined SSB
estimated at approximately 170,000 MT for Models 2 and 4 in 2010 compared to over
375,000 MT in the base model. Estimated SSB for Model 2 and 4 were more similar
to, but still higher than, those from the benchmark assessment model than our base
model, which likely indicates that much of the difference in population scale may be
due to assumptions about aging error. Aging error matrices are often incorporated in
the stock assessment models in order to correct for potential biases in age
composition data (Punt et al. 2008; Candy et al. 2012; Liao et al. 2013; Hulson and
Williams 2024). Reeves (2003) found that ignoring aging bias in catch data resulted
in biased estimates of SSB and fishing mortality which forecasted a higher value of
total allowable catch than is sustainable. Hulson and Williams (2024) found that
incorporating aging error matrices into statistical catch-at-age models can reduce
estimates of input sample size, which influences the uncertainty in age composition
estimates. Estimates from statistical catch-at-age models for striped bass that use
scale-based age composition data will underestimate abundance or spawning stock
biomass and overestimate fishing mortality when compared to models that use otolith
corrected age composition (Liao et al. 2013). Estimates based on scale-age
composition data could provide incorrect reference points for management of striped

bass.
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Stock assessments that model fisheries with spatial heterogeneity as a single
area often provide biased estimates of SSB (Punt et al. 2015), and, therefore, a
spatially-explicit model is likely necessary for striped bass. Our results suggest
striped bass in the Ocean region experienced higher fishing mortality than the
Chesapeake Bay region, and the Atlantic coast stock has experienced a higher fishing
mortality over time compared to the Chesapeake Bay stock. Most stock assessment
models assume natural mortality-at-age is constant over time, as our base model does,
though this assumption is unrealistic for most stocks (Maunder et al. 2023). We
evaluated the effect of using a natural mortality that varies by regions and over time
(Model 6) from a Brownie mark recapture model (Schonfeld 2023). The Brownie
model found that natural mortality differed between the Ocean and Chesapeake Bay
regions, and that natural mortality was generally increasing in the Chesapeake Bay
during 1990-2020, which has been supported by other studies (Groner et al., 2018;
Secor et al., 2020). The sensitivity model that allowed natural mortality to change
over time estimated abundance with a substantial decline in abundance at the end of
the time series. Although natural mortality is likely changing over time for striped
bass and has an impact on model results, further research is needed to validate these
estimates and trends. Thus, assumptions of natural mortality for striped bass should
be re-evaluated.

The spatially-explicit model assumed logistic fishery selectivity in the Ocean
and double logistic selectivity in the Chesapeake Bay. Additionally, we assumed
selectivity changed over time in four selectivity time-blocks. Fishing regulations have

changed frequently between 1982-2017 as the Atlantic States Marine Fisheries
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Commission has mandated changes to recover the striped bass population following
its collapse, and states have been given some level of flexibility to implement
regulations. The estimated selectivity in the Ocean regions suggests that striped bass
were fully selected at younger ages during 1982-1989 than in later years, particularly
in January-June. Our results are consistent with the minimum size limits implemented
during the time period, which was the smallest allowed in the model time series. In
1982, Striped bass had a minimum size limit of 14 inches in the producer regions
(e.g., Chesapeake Bay, Delaware Bay, Hudson River) and a minimum size limit of 24
inches along the Atlantic coast for the recreational fishery (ASMFC 1981; Richards
and Deuel 1987). Between 1985-1989, regulations were changed many times,
including a moratorium in Maryland and Delaware in 1985, and gradual increases in
minimum size limit to 33 inches for fisheries outside the Chesapeake Bay by 1988
(ASMFC 1985; Richards and Deuel 1987). Selectivity estimates for the Chesapeake
Bay region during 1982-1989 in July-December differed from the later years, and
these differences in shape may be due to low sample sizes of catch during the
moratorium. Additionally, fishing regulations changed substantially within this time-
block, as regulations were more restrictive during 1985-1989, than 1982-1984.
However, models with an additional time block in the 1980s would not converge on
unique parameter estimates. Therefore, we assumed constant selectivity during 1982-
1989. However, selectivity parameters were difficult to estimate in the Chesapeake
Bay during July-December, resulting in different selectivity patterns than other
regions and time-blocks. Following the moratorium, the Chesapeake Bay fishery

reopened in 1990 with a minimum size limit of 18 inches, while the Ocean region had
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a 28-inch minimum size limit (ASMFC 1989). In 1995, the Atlantic States Marine
Fisheries Commission declared the stock recovered and a minimum size limit of 20
inches and 28 inches were set for producer regions and the coast, respectively
(ASMFC 1995). Estimates of fishery selectivity in 1990-1994 and 1995-2014 appear
to follow the minimum size limits that were in place during that time.

Numerous studies have estimated the composition of striped bass spawning
stocks in the migratory complex (Fabrizio 1987; Wirgin et al. 1993; Kneebone et al.
2014; Hasegawa et al. 2022). Estimates of stock composition from these studies are
influenced by the size of striped bass sampled, the location of sampling, the timing of
sampling, and the methods of stock determination (Table 2.4). Our spatially-explicit
model makes different assumptions about stock structure than some of the cited
literature (Kneebone et al. 2014; Hasegawa et al. 2022), as we assume the
Chesapeake Bay stock is demographically different from the Roanoke River,
Delaware Bay, and Hudson River stocks, with no net emigration between stocks. Yet,
estimates of stock composition in the Ocean region from our model were similar to
previous studies, with an average of 61% of abundance from the Chesapeake Bay
stock (ages 7-15+) between 1995-2017 during July-December. However, our
estimates of stock composition in the Ocean during July-December in 1982 for fish
ages 2-4 (<5%) are significantly lower than Fabrizio (1987), likely because our model
estimated very low abundance of the Chesapeake Bay stock in the Ocean in 1982.
During 1990-2017, the Chesapeake Bay 7+ stock made up between 50-67% of the

Ocean region in July-December.
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We modeled the movement of striped bass differently than most other spatial
fish stock assessments (Goethel et al. 2011, 2015a, 2023; Punt et al. 2014; Berger et
al. 2016; Goethel and Berger 2016; Punt 2019a; Cadrin 2020) but similar to cetacean
assessments (Punt 2017). Many spatial stock assessments assume no movement
between regions, especially for sessile invertebrates (e.g., Mace et al. 2021;
Hernandez-Padilla et al. 2024). Assuming no movement is not appropriate for striped
bass due to their complex seasonal migration patterns (Dorazio et al. 1994; Grothues
et al. 2009; Kneebone et al. 2014; Secor et al. 2020; Hasegawa et al. 2022). Further,
spatially-explicit stock assessment models that include movement often use the box-
transfer method (Goethel et al. 2011), in which a portion of a stock moves from each
region to other regions at the beginning of a time-step. Our spatially-explicit model
differed from the box-transfer method, as we estimate the occupancy probability of
each stock in a region during a time step, rather than a movement rate. Conventional
tagging data for each striped bass stock was necessary in order to estimate occupancy
probabilities. Occupancy probabilities, or the proportion of each stock in a given area,
has been used to model whale migrations in cetacean stock assessments (Punt et al.
2014; Punt 2017). This approach was appropriate for striped bass because striped bass
have consistent seasonal movement patterns and the spatial, temporal, and population
dynamics assumptions matched those of the Schonfeld (2023) tagging study that was
used to inform occupancy probabilities. Movement probabilities for each stock could
not be estimated from conventional tagging data because tagged striped bass were
only assigned to stock based on their proximity to spawning locations at the time of

spawning. If individual tagged fish were assigned to a spawning stock using genetics
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approach, for example, then estimates could be developed to support a box-transfer
method. Spatially-explicit models that assume a single stock or annual time-step may
be able to better incorporate the box transfer methods because tagging data are
available at the appropriate temporal and biological resolution.

Many spatially-explicit assessment models also rely on tagging data, which
have the potential to improve model estimates of fishing mortality and SSB (Goethel
etal. 2011, 2015b, 2015a). Movement in our spatially-explicit model relied on
occupancy probabilities for each stock and age that were informed by tag-derived
probabilities estimated in Schonfeld (2023). The mark re-capture model in Schonfeld
(2023) had a similar model structure as the spatially-explicit model, with two
subannual time-steps, two-spatial regions, and three stocks, allowing for relative
agreement between estimates from the two models. However, ages assigned to the
striped bass in the tagging studies were from scale ages. Although we did not develop
a true tag integrated statistical catch-at-age model, incorporating informative priors
from a mark recapture model with matching model structure is similar to a tag
integrated model. However, it is important to note that our approach differs from a
fully tag integrated model. Therefore, the informative priors provided reliable
information to estimate movement rates. However, our model does not include the tag
mortality — the live release of striped bass but the removal of conventional tag — in
estimates of fishing and total instantaneous mortality, as is done in Schonfeld (2023).
Though estimates of fishing mortality were generally higher in Schonfeld (2023) than
our model, trends for both regions and time-steps are similar. Therefore,

incorporating tag mortality may not be necessary for striped bass.
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Our estimated occupancy probabilities closely followed priors from the
conventional tagging data (Schonfeld 2023) but deviated from priors developed from
acoustic telemetry data (Secor et al. 2020). The model could not fit both because the
informative priors disagreed in that the conventional tagging data suggested higher
occurrence of striped bass from the Chesapeake Bay stock in the Ocean region than
the acoustic telemetry priors during January-June for all ages for which data were
available. In July-December, the conventional tagging data suggested higher
occurrence of striped bass in the Ocean region for age-4 and ages 7-11, while the
acoustic tagging data suggested higher probability of occurrence of the Chesapeake
Bay stock in the Ocean region for ages greater than 11. Disagreement between these
data sources could be attributed to differences in what the estimates represent; the
conventional tagging estimates represented the probability of capture for each region,
and the acoustic estimates represented the proportion of time striped bass spent in
each region during a given time-step. Additionally, these priors were informed by
different years, ages, and number of observations of data, where the conventional data
included many observations for each age, but some ages in the acoustic data were
only informed by one or two fish. Additionally, the acoustic data only included
striped bass tagged in the Potomac River, which may have migration behavior that
differ from other Chesapeake Bay striped bass. Notably, the informative priors from
the conventional tagging data provided most of the information about stock
composition in the model. In fact, the spatially-explicit model was unable to estimate
a unique set of best parameters without the occupancy priors. Thus, estimates of stock

abundance and movement were heavily reliant on these priors. Additionally, our
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model included movement as a pulse at the beginning of each six-month interval. In
reality, striped bass do not move at fixed 6-month interval and their movement can
vary throughout the year (Dorazio et al. 1994; Northeast Fisheries Science Center
2019; Rothermel et al. 2020). In addition to the lack of stock-composition data, many
of the data sources that describe age-composition (e.g., survey catch-at-age) are
derived from scales, which have been shown to be biased. We recommend sampling
efforts for the fishery and fishery-independent surveys prioritize collecting data to use
in a spatially-explicit stock assessment that will better inform movement and
abundance estimates for striped bass. Specifically, we recommend that stock
composition of fishery catch and/or fishery-independent surveys be regularly assessed
and age data be informed by otoliths.

When spatial complexity exists in life history and fishery characteristics,
spatially-explicit population models can improve accuracy of abundance estimates
compared to spatially-implicit (e.g., fleets-as-areas) approaches (Bosley et al. 2022).
If spatial dynamics are ignored, overexploitation becomes more likely (Goethel and
Berger 2016) and the ability of a population to recover from collapse may be
diminished (Bosley et al. 2022; Goethel et al. 2023). Estimates from our spatially-
explicit model for striped bass differed substantially from the current model used for
management and would potentially change estimates of stock status should this model
be considered for management. However, adjusting assumptions in the spatially-
explicit model for selectivity, aging error, and natural mortality can significantly alter
estimates. Particularly, time-varying natural mortality had the greatest impact on the

trend of model estimates over time. However, aging error had the greatest impact on
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the scale of estimates especially fishing mortality. Thus, we recommend that age
composition of fishery catch and fishery-independent surveys be informed by otoliths
and that stock composition begin to be regularly monitored. While otolith-based ages
have been considered and begun to be implemented, it has not yet been adopted
throughout the whole area and across all data sources. This multi-stock, spatially-
explicit model more closely resembles striped bass population dynamics and
migration patterns along the Atlantic coast than the FAA model currently used for
management. The striped bass fishery varies spatially, as regulations are implemented
differently at each state level. Additionally, the FAA model does not account for
striped bass migratory behavior that leads to individuals being vulnerable to the
fishery at different months of the year. Spatial differences in fishing mortality
estimated in the multi-stock, spatially-explicit model highlight the need to utilize
spatially-explicit stock assessment models for assessment and management striped

bass.
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2.8 Supplemental Material — Model Diagnostics

The age compositions for the fisheries were the largest contributors to the total
likelihood function followed by the age compositions for the CTLIST and
ChesMMAP surveys (Figure S2.2). Estimated total catch matched the observed catch
for all regions and time-steps well (Figure S2.3). One-step ahead residuals for the
fishery age-composition showed some patterning in residuals for specific cohorts
over-time in the Chesapeake Bay fleet during January-June, as well as strong
residuals for age 3 in 1982-1987 (Figure S2.4). However, other years and ages fit the
data substantially better (Figure S2.4). Additionally, the Chesapeake Bay fleet from
July-December had a noticeable residual pattern in 1982-1990, particularly for ages
2-4 (Figure S2.5). For the Ocean fleet one-step ahead residuals suggest a pattern in
residuals during 1982-1985 for ages 3-5 in January-June and ages 5-9 in July-
December. Additionally, for the Ocean in both time-steps, one-step ahead residuals
indicated some age-specific patterns, where age classes tended to be over or
underestimated across most model years, but the magnitude of the residuals was
relatively small (Figures S2.6, S2.7).

Residual plots for the fishery-independent surveys suggest that the estimated
indices of abundance fit the observed data reasonably well (Figure S2.8). Some
autocorrelation of the residuals was evident for ChesMMAP, the CTLIST survey, and
the NYOHS (Figure S2.8). However, the remaining indices had less autocorrelation
in the residuals. For the age compositions, the data sets that used otoliths to age fish
had less residual patterning than those that used scales. One-step ahead residuals for

the ChesMMAP survey suggested a relatively good fit to age composition data in
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January-June (Figure S2.9) but less so for July-December (Figure S2.10). One-step
ahead residuals for the CTLIST survey showed reasonably good fits for most age
classes in January-June (Figure S2.11). The CTLIST survey fit well in July-
December, although there was one extreme outlier in 2011 for age-1 (Figure S2.12).
The model fitted age compositions for the DE30 survey well, though there were
strong cohort trends in 2014-2017, and age-1 was not well fit to the data during 2010
— 2017 (Figure S2.13). One-step ahead residuals for the DESSN suggested some auto-
correlation among age-classes (e.g., ages 5-8) (Figure S2.14). MDSSN residuals for
the age-compositions indicated a relatively poor fit for age 5 (Figure S2.15). Age
composition residuals for the NJBT had the largest deviations for ages-2 and 3, with
better fits for ages 4-15+ (Figure S2.16). One-step ahead residuals for the NYOHS
showed somewhat increased residuals for age-3, though this survey overall was a
relatively good fit to the data (Figure S2.16).

Residual plots for the age-1 (Figure S2.18) and YOY surveys (Figure S2.19)
indicated little patterning of residuals over time, although the NJYOY survey had

three large negative residuals at the beginning of the time series.
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2.9 Tables

Table 2.1. Fishery-independent data sources used as inputs for the striped bass
spatially-explicit population model. The location describes the state and location in
which the survey is conducted. The age describes which age classes the survey
targets. Years describes the sampling timeframe. Time-step refers to which sub-
annual time-step the survey is conducted in (1=January-June, 2=July-December).
Region corresponds to the regions of the spatially-explicit model (Ocean =Ocean

region, CB=Chesapeake Bay region).

Time-

Survey Name Location Age Gear Years Step Region
Connecticut Long Connecticut: 1 1984-
Island Sound Trawl Long Island 15+ Bottom Trawl Present 1,2 Ocean
Survey (CTLIST) Sound
NewSYe (i)rrll; (S)ucljc‘fler;Haul New York: East 2- Ocean Haul 1987- ) Ocean
4 .
(NYOHS) of Long Island 13 Seine 2006
New Jersey:
New Jersey Bottom Delaware Bay 2- 1989-
Trawl Survey (NJBT) through New 15+ Bottom Trawl Present ! Ocean
York Harbor
Delaware Spawning )
Stock Electrofishing De]l)ai&llz\r?lrfi'ver 123_4_ Electrofishing Plrzzg; ¢ 1 Ocean
Survey (DESSN)
Delaware 30 Foot Delaware: 1- 9m (30°) 1990- ’ Ocean
Trawl Survey (DE30) Delaware Bay 15+  Bottom Trawl  Present
Maryland Spawning Maryland: 2- Multi-panel 1985-
Stock Survey Chesapeake Ba 15+ Drift Gillnet Present ! B
(MDSSN) p y
Chesapeake Bay
Multispecies S
Monitoring and Virginia: - Trawl 2002- 1,2 CB
Chesapeake Bay 15+ Present
Assessment Program
(ChesMMAP)
. New York:
New York Yearling Western Long 1 Beach Seine 1980- 1,2 Ocean
Survey (NY1) Island Present
Maryland Yearling Maryland: . 1954-
Survey (MD1) Chesapeake Bay ! Beach Seine Present 2 CB
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New York YOY
Survey (NYYOY)

New Jersey YOY
Survey (NJYOY)

Chesapeake Bay YOY

Index (CBYOY)

Maryland YOY
Survey (MDYOY)

Virginia YOY Survey

(VAYOY)

New York:
Western Long
Island

New Jersey,
Delaware River

Maryland and
Virginia:
Chesapeake Bay
Maryland portion
of Chesapeake
Bay
Virginia portion
of Chesapeake
Bay

YOY

YOY

YOY

YOY

YOY

Beach Seine

Beach Seine

Beach Seine

Beach Seine

Beach Seine

1979-
Present

1980-
Present

1980-
Present

1954-
Present

1980-
Present

Ocean

Ocean

CB

CB

CB
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Table 2.2. Assumptions of 6-month natural mortality, sex proportions-at-age, and

female maturity-at-age used in the spatially-explicit model. Estimates were similar to

those used in the benchmark stock assessment for striped bass (Northeast Fisheries

Science Center 2019)

Parameter

Natural
Mortality

Sex
Proportions-
at-age

Female
Maturity-at-
age

0.565 0.34 0.225 0.165 0.125 0.095 0.075 0.075 0.075

0.530 0.56 0.560 0.520 0.570 0.650 0.730 0.810 0.880

0.000 0.00 0.000 0.090 0.320 0.450 0.840 0.890 1.000

55

10 11 12 13 14

0.075 0.075 0.075 0.075 0.075

0.920 0.950 0.970 1.000 1.000

1.000 1.000 1.000 1.000 1.000

15+

0.075

1.000

1.000



Table 2.3. Likelihood components for the two stock spatially-explicit striped bass

model described in Chapter 2.

Num. Equation Description
2.3.1 Log-normal negative log-
(tncx ) - l”(X ) likelihood
ln(LCatch/Index) Z
232 —In(Leatch/surveypaa) Mult-inomial negative log-
0.5X(~PAA-PAA)* likelihood
_y < A )
233 —ln(mep) = —ESS Binomial negative log-
likelihood for stock
x| props_, » composition
< In <0.1 + Za=4:lage CAAs:1,r>
Zs,a=4:lage CAAT

+ (1 - propszl_r)

< In <0.1 + 2a=4:lage CAAszz,r>
Zs,a=4:lage CAAT

234 —In(Lyecruitment) Log—rlllorrgal negative log-
likelihood for recruitment

In(Rd
(in(Rdevs=qc)) deviations with mean of 0

y . .
+ (ln( R devs:cb)) and standard deviation of 1

2.3.5 1 (Feqr s—0 3)2 Log normal negative log-
—In(Lpeq) = P TR likelihood for equilibrium
fishing mortality with a
standard deviation of 0.1

2.3.6 (F _F )2 Log normal negative log-
—In(Lpgey) = devryes " deVry-its likelihood for F deviations
Fdev 0.52 with standard deviation of

0.5

2.3.7 Log-normal informative

2
0.5(pro — prop
—In(Locc) = Z v ps'r'atsz'a PTOPsrsa) priors of occupancy
sr,a srts,a pI‘Obabﬂity

2.3.8 (D q — X)Z Log-normal penalty on

—In(Lgp) = ————— selectivity parameters where
X is the mean and o is the
standard deviation

o2

239 _ Conditional log normal
) =1 if Pars 2 P2¢s  penalty on descending point
Da 10 X (P4, — pzts)z,if Pays < P2, Of inflection for double
logistic function
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Table 2.4. Comparison of stock composition for striped bass in the Ocean from this
study to estimates from previous studies. Aggregation of stocks compositions vary for
each study. Estimates from this study include the percent of Chesapeake Bay striped

bass (7-15+) in Ocean during July-December.

This
Study Location Year(s) Month(s) Stock Estimates Study
Fabrizio 1987 Rhode Island 1982 November Chesapeake Bay 54% 2.9%
Wirgin et al. 1993  Hudson River, 1989 Fall Chesapeake Bay 27% 37.9%
New York
Kneebone et Massachusetts 2008-  June- Chesapeake 55-67% 55.3-
al. 2014 2010 October Bay/Roanoke 59.5%
River
Hasegawa et Montauk, 2019 June- Chesapeake 78% 63.1%
al. 2022 New York October  Bay/Delaware (2017)
Bay
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Scale Age

Supplemental Table S2.1. Aging-error matrices used applied to the fisheries-

independent and dependent data sources. Striped bass used for to develop this matrix

were collected from Massachusetts, Rhode Island, and New Jersey that were aged

with both scales and otoliths. A) Aging error matrix for ages 1 to 15+; B) Aging error

matrix for ages 2 to 15+; C) Aging error matrix for age 2 to 13+.

A)
1 2
1 0667 0.051
2 0333 0.949
3 0 0
4 0 0
5 0 0
6 0 0
7 0 0
8 0 0
9 0 0
10 0 0
11 0 0
12 0 0
13 0 0
14 0 0
15+ 0 0
B)
2 3
2 1 0481
30 0444
@ 4 0 0074
E, 5 0 0
8 6 0 0
N
7 0 0
8 0 0
9 0 0

3
0
0.481
0.444
0.074

S O O O O o o o o o o

4
0

0.047
0.748
0.168
0.037

4
0

0.047
0.748
0.168
0.037

S O O O o o o o o

5
0

0
0.096
0.426
0.415
0.043
0.011
0.011

S O O W

0.096
0.426
0.415
0.043
0.011
0.011

S O o o o o

6
0

0
0.014
0.15
0.652
0.171
0.014

S o o &

0.014

0.15
0.652
0.171
0.014

S O O O o o o

0.003
0.036

0.27
0.593
0.075
0.022

Otolith Age
7 8 9 10 11 12 13 14 15+
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0.003 0 0 0 0 0 0 0 0
0.036 0 0 0 0 0 0 0 0
0.27 0.046 0.009 0 0 0 0 0 0
0.593 0.282 0.101 0.047 0.041 0 0 0.009 0.005
0.075 0.541 0.332 0.215 0.091 0.066 0.014 0.009 0.005
0.022  0.12 0.447 0366 0.231 0.077 0.041 0.009 0.01
0 0.012 0.097 0331 0.248 0.165 0.068 0.094 0.01
0 0 0.014 0.041 0331 0319 0.205 0.142 0.062
0 0 0 0 0.05 0352 037 0179 0.12
0 0 0 0 0.008 0.022 0.247 0.34 0.193
0 0 0 0 0 0 0.055 0.179 0.245
0 0 0 0 0 0 0 0.038 0.349
Otolith Age
8 9 10 1 2 3 14 15+
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0.046  0.009 0 0 0 0 0 0
0.282 0.101  0.047 0.041 0 0 0.009 0.005
0.541 0332 0.215 0.091 0.066 0.014 0.009 0.005
0.12 0.447 0.366 0.231 0.077 0.041 0.009 0.01
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10
11
12
13
14
15

oS o o o o o

)

Scale Age

oSO O o o o o

O 0 9 N N B~ WD

—_ = =
N = O

13+

— N

oSO O o o o o

3
0.481

0.444
0.074

S O O O O o o o o

o o o o o o

4

0.047
0.748
0.168
0.037

S O O o o o o

o o o o o o

6
0

0
0.014
0.15
0.652
0.171
0.014

S o o O

0.012  0.097

0 0.014

0

0
0
0

0

0
0
0

0.331
0.041

o o O

Otolith Age

7
0

0
0.003
0.036

0.27
0.593
0.075
0.022

oS o O

59

oS o o o

0.046
0.282
0.541

0.12
0.012

0
0

S O O O v

0.009
0.101
0.332
0.447
0.097
0.014

0

0

0.248 0.165 0.068
0.331 0319 0.205

0.05 0.352

0.008 0.022 0.247
0 0 0.055

0 0

10 1

S O©O o o O
S O O o O =

0.047 0.041
0.215 0.091
0.366 0.231
0.331 0.248
0.041 0.331

0 0.05

0 0.008

0.37

0.094  0.01
0.142  0.062
0.179  0.12

0.34 0.193
0.179  0.245

0 0.038 0.349

S O O o o o

0.066
0.077
0.165
0.319
0.352
0.022

13+

S O o o O

0.005
0.008
0.016
0.046
0.113
0.186
0.625



Supplemental Table S2.2. Final effective sample size (ESS) and log-scale standard
deviation (o) for each fishery fleet and fishery-independent survey used in the
spatially-explicit model. Surveys include the Chesapeake Bay Multispecies
Monitoring and Assessment Program (ChesMMAP), the Connecticut Long Island
Sound Survey (CTLIST), Delaware 30 Foot Trawl Survey (DE30), Delaware
Spawning Stock Electrofishing Survey (DESSN), Maryland Spawning Stock Survey
(MDSSN), New Jersey Bottom Trawl Survey (NJBT), and New York Ocean Haul

Seine Survey (NYOHS).

Survey/Fishery Time-step - ESS
Ocean Fleet 1 0.2 25
Ocean Fleet 2 0.2 25
Chesapeake Bay Fleet 1982-1989 1 0.2 15
Chesapeake Bay Fleet 1982-1989 2 0.2 15
Chesapeake Bay Fleet 1990-2017 1 0.2 25
Chesapeake Bay Fleet 1990-2017 2 0.2 25
ChesMMAP 1 0.41 15
ChesMMAP 2 0.43 15
DE30 2 0.77 15
CTLIST 1 0.51 15
CTLIST 2 0.75 15
MDSSN 1 030 32
NIBT 2 0.76 15
DESSN 1 040 27
NYOHS 1 046 16
NY1 2 054 -
MD1 2 0.66 -
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Survey/Fishery Time-step

ESS
NYYOY 2 0.50 -
NJYOY 2 050 -
CBYOY 2 052 -
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Supplemental Table S2.3. 6-month natural mortality used for each region in

sensitivity run to evaluate time-varying natural mortality estimated from Schonfeld

(2023). Natural mortality was assumed to be the same for each 6-month time-step.

Region

Ocean

Ocean

Ocean

Chesapeake
Bay

Chesapeake
Bay

Chesapeake
Bay

Years

1982-
1999

2000-
2009

2010-
2017

1982-
1999

2000-
2009

2010-
2017

0.565

0.565

0.565

0.565

0.833

0.715

0.265

0.375

0.489

0.276

0.833

0.715

0.142

0.140

0.112

0.148

0.208

0.324

0.166

0.179

0.234

0.145

0.180

0.191

0.084

0.102

0.103

0.126

0.229

0.289

0.072

0.112

0.175

0.098

0.211

0.138

0.056

0.070

0.057

0.138

0.168

0.319

62

0.078

0.071

0.078

0.058

0.203

0.288

0.022

0.021

0.047

0.166

0.226

0.351

10

0.033

0.066

0.081

0.121

0.219

0.307

11

0.061

0.051

0.059

0.040

0.035

0.131

12

0.061

0.051

0.059

0.040

0.035

0.131

13

0.061

0.051

0.059

0.040

0.035

0.131

14

0.061

0.051

0.059

0.040

0.035

0.131

15+

0.061

0.051

0.059

0.040

0.035

0.131



Supplemental Table S2.4. Assumptions of movement, natural mortality, selectivity,

and aging error for the models used in sensitivity analyses for a spatial, multi-stock

model for striped bass. The base model the multi-stock, spatially-explicit population

model for striped bass described. All sensitivity models were the same as the base

model with the exception of the specific aspects that were modified. Model 2 and 4

did not apply an aging error matrix (Table S2.1) to catch-at-age for the fishery or

surveys. Model 3 and 4 assumed selectivity for the Chesapeake Bay (CB) followed a

logistic function. Model 5 explored how priors of occupancy probabilities impacted

model output. Model 6 evaluated assumptions of natural morality by assuming

spatially- and time-varying mortality in the Chesapeake Bay (Table S2.3).

Model

No. Model Name
1 Base
) Without
Aging Error
3 Logistic
Logistic
4 Without
Aging Error
5 Occupancy
50%
6 Time Varying
M

Error in Age
Composition

Yes

No
Yes

No

Yes

Yes

Chesapeake

Bay

Selectivity

Double
Logistic
Double
Logistic
Logistic

Logistic

Double
Logistic

Double
Logistic

63

Occupancy Natural

Probabilities Mortality

Base Constant
Base Constant
Base Constant
Base Constant
CB Reduced Constant
Jan-Jun
Vary across
Base Time and
Space



2.10 Figures
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Figure 2.1. Study region of spatially-explicit population model. The red box

represents the Chesapeake Bay region. The portions outside of the red box, represent
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the Ocean region, excluding “inland” North Carolina, waters inside of Albemarle

sound and the Roanoke River.
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Figure 2.2. Estimated recruitment (age-1) for the Atlantic coast (blue) and

Chesapeake Bay (red) striped bass stocks. The solid lines represent the maximum

likelihood estimates of recruitment and the shaded regions represent approximate

95% confidence intervals.
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Figure 2.3. Estimated abundance (Ages 1-15+) of striped bass from the Atlantic coast
(blue) and Chesapeake Bay (red) stocks. The dashed black line represents the
estimated abundance of both stocks combined. The solid lines represent the best
estimates for each stock, and the shaded region represents approximate 95%

confidence intervals.
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Figure S2.4. Estimates of abundance in numbers for striped bass (7-15+) in the
Chesapeake Bay (top) and Ocean region (bottom) in January-June (left) and July-
December (right). The solid-colored lines represent estimates of abundance from the
spatially-explicit model where orange represents estimates for the Chesapeake Bay
stock and blue represents estimates for the Atlantic Coast stock. The colored shaded

regions correspond to approximately 95% confidence intervals.
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Figure 2.5. Total spawning stock biomass for striped bass for in January-June for the
Atlantic coast stock (blue) and Chesapeake Bay stock (orange). The solid line
represents the best estimates for each stock and the shaded regions represents

approximate 95% confidence intervals.
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Figure 2.6. Estimated fishery selectivity for striped bass (1-15+) over time for the
Ocean fleet. The columns indicate the time-step during the year where the first

column is selectivity from January through June and the second column is fishery
selectivity from June through December. The rows correspond to the fishery time-

block through time, where the first row is the Moratorium from 1982-1989, the

70



second row is the Post-Moratorium block from 1990-1994, the third row is the
Recovery block from 1995-2014, and the fourth row is the Recent Block from 2015-

2017.
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Figure 2.7. Estimated fishery selectivity for striped bass (1-15+) over time for the
Chesapeake Bay fleet. The columns indicate the time-step during the year where the
first column is selectivity from January through June and the second column is
fishery selectivity from June through December. The rows correspond to the fishery

time-block through time, where the first row is the Moratorium from 1982-1989, the
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second row is the Post-Moratorium block from 1990-1994, the third row is the
Recovery block from 1995-2014, and the fourth row is the Recent Block from 2015-

2017.
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Figure 2.8. Estimated weighted average instantaneous fishing mortality (F) rates for

each 6-month period (6mo 1) for striped bass (7-15+) in the Chesapeake Bay region

(orange) and the Ocean region (blue) during January-June (left) and July-December

(right). F is weighted based on abundance of each age class in a given region during

each time-step. The dashed lines represent the maximum likelihood estimates of

Fémo~? and the shaded regions represent approximate 95% confidence intervals.
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Figure 2.9. Estimated stock specific annual fishing mortality (Fyr 1) for striped bass
(7-15+) for the Chesapeake Bay stock (orange) and Atlantic coast stock (blue) during
1982-2017. The solid lines represent the maximum likelihood estimates of (Fyr~1)

and the shaded regions represent approximate 95% confidence intervals.
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Figure 2.10. Estimated occupancy probability for striped bass (1-15+) in the Ocean

region during January-June (left) and July-December). The solid-colored lines

correspond to estimates of occupancy for the Atlantic coast stock (blue) and the

Chesapeake Bay stock (orange) and the error bars correspond to approximately 95%

confidence intervals. The black dashed lines correspond to the informative priors

derived from conventional tagging data from Schonfeld (2023) and the and the gray

shaded regions correspond to approximately 95% confidence intervals. The black
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solid lines correspond to the informative priors derived from acoustic tagging data
from Secor et al. 2020 and the gray shaded area is approximately the 95% confidence

intervals.
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Figure 2.11. Estimated survey selectivity of striped bass for each fishery-independent
survey in the Ocean (blue) and Chesapeake Bay (orange) regions during each time-
step. The solid lines are selectivity for the January-June time-step and dashed lines
are for selectivity estimated for the July-December time-step. The selectivity

functions represent the Chesapeake Bay Multispecies Monitoring and Assessment
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Program (ChesMMAP), the Connecticut Long Island Sound Survey (CTLIST),
Delaware 30 Foot Trawl Survey (DE30), Delaware Spawning Stock Electrofishing
Survey (DESSN), Maryland Spawning Stock Survey (MDSSN), New Jersey Bottom

Trawl Survey (NJBT), and New York Ocean Haul Seine Survey (NYOHS).
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Figure S2.1. Comparison of age classification for striped bass aged with scales and
otolith. Striped bass were collected from Rhode Island, Massachusetts, and New
Jersey. The solid line represents when scale ages would equal the otolith ages. The
dashed black line represents the linear regression through the observed age
comparisons. The lower and upper hinge of the box represents the 25th and 75th
percentiles. The middle line represents the median. The whiskers extend to the

minimum and maximum values.
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Supplemental Figure S2.2. Components of the total likelihood objective function for
the spatially-explicit population model. The penalty names correspond to the negative
log likelihood component that contributes to the total negative log likelihood
(nll_tot). For the L_index component, the total contributions are separated for each
targeted age class and survey. Surveys include the Chesapeake Bay Multispecies
Monitoring and Assessment Program (ChesMMAP), the Connecticut Long Island
Sound Survey (CTLIST), Delaware 30 Foot Trawl Survey (DE30), Delaware
Spawning Stock Electrofishing Survey (DESSN), Maryland Spawning Stock Survey
(MDSSN), New Jersey Bottom Trawl Survey (NJBT), New York Ocean Haul Seine
Survey (NYOHS), Maryland Yearling Survey (MD1), the New York Yearling Survey
(NY1), the Atlantic Coast YOY surveys (which include the New York YOY survey

and New Jersey YOY survey), and the Chesapeake Bay YOY aggregate survey.
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Supplemental Figure S2.3. Estimates of striped bass (1-15+) total catch over time in
the Chesapeake Bay (top) and Ocean region (bottom) during January-June (left) and
July-December (right). The solid black lines correspond to the best estimates of total

catch and the red circles represent the observed total catch for reach region.
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Supplemental Figure S2.4. One-step ahead residual plots for the estimated age

composition for the Chesapeake Bay fleet in January-June. The top left plot shows

positive (blue) and negative (red) one-step ahead residuals for each age-class and

year, and the size of the circle represents the relative size of the residual. The top right

plot shows the autocorrelation function for each age (green), year (purple) and cohort

(orange). The bottom left plot shows the quantile plots of residuals for each age
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(colored circles), where the black line represents normally distributed errors. The

bottom right plot represents the dispersion of residuals through time.
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Supplemental Figure S2.5. One-step ahead residual plots for the estimated age
composition for the Chesapeake Bay fleet in July-December. The top left plot shows
positive (blue) and negative (red) one-step ahead residuals for each age-class and
year, and the size of the circle represents the relative size of the residual. The top right
plot shows the autocorrelation function for each age (green), year (purple) and cohort

(orange). The bottom left plot shows the quantile plots of residuals for each age
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(colored circles), where the black line represents normally distributed errors. The

bottom right plot represents the dispersion of residuals through time.
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Supplemental Figure S2.6. One-step ahead residual plots for the estimated age

composition for the Ocean fleet in January-June. The top left plot shows positive

(blue) and negative (red) one-step ahead residuals for each age-class and year, and the

size of the circle represents the relative size of the residual. The top right plot shows

the autocorrelation function for each age (green), year (purple) and cohort (orange).

The bottom left plot shows the quantile plots of residuals for each age (colored

87



circles), where the black line represents normally distributed errors. The bottom right

plot represents the dispersion of residuals through time.
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Supplemental Figure S2.7. One-step ahead residual plots for the estimated age

composition for the Ocean fleet in July-December. The top left plot shows positive

(blue) and negative (red) one-step ahead residuals for each age-class and year, and the

size of the circle represents the relative size of the residual. The top right plot shows

the autocorrelation function for each age (green), year (purple) and cohort (orange).

The bottom left plot shows the quantile plots of residuals for each age (colored
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circles), where the black line represents normally distributed errors. The bottom right

plot represents the dispersion of residuals through time.
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Supplemental Figure S2.8. Estimated residuals for the fishery-independent surveys.

The black solid line are the logged residuals that subtract the predicted trend from the

obs—est
sd

observed trend divided by the standard deviation ( ). The red dotted line

indicates when the residual would be zero. The months correspond to time-step the
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survey was conducted in. Residuals are presented for the Chesapeake Bay
Multispecies Monitoring and Assessment Program (ChesMMAP), the Connecticut
Long Island Sound Survey (CTLIST), Delaware 30 Foot Trawl Survey (DE30),
Delaware Spawning Stock Electrofishing Survey (DESSN), Maryland Spawning
Stock Survey (MDSSN), New Jersey Bottom Trawl Survey (NJBT), and New York

Ocean Haul Seine Survey (NYOHS).
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Supplemental Figure S2.9. One-step ahead residual plots for the Chesapeake Bay

Multispecies Monitoring and Assessment Program (ChesMMAP) survey’s estimated

age-composition in January-June. The top left plot shows positive (blue) and negative

(red) one-step ahead residuals for each age-class and year, and the size of the circle

represents the relative size of the residual. The top right plot shows the

autocorrelation function for each age (green), year (purple) and cohort (orange). The

bottom left plot shows the quantile plots of residuals for each age (colored circles),
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where the black line represents normally distributed errors. The bottom right plot

represents the dispersion of residuals through time.
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Supplemental Figure S2.10. One-step ahead residual plots for the Chesapeake Bay
Multispecies Monitoring and Assessment Program (ChesMMAP) survey’s estimated
age-composition in July-December. The top left plot shows positive (blue) and
negative (red) one-step ahead residuals for each age-class and year, and the size of the
circle represents the relative size of the residual. The top right plot shows the
autocorrelation function for each age (green), year (purple) and cohort (orange). The

bottom left plot shows the quantile plots of residuals for each age (colored circles),
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where the black line represents normally distributed errors. The bottom right plot

represents the dispersion of residuals through time.
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Supplemental Figure S2.11. One-step ahead residual plots for the Connecticut Long
Island Sound Survey’s (CTLIST) estimated age-composition in January-June. The top
left plot shows positive (blue) and negative (red) one-step ahead residuals for each
age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of

residuals for each age (colored circles), where the black line represents normally
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distributed errors. The bottom right plot represents the dispersion of residuals through

time.
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Supplemental Figure S2.12. One-step ahead residual plots for the Connecticut Long
Island Sound Survey’s (CTLIST) estimated age-composition in July-December. The
top left plot shows positive (blue) and negative (red) one-step ahead residuals for
each age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of

residuals for each age (colored circles), where the black line represents normally
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distributed errors. The bottom right plot represents the dispersion of residuals through

time.
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Supplemental Figure S2.13. One-step ahead residual plots for the Delaware 30 Foot
Trawl Survey’s (DE30) estimated age-composition in July-December. The top left
plot shows positive (blue) and negative (red) one-step ahead residuals for each age-
class and year, and the size of the circle represents the relative size of the residual.
The top right plot shows the autocorrelation function for each age (green), year
(purple) and cohort (orange). The bottom left plot shows the quantile plots of

residuals for each age (colored circles), where the black line represents normally
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distributed errors. The bottom right plot represents the dispersion of residuals through

time.
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Supplemental Figure S2.14. One-step ahead residual plots for the Delaware
Spawning Stock Survey’s (DESSN) estimated age-composition in January-June. The
top left plot shows positive (blue) and negative (red) one-step ahead residuals for
each age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of

residuals for each age (colored circles), where the black line represents normally
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distributed errors. The bottom right plot represents the dispersion of residuals through

time.
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Supplemental Figure S2.15. One-step ahead residual plots for the Maryland
Spawning Stock Survey’s (MDSSN) estimated age-composition in January-June. The
top left plot shows positive (blue) and negative (red) one-step ahead residuals for
each age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of

residuals for each age (colored circles), where the black line represents normally
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distributed errors. The bottom right plot represents the dispersion of residuals through

time.
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Supplemental Figure S2.16. One-step ahead residual plots for the New Jersey
Bottom Trawl (NJBT) survey’s estimated age-composition in January-June. The top
left plot shows positive (blue) and negative (red) one-step ahead residuals for each
age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of

residuals for each age (colored circles), where the black line represents normally
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distributed errors. The bottom right plot represents the dispersion of residuals through

time.
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Supplemental Figure S2.17. One-step ahead residual plots for the New York Ocean
Haul Seine (NYOHS) survey’s estimated age-composition in January-June. The top
left plot shows positive (blue) and negative (red) one-step ahead residuals for each
age-class and year, and the size of the circle represents the relative size of the
residual. The top right plot shows the autocorrelation function for each age (green),
year (purple) and cohort (orange). The bottom left plot shows the quantile plots of

residuals for each age (colored circles), where the black line represents normally
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distributed errors. The bottom right plot represents the dispersion of residuals through

time.
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Supplemental Figure S2.18. Estimated log standardized residuals of the index of
abundance for the fishery-independent Age-1 surveys for striped bass. The black solid

line are the logged residuals that subtract the predicted trend from the observed trend

obs—est
sd

divided by the standard deviation ( ). The red dotted line indicates when the

residual would be equal to zero. Estimates are provided for the Maryland Yearling

Survey (MD1) and the New York Yearling Survey (NY1).
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Supplemental Figure S2.19. Estimated log standardized residuals of the index of
abundance for the fishery independent young-of-the-year surveys for striped bass.

The black solid line are the logged residuals that subtract the predicted trend from the

obs—est
sd

observed trend divided by the standard deviation ( ). The red dotted line

indicates when the residual would be equal to zero. Estimates are provided for the
Chesapeake Bay YOY Index (CBYOY), the New Jersey YOY Survey (NJYOY), and
the New York YOY Survey (NYYOY). The CBYOY is an aggregate index of YOY
abundance for the Chesapeake Bay, with data from the Virginia YOY survey
conducted by the Virginia Institute of Marine Science and the Maryland YOY survey

conducted by the Maryland Department of Natural Resources.
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Supplemental Figure S2.20. Estimated striped bass spawning stock biomass (SSB)
for the base model and five sensitivity runs of the spatially-explicit multi-stock model

(see Table S2.4 for definitions of runs).
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Supplemental Figure S2.21. Mean estimates of abundance for striped bass (7-15+)

for each stock, region, and 6-month time-step estimated from sensitivity runs. The top

two rows correspond to estimates in the Chesapeake Bay region for both stock in both
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time-steps, and the bottom two rows correspond to estimates in the Ocean region for

both stock in both time-steps (see Table S4.4 for definition of runs).
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Supplemental Figure S2.22. Estimated weighted average of instantaneous fishing
mortality (F) for each 6-month time-step (6mo~1) for striped bass (7-15+) from
sensitivity runs. The top row is estimates in the Chesapeake Bay region and the

bottom row is estimates from the Ocean region (see Table S4.4 for definition of runs).
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Chapter 3: Identifying data needs for spatially-explicit
population models with implications for striped bass

3.1 Abstract

Simulation studies are useful for determining the implications of available data and
mis-specified model structure on the accuracy of model estimates of abundance and
fishing mortality. A multi-stock, spatially-explicit population model was developed to
estimate abundance of striped bass Morone saxatilis in the Chesapeake Bay and along
the Atlantic coast. However, this model has not been evaluated to understand how the
accuracy of model estimates are affected by different assumptions of stock structure,
age composition, and movement, compared to current methods used to inform
management decisions. The goals of our study were to assess the performance of
spatially-explicit models compared to spatially-implicit (i.e., fleets-as-areas) models
in estimating abundance of striped bass in the Chesapeake Bay, determine how
improved data quality (e.g., stock composition) affects spatially-explicit model
performance, and characterize the effect of aging error on model accuracy. We
conducted a simulation study to evaluate the accuracy of spatial assessment models
under alternative scenarios of data availability and quality. Datasets with alternative
amounts of information on stock structure and aging information were generated, and
a range of estimation models with alternative assumptions about spatial dynamics and
time-varying biological processes were fitted to the datasets. We found spatially-
explicit estimates were approximately unbiased when they closely matched the
assumptions of the data generating model. Data on stock composition or informative

priors on occupancy probabilities were necessary for the spatially-explicit, multi-
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stock assessment models. Models that ignored potential aging bias in datasets yielded

biased and inaccurate estimates of abundance, biomass, and fishing mortality.

3.2 Introduction

In recent decades, significant advances have been made to incorporate spatial
dynamics into fisheries population modeling (Berger et al., 2016; Cadrin, 2020;
Cadrin and Secor, 2009; Goethel et al., 2023, 2011; Punt, 2019a). Spatially-explicit
models improve model accuracy when populations exhibit movement among regions,
spatially-varying recruitment, or other spatially-varying life history characteristics
(Berger et al., 2016; Goethel et al., 2023; Goethel and Berger, 2016; Guan et al.,
2013; Punt, 2019a; Punt et al., 2015). Many assessment models assume a single
closed population, with homogenous fishing mortality and life history characteristics
across its range (Goethel et al., 2011). However, many fish stocks have some degree
of spatial complexities including in migration, spawning behavior, or fishery
characteristics (Berger et al., 2016; Cadrin, 2020). Further, assessments commonly
model stock structure based on management or geopolitical boundaries, which can
improperly split populations into subpopulations (Cadrin, 2020; Goethel et al., 2011;
Smedbol and Stephenson, 2001). Ignoring spatial complexities in assessments may
cause bias in estimated abundance and fishing mortality rates and reduce the ability to
estimate accurate reference points or biological indicators (Cope and Punt, 2011,
Goethel et al., 2023; Guan et al., 2013), which may have negative effects on
management performance (Berger et al., 2016). However, identifying spatial
boundaries and biological considerations is challenging for many species (Cadrin,

2020; Cadrin and Secor, 2009; Goethel et al., 2023). Additionally, spatially-explicit
129



models often rely on increased data requirements (e.g., tagging studies) for accurate
estimates (Goethel et al., 2011).

Management decisions for striped bass Morone saxatilis are informed by a
spatially-implicit fleets-as-areas (FAA) stock assessment model that assumes striped
bass are homogenously mixed in a single area from Maine to North Carolina
(Northeast Fisheries Science Center, 2019). Additionally, the FAA model assumes a
single stock, although the includes multiple distinct spawning stocks (Dorazio et al.,
1994; Hasegawa et al., 2022; Kneebone et al., 2014; Northeast Fisheries Science
Center, 2019). Management measures differ among and within states, which likely
causes spatially variable fishing mortality. Striped bass are a highly migratory species
with movement patterns that vary by sex and size (Schonfeld 2023; Kneebone et al.
2014; Secor et al. 2020). Their migration exposes them to spatially differing fishing
mortality throughout the year. Ignoring spatial complexities in assessment models for
striped bass may provide incorrect management advice.

Simulation studies are useful for determining the implications of available
data and mis-specified stock structure on accuracy of spatial models (Kerr and
Goethel, 2013). Simulation analyses develop operating models that represent “real
world” conditions by simulating data based on initialized conditions, process
dynamics, and observation error (Goethel et al., 2015; Kerr and Goethel, 2013).
Operating models are then used to test assessment models by comparing assessment
model estimates to the simulated truth generated by the operating models (Goethel et
al., 2015; Kerr and Goethel, 2013). For example, simulation studies for Atlantic

herring Clupea harengus showed that ignoring stock structure in population models
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can lead to an underestimation of stock decline or an overestimation of the probability
of recovery (Kell et al., 2009). Additionally, adding stock composition data for lake
whitefish Coregonus clupeaformis was shown to reduce bias in estimates of SSB and
recruitment (Li et al., 2018). Goethel et al. (2015) found that tagging data were
necessary to accurately estimate stock dynamics of Yellowtail flounder Limanda
ferruginea, even when tagging data had substantial uncertainty. When uncertainties
exist in model specification, simulations can be utilized to understand how
assumptions impact model estimates (Goethel et al., 2023; Kerr and Goethel, 2013).
A multi-stock, spatially-explicit assessment model was developed for striped
bass to estimate abundance and fishing mortality in the Chesapeake Bay and along
the Atlantic coast (Chapter 2). This spatially-explicit model, as well the assessment
model currently used to inform management decisions, relies on data that has little
information on the relative contribution of each spawning population to the fishery or
each survey. Therefore, an important question is to determine the effect of alternative
amounts and types of stock composition data on spatial assessment model
performance. Furthermore, a compounding problem is that many fisheries-
independent data sources used for the striped bass stock assessment rely on scale-
aged fish to inform age composition. Scale ages commonly overestimate ages of
striped bass under age-8 and underestimate fish that are above age-8 (Liao et al.,
2013), providing statistically different underestimates for ages above 11 years old
(Secor et al., 1995). Further, otoliths provide more accurate age estimates for striped
bass than scales (Liao et al., 2013). Previous studies have demonstrated different

perceived patterns in length- and weight-at-age of otolith-aged relative to scale-aged
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striped bass (Schiano, 2022). Because the oldest age class in the spatially-explicit
model and models used for management is 15+ and age composition primarily is
determined by scale-aged fish, aging error could potentially create bias in model
estimates.

Our goal was to evaluate the accuracy of spatially-explicit multi-stock and
spatially-aggregated single stock assessment models for striped bass under alternative
scenarios of data availability and quality. Additionally, we determined whether the
performance of a multi-stock, spatially-explicit model was improved with increased
stock composition data. We also investigated the effect of aging error on model

accuracy.

3.3 Methods

We evaluated model performance of five estimation models under alternative
scenarios of data quality and spatial complexity. A spatially-explicit operating model
was developed to approximate striped bass dynamics in the Chesapeake Bay and
along the Atlantic coast during 1990-2017. The operating model considered two
spawning stocks and two regions. Datasets were generated with observation error
from the operating model. The five estimation models were either spatially-explicit
(SE) or spatially-implicit fleets-as-areas. Each estimation model differed in its
assumed stock structure, assumptions of movement and recruitment, and whether
aging error was accounted for in fishery age composition data. The simplest
assessment model was built to match the current striped bass stock assessment
(Northeast Fisheries Science Center, 2019), which is a spatially-implicit statistical

catch-at-age model with FAA (FAAT1). This FAA model assumed a single stock and a
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single region. Thus, it does not account for movement or stock structure (Goethel et
al., 2023; Punt et al., 2016). However, FAA models implicitly represent spatial
structure through the use of fishery fleets for different regions by estimating region-
specific fishery selectivity patterns. The SE models assumed two stocks and two
regions. Estimates of abundance, fishing mortality, and reference points that describes
the fishing mortality rate that achieves a specific spawning potential ratio from each
estimation model were compared to the true simulated values to determine model
accuracy. The simulated datasets represented a 30-year period. For each set of

operating model assumptions, 500 simulations were run.

3.3.1 Operating Model

Striped bass data were simulated using an operating model to represent the
true dynamics of the system and generate datasets of total catch, catch proportions-at-
age, fisheries-independent survey catch, and survey age-proportions. The operating
model included age-specific processes, such as natural mortality and selectivity, that
were similar to those from the most recent stock assessment (Northeast Fisheries
Science Center, 2019). Additionally, the operating model assumed two stocks, two
regions, and assumed movement and biological processes occur in two sub-annual
time-steps. The operating model was written in R (R Core Team, 2020).

Population dynamics in the operating model closely followed the multi-stock,
spatially-explicit model described in Chapter 2 and used parameter estimates from
Chapter 2 to generate datasets to test the performance of alternative assessment
models. The operating model generated 30-year time series that were similar to the

striped bass population dynamics estimated during 1990-2017 from Chapter 2.
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Variable definitions are in Table 3.1, and model equations are in Table 3.2. Initial
abundance-at-age by stock was calculated assuming each stock was in equilibrium in
the first year (Eq. 3.2.1). Median recruitment for each stock was based on estimated
recruitment for each stock (Chesapeake Bay and Atlantic coast) from Chapter 2
(Table 3.1). Annual recruitment was then calculated with log-normal deviations from
the median recruitment (Eq. 3.2.2) with a standard deviation that was estimated for
each stock from Chapter 2 (Table 1, Eq. 3.2.3). Fishing mortality (Feq) in the first
year was assumed to be similar for each stock (Eq. 3.2.4) and the equilibrium fishing
mortality for fully selected ages was set to 0.2 (Table 3.1). Equilibrium selectivity for
each stock was assumed to be a logistic function (Eq. 3.2.5). Total abundance-at-age
in the first subannual time step was calculated using an exponential mortality model
summed over regions (Eq. 3.2.6-3.2.7), and the plus group included all fish age 15
and older (Eq. 3.2.8-3.2.9). Movement was calculated to occur after mortality at each
6-month time-step based on the estimates of occupancy probabilities for each stock
during each time-step from Chapter 2 (Eq. 3.2.10).

Total instantaneous mortality for each region, year, and time-step was
calculated by adding natural mortality for each age to the instantaneous fishing
mortality-at-age for each region, year, and time-step (Eq. 3.2.11). Average fishing
mortality for each region and time-step was set to the average mortality estimated
from Chapter 2 during 1990-2017. Instantaneous fishing mortality rates for each
region and time-step (Eq. 3.2.12) were the product of selectivity, the fishing intensity,
and log-normal deviations for each region and time-step that were derived from the

estimated fishing mortality rates in Chapter 2. Fishery selectivity was specified as
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logistic (Eq. 3.2.13) in the Ocean region and double logistic (Eq. 3.2.14) in the
Chesapeake Bay region, and the selectivity patterns were assumed to be constant over
time and time-steps. The fishery selectivity parameters were based on estimates from
Chapter 2 but were simplified to reduce operating model complexity. The operating
model assumed that one multi-age (1-15+) fishery-independent survey was conducted
in each region for each time-step, for a total of four surveys conducted each year.
Logistic functions were specified for surveys in the Chesapeake Bay surveys and
double logistic functions were used for surveys in the Ocean region. Constant
catchability was assumed for each survey based on catchability estimated for a
fishery-independent survey in the Chapter 2 (Table 3.1). Age-specific natural
mortality was assumed to be the same for each time-step and region and was the same
assumption made in Chapter 2 as well as the annual rate used in the current
benchmark assessment (Table 3.1, Northeast Fisheries Science Center, 2019).
Spawning stock biomass was calculated as the product of abundance for each stock in
a time-step, the proportion female-at-age, the proportion mature-at-age, and the
weight-at-age assumed for spawners (Eq. 3.2.15). We used the same values as the
current benchmark assessment (Northeast Fisheries Science Center, 2019) for
maturity-at-age and proportion female-at-age, that were constant for all years.
Additionally, we used a 30-year time-series of mean weight-at-age for 1987-2017
from the benchmark assessment in our operating model (Table S3.1).

We calculated the true values of fishing mortality reference points from the
operating model using the spawning potential ratio (SPR) based on a rescaled version

of the methods used in the Woods Hole Assessment Model (Miller, 2023). SPR was
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calculated as the weighted average SSB per recruit in the fished condition across
stocks divided by weighted average SSB per recruit in the unfished conditions. Full
descriptions of the equilibrium model to calculate reference points are found in the

Supplemental Material 3.8.1.

3.3.2 Data Generation

Datasets were generated from the operating model by applying random
observation errors to the true simulated values to match typical data sources used in
statistical catch-at-age models. Simulated data for each of the five assessment models
included catch per fleet in each region, proportions of catch-at-age for each fleet, age
composition from each fleet, and indices of abundance and age composition for each
of the fisheries-independent surveys. Datasets were initially created for two stocks,
two spatial regions, and for 6-month time-steps. Next, datasets were then aggregated
over time, stocks, and/or regions to match the data structure of each assessment
model. Detailed calculations and descriptions for each dataset used in the five
estimation models can be found in the Supplemental Material 3.8.2.

Fishery catch-at-age was calculated for each stock, time-step, and region using
the Baranov catch equation (Eq. 3.2.16). To understand the effect of aging error on
model estimates, catch-at-age for the fishery and multi-age surveys for all models
were simulated with aging error to match scale-aged patterns (Eq. 3.2.17). Observed
proportions-at-age were generated for the fishery by applying an aging error matrix
(Table S3.2) based on assignment probabilities of scale-aged fish relative to otolith-
aged fish (Chapter 2, Eq. 3.2.17). Total catch was calculated as the sum of catch-at-

age across ages for each stock, region, and time-step (Eq. 3.2.18). Observed catch
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proportions-at-age for the fishery were calculated as the number of fish caught in an
age class, divided by the total number of fish caught that year for each stock, region,
and time-step (Eq. 3.2.19).

The fishery-independent survey for each region and time-step were assumed
to be conducted at the beginning of each time-step (i.e., January 1 or July 1). True
survey catch-at-age was calculated based on the abundance of each stock in the
corresponding time-step and region, catchability, and selectivity (Eq. 3.2.20).
Observed survey catch-at-age with aging error was found by applying the aging error
matrix to the true survey catch-at-age (Eq. 3.2.21). Stock specific indices of
abundance for each survey were then found by summing the observed survey catch-
at-age with aging error across ages (Eq. 3.2.22). Observed catch and the survey
indices of abundance included a log-normal observation error (Table 3.3).

For each dataset, the log-scale standard deviations and effective sample sizes
for observation error were based on the values assumed in Chapter 2 (Table 3.3).
Log-normal observation error with a log-scale standard deviation of 0.2 was assumed
to generate total catch for each stock, region, time-step, and year (Eq. 3.2.26). Log-
normal observation error with a log-scale standard deviation of 0.4 was used to
generate the indices of abundance for each fishery-independent survey (Eq. 3.2.27).
Multinomially distributed samples were drawn to produce the observed fishery catch-
at-age based on the true proportions-at-age and an ESS. The ESS was calculated
based on the observed proportions of striped bass from a given stock in a region
during a specific time-step such that the ESS summed to 100 for each region and year

(Eq. 3.2.28). Multinomial observation error was assumed to calculate the catch-at-age

137



in the fishery-independent surveys and was controlled by a weighted ESS that
summed to 100 for each region and year (Eq. 3.2.29). Log-normal observation error
with a log-scale standard deviation of 0.5 was assumed to generate the indices of
abundance for the age-1 and young-of-the-year surveys.

For the SE models, fishery and survey datasets were generated for each
region, stock, and 6-month time-step. The FAA models represented the population as
a single stock within one region with two “regional” fleets and four multi-age surveys
on an annual time step. Therefore, for the FAA models, observed survey catch-at-age
datasets were aggregated over subannual time-steps to match the annual time step of
the FAA model. Similarly, observed fishery catch and proportions-at-age remained
disaggregated by regions with each region representing a fleet. The same data from
the surveys were used in the FAA and SE models. However, in the FAA models, data
from the surveys were assumed to represent annual changes in abundance and
recruitment of both stocks combined.

The effect of increased stock composition data (i.e., proportion of each stock
in the fishery catch or survey) was evaluated by comparing spatially-explicit models
with different types of stock information. Datasets for two SE estimation models
(SE1 and SE2, Table 3.4) were generated without stock composition data in the
fisheries or surveys. The stock-aggregated datasets were generated by summing
stock-specific datasets over stocks. For example, the index of abundance for each
survey was aggregated over the Chesapeake Bay stock and the Atlantic coast stocks
to provide a single index of abundance for each spatial region and time-step. Datasets

for a SE model with increased stock composition data (SE3, Table 3.4) included
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disaggregated stock structure for the last 10 years of the time series for fishery catch,
fishery catch proportions-at-age, the multi-age indices of abundance, and the
proportions-at-age for the multi-age surveys, where the first 20 years had no stock

composition data available.

3.3.3 Estimation Models

Five assessment models were evaluated under each data generating scenario
(Table 3.4). The first model was an FAA model with two fleets that resembled the
current assessment model used to inform management (FAAT1). The two fleets for the
FAA model were the Chesapeake Bay fleet and the Ocean fleet. FAA1 assumed a
single region, a single unit stock, and annual time-steps. FAA1 did not correct for
aging error. The second model was an FAA model that corrected for aging error
(FAAZ2). The third model was a multi-stock, SE population model that assumed two
spatial regions, two stocks, and two 6-month time-steps (SE1). However, the SE1
model did not correct for aging error. The fourth model was an SE model similar to
SE1, but it corrected for aging error (SE2). SEI and SE2 also included informative
priors on the occupancy probabilities based on tagging data (Chapter 2). The fifth
model was an SE model that incorporated additional data on stock composition for
the last ten years and included aging error (SE3), but it did not include informative
priors on the occupancy probabilities.

The five assessment models estimated abundance, spawning stock biomass,
and fishing mortality. Each model was a statistical catch-at-age model that tracked
cohorts through time, with spatially-implicit (FAA) or SE assumptions. Fishing

mortality and selectivity were estimated for each fleet (Ocean and Chesapeake Bay).
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All estimation models were coded in ADMB (Fournier et al., 2012). The two FAA
models estimated abundance, fishing mortality rates, and spawning stock biomass
assuming a single coastwide stock in a single area with an annual time step. The three
SE models estimated abundance and spawning stock biomass for each region, stock,
and 6-month time-step. Recruitment was estimated for each stock in the first time-
step of each year. Fishing mortality was estimated for each region and time-step.
Fishery selectivity was estimated for each region, time-step, and for two 15-year
time-blocks. Finally, the SE models estimated occupancy probabilities for each stock
in each region and time-step using informative priors from the results of Chapter 2 for
SE1 and SE2. SE3 did not include a prior on the occupancy probabilities. For the
three SE models, fishery catch, indices of abundance, and proportions-at-age were
estimated with similar equations and dynamics defined in the operating model (Table
3.2). For the three models that corrected for aging error (FAA2, SE2, SE3), an aging
error matrix was applied to catch-at-age for the fishery dependent and independent
data sources (Eqgs. 3.2.17, 3.2.21).

The dynamics equations for the FAA model (e.g., abundance-at-age) were the
same as the equations defined in Table 3.2, but occurred in one region, over one
annual time-step, and for one stock (Table 3.5). Abundance was calculated as the
abundance in the previous year and age class multiplied by exponential total mortality
(Eq. 3.5.1-3.5.2). Fishing mortality for the FAA models varied over time by fleet
based on fleet-specific estimates of fishery selectivity. Fishery selectivity was
estimated over time for two 15-year selectivity time-blocks, to reflect a simplified

version of changes to fishery selectivity over time in Chapter 2. Fleet-specific fishing
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mortality was estimated as the product of selectivity-at-age and for a given fleet and
the fully recruited fishing mortality for a year. Total fishing mortality was then
estimated as the instantaneous fishing mortality rates summed over fleets (Eq. 3.5.3)
based on double logistic selectivity functions for both fleets (Eq. 3.5.4). Instantaneous
total mortality rates were calculated as the sum of the age-specific instantaneous
natural mortality and the total instantaneous fishing mortality rates (Eq. 3.5.5).
Movement was not estimated in the FAA models. The remaining FAA functions can
be found in Table 3.5.

Each estimation model estimated parameters by minimizing the sum of the
negative log likelihood function for each data source (Eq. 3.6.1; e.g., total catch, catch
proportions-at-age). The components of the negative log likelihood function for the
estimation models are described in Table 3.6. The assumed distributions were the
same as those used to generate the data. The prior for the estimated occupancy
probabilities (Eq. 3.6.6) were only used in the SE1 and SE2 models. The log-scale
standard deviations and ESSs were assumed the same as was used to generate the data
for each estimation model. Datasets for each estimation model that were fit in the
likelihood functions are described in Table 3.7.

Fishing mortality rate reference points were estimated for each model to
determine how management advice may be affected by using different assessment
models. The estimated fishing mortality rates expected to achieve 40% SPR (F4¢q;)
were estimated using an equilibrium model in each estimation model. For the SE
models, SPR was calculated in a similar manner as in the operating model

(Supplemental Material 3.8.1). For the FAA models, SPR was calculated for a single

141



stock and region. Full descriptions of the equilibrium model for the SE and FAA

models are found in Supplemental Material 3.8.1.

3.3.4 Estimation Model Performance

We characterized estimation model bias and accuracy for important estimates
for management (e.g., fishing mortality in the terminal year) from each assessment
model to determine model performance. Bias and accuracy were calculated for each
estimated time series of abundance, biomass, fishing mortality, and F,o,, when
applicable. Bias is defined as the difference between an estimated value and the
expected value. Accuracy is defined by how close a set of estimated values are to the
expected value. Abundance estimates were compared based on January 1 estimates.
Therefore, for the SE models, abundance in the first time-step was used and summed
across stocks to compare to FAA estimates. Fishing mortality rates were compared
based on total annual estimates for each age. For the SE models, estimates of annual
instantaneous fishing mortality at age experienced by the total population were the
weighted average fishing mortality rate-at-age weighted by the proportion of fish
from each stock in a given region. Weighted fishing mortality for each age was then
summed across time-steps and regions to calculate an annual estimate of F for each
age (Eq. 3.2.26) that was compared to annual estimates of fishing mortality in the
FAA models that were summed over fleets (Eq. 3.5.3).

Relative error (RE) was used to describe the bias of estimation models and
was calculated by dividing the difference between the estimated parameter and the

true value by the true value,
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X-X G.1)
RE =——
X

where X was the estimated value and X was the true value for each metric. Model

accuracy was characterized by the root mean square relative error (RMSRE),

(3.2)
/ nRE?2
RMSRE = Zln

where n is the total number of simulations that converged. For all estimation models,

a convergence criterion of 0.01 was set, where if final model estimates had a
maximum gradient component greater than or equal to 0.01, they were removed from
further analysis. Exploratory analyses were also conducted to further understand the

performance of the FAA models under each scenario.

3.4 Results

Estimation models performed relatively well for all scenarios based on model
convergence, but they differed in their ability to estimate abundance, fishing
mortality, and F4o%. All models had greater than 99% convergence based on the
maximum gradient component threshold. FAA1, FAA2, and SE1 had all 500 models
converge. Both SE2 and SE3 had 498 out of 500 models meet the gradient threshold.

The two FAA models produced biased estimates of abundance in the terminal
year, but the bias was negative for FAA1 (median relative error (MRE)=-0.393) and
positive for FAA2 (MRE=0.483; Figure 3.1; Table 3.8). SEI produced negatively
biased estimates of abundance that were similar to those of FAA1 (MRE=-0.515).
The two SE models that corrected for aging error in data sources, SE2 and SE3, had
approximately unbiased estimates of abundance (|[MRE| < 0.02; Figure 3.1). For
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stock-specific abundance, SE1 produced negatively biased estimates of abundance,
particularly for the Atlantic coast stock for all years (MRE > 0.75). SE2 estimated
abundance of the Chesapeake Bay stock with slight positive bias and was
approximately unbiased for the Atlantic coast stock (Figure 3.1). SE3 estimated
stock-specific abundance with little bias for both stocks, although it had slightly
positively biased estimates of Chesapeake Bay stock abundance (MRE = 0.051) and
negatively biased estimates of Atlantic coast abundance (MRE = -0.061). SE2 and
SE3 produced slightly biased estimates of reference points in the terminal year
(Figure 3.1).

Patterns of bias in estimates of fishing mortality at age-8 (F-8) were similar to
those of abundance, but they generally had the opposite sign. FAA1 produced the
most biased estimates of F-8 (MRE=1.408; Figure 3.1), and FAA2 estimated F-8 with
a negative bias (MRE=-0.268). SE1 estimated F-8 with similar bias to FAA1 (Figure
1). SE2 and SE3 provided unbiased estimates of F-8 with SE2 provided the least
biased estimates (MRE=-0.001), followed by SE3 (MRE=-0.012). Both FAA
models, FAA1 and FAA2, produced positively biased estimates of F40% (MRE >
0.088; Figure 3.1). The SE1 model that did not assume aging error (SE1), provided
the least biased estimates of the Fyo, reference point with an MRE of -0.12 (Figure
3.1, Table 3.8). However, the three spatially-explicit models, SE1, SE2, and SE3,
provided similar estimates of reference points for both stocks combined (Figure 3.1).
These models also estimated stock specific reference points for the Chesapeake Bay
stock with more accuracy and less bias than the Atlantic coast stock (Figure 3.1),

although estimates were similar for all three models. For SE1, the MRE of F,, was
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0.062 for the Chesapeake Bay stock and 0.135 for the Atlantic Coast stock. For SE2,
MRE of F,y, was -0.124 for the Chesapeake Bay stock and -0.163 for the Atlantic
coast stock. For SE3, MRE of F,, was -0.109 for the Chesapeake Bay stock and -
0.160 for the Atlantic coast stock. Estimates of stock specific reference points were
not estimated for the FAA models.

Model estimates of accuracy followed similar patterns to that of bias (Figure
3.1). For abundance, the two models that ignored aging error, FAA1 and SEI
performed similarly with relatively inaccurate estimates (RMSRE > 0.35). FAA2
produced the most inaccurate estimates of abundance (RMSRE = 0.617). SE2 and
SE3 had similar accuracy, with SE2 providing the most accurate estimates (RMSRE =
0.1). FAAT and SEI produced the most inaccurate fishing mortality estimates in
terminal year (Figure 3.1). FAA1 had a RMSRE 1.346 and SE1 had a RMSRE of
1.434 (Table 3.8). SE2 was the most accurate model for estimating fishing mortality
at age-8, with a RMSRE of 0.153, and SE3 had a slightly higher RMSRE than SE2
(Table 3.8). Accuracy of Fyqo, was similar to those of bias. FAA1 produced the least
accurate estimates of Fyo0, (RMSRE >1.14) though estimates from FAA2 were also
inaccurate reference points (RMSRE =0.889, Table 3.8). SE1 provided the most
accurate estimates of Fyyo, (RMSRE = 0.12). SE2 and SE3 performed similarly to
each other, with slightly less accuracy than SE1 (Table 3.8).

Estimates of relative error of abundance for all years were similar to those in
the terminal year (Figure 3.2). Estimates of MRE were variable for each year for
FAAT1, though every year produced negatively biased estimates (Figure 3.2). For
FAA2, estimates of MRE were similar year-to year, but were all positively biased.
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SE1 produced similar estimates of MRE every year to FAA1. SE2 and SE3 provided
the least biased estimates of abundance across all years compared to the other models
(Figure 3.2). Estimates of SSB from each estimation model had similar patterns of
relative error over time as abundance (Figure 3.3), with generally higher bias for all
models. FAAT and SE1 produced negatively biased estimates of SSB (MRE <-0.5).
FAA2 produced positively biased estimates of SSB, that increased slightly over time
(Figure 3.4). SE2 and SE3 performed similarly and were approximately unbiased
(MRE >0.03 in the terminal year). Bias of F-8 was mostly similar over time for each
model. FAA1 produced positively biased estimates of F-8 which decreased from year
7 to year 26 (Figure 3.4). FAA2 provided negatively biased estimates of fishing
mortality at age-8 for all years. However, FAA2 estimated less biased fishing
mortality rates compared to FAA1 (Figure 3.1, 3.4).

Accuracy and bias of estimated fishing mortality at age varied across
estimation models (Figure 3.5). FAA1 and SE1 had positively biased estimates of
fishing mortality at age that tended to increase with age. For FAA1, MRE increased
from 0.173 at age-1 to 1.374 at age-15. For SE1, MRE of F increased from 1.081 at
age-1to 1.791 at age-15. FAA2 created negatively biases estimates of fishing
mortality for all ages (Figure 3.5). SE2 and SE3 estimated unbiased fishing mortality
for each age class (Figure 3.5). Estimated fishing mortality rates in SE2 and SE3 were
relatively unbiased, but the bias increased with increasing age to a maximum MRE of

-0.049 at age 15 for SE2 and -0.047 at age 15 for SE3.
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3.5 Discussion

Our study demonstrated how multi-stock, spatially-explicit stock assessment
models can improve accuracy of estimates of abundance, fishing mortality, and
reference points for multi-population stocks with migration and spatially-varying
fishing mortality rates like striped bass. Our results suggest that including spatial and
stock structure in assessments to match spatial dynamics in fish populations may
provide more accurate estimates in abundance and fishing mortality when potential
aging bias in data is corrected, which is similar to other studies that found increasing
spatial complexity in assessment models to match the complexity in fish populations
can reduce bias in estimates of fishing mortality and spawning stock biomass
(Goethel et al., 2015; Guan et al., 2013; Li et al., 2018; Taylor et al., 2011; Ying et
al., 2011). Additionally, correctly accounting for aging error in data inputs was
extremely important for obtaining unbiased estimates of abundance, SSB, and fishing
mortality. Our results are similar to those that suggest incorporating aging error
matrices to correct for potential aging bias can improve model outputs (Henriquez et
al., 2016; Hulson and Williams, 2024).

Spatially-implicit FAA models produced highly biased estimates of
abundance, fishing mortality rates, and F4oo, reference points in our study. For
example, the FAA2 model had the highest bias in estimated abundance and SSB.
However, the FAA2 model estimated fishing mortality with less bias than the FAA1
and SE1 models that also did not include corrections for aging error. When fishing
mortality in the operating model was the same across regions and time-steps, the

FAA2 model provided unbiased estimates of abundance and fishing mortality.
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Differences in fishing mortality rates between regions and time-steps resulted in
increasingly biased estimates of abundance and SSB. Other studies have found FAA
or spatially-aggregated approaches to be inappropriate when spatially-varying fishing
mortality exists (Pincin and Wilberg, 2012; Punt et al., 2015). Punt et al. (2015)
recommended that FAA models only be used with extreme caution, particularly in
instances with varying age structure across regions. However, Lee et al. (2016)
suggests FAA could be appropriate to estimate time-varying selectivity, particularly
when other data to inform movement (e.g., tagging) are unavailable. While FAA
models may be appropriate for fisheries with little spatial heterogeneity, our results
suggest that they were quite sensitive to spatial and temporal patterns of fishing in the
operating model.

Estimation of the occupancy probabilities for each of the spatially-explicit
models required stock composition information. The SE3 model estimated the
occupancy probability parameters using stock composition data in the last 10 years of
the time series. It produced unbiased estimates of abundance, SSB, and fishing
mortality, but had lower accuracy in the terminal year and over time compared to the
SE2 model that had high-quality informative priors on the occupancy probability
parameters. The SE3 model performed similarly to the SE2 models without increased
stock data, suggesting including stock composition data in the fishery catch and
surveys may not be necessary if accurate informative priors for these parameters are
available. However, the SE2 model relied on tagging data for striped bass by using
the output informed by a mark-recapture model as informative priors to inform

movement rates, which were centered on the true values. In contrast, the SE3 model
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did not require informative priors on occupancy probabilities to estimate accurate
estimates of abundance and fishing mortality. Other studies have suggested that
tagging information is required to estimate movement, particularly for species that
exhibit natal homing (Berger et al., 2016; Goethel et al., 2011; Vincent et al., 2016).
However, the performance of SE3 suggests tagging data may not be necessary to
inform movement, if there is adequate information of stock composition in the fishery
and fishery-independent surveys.

Ignoring stock structure in assessments can have negative consequences for
management (Goethel and Berger, 2016; Kell et al., 2009; Kerr and Goethel, 2013;
Ying et al., 2011). Kell et al., (2009) found that combining mixed-stock fisheries
could lead to overexploitation of stocks. Ying et al., (2011) found that modeling
yellow croaker Larimichthys polyactis with spatial population structure as a single
unit may lead to local depletion. Our findings of biased estimates of abundance and
reference points for FAA models also agree with these studies as the FAA models
overestimated the reference points for striped bass which would imply a higher
fishing mortality than the stock complex could sustain. However, we did not evaluate
projections or forecasting of stock status and therefore the potential impacts of fishing
mortality rates may not be fully described. Currently, data used for stock assessment
of striped bass have limited stock composition information (Chapter 2; Northeast
Fisheries Science Center, 2019). However, stock-specific movement rates (Schonfeld,
2023; Secor et al., 2020) and stock composition of fishery catch (Hasegawa et al.,
2022; Kneebone et al., 2014) can be used to inform assessment estimates. For

example, Chapter 2 incorporated stock composition estimates from literature with a
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binomial prior that was used to inform the proportion of each stock of striped bass in
the catch in the ocean region. When available, stock composition data should be
collected and included in assessment modeling. When these data are unavailable,
estimates from literature can be used as informative priors to estimate stock specific
catch, movement, or abundance.

Aging error can cause substantial bias in estimates from age-structured stock
assessment models (Henriquez et al., 2016; Liao et al., 2013). Patterns of error in
models that ignored aging error (FAAT1 and SE1) were similar in that they both had
similar patterns of negative bias of abundance and positive bias of fishing mortality.
Bias in fishing mortality tended to increase with age for these models, likely due to
mis-representation of older ages of striped bass as younger (Liao et al., 2013; Secor et
al., 1995). Correcting for aging error and bias in fisheries dependent and independent
age compositions produced reduced bias and improved accuracy of spatial models,
but our non-spatial model (FAA?2) still showed substantial bias. The effect on
estimation of F4ov, was, however, less clear. The FAA1 model provided the most
biased Fa4o0, estimates, while the SE1 provided the least biased F4o, estimates.
However, the performance of SE1 was largely driven by incorrect estimates of the
proportion of recruitment for each stock and incorrect estimates of fishing mortality
that coincidentally offset each other. While the stock specific estimates of F4oo, were
positively biased for the Chesapeake Bay and Atlantic coast stocks for SE1, when
they were averaged by the incorrect average recruitment, they produced estimates of a
total F400, that were negatively biased. Aging error is present in age composition data

sources and has been demonstrated to influence the striped bass stock assessment
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(Liao et al., 2013). To improve data quality used for the striped bass stock
assessment, age composition data from fisheries dependent and independent data
should ideally be informed by otolith ages. When otolith-informed ages are not
available, aging error matrices can be included to correct for aging error (Dorval et
al., 2013; Henriquez et al., 2016; Methot and Wetzel, 2013). Additionally, if FAA
models are to be used in stock assessment, it is important that any potential aging bias
in the age composition data is addressed within the estimation model.

Estimates of SSB were the most inaccurate estimates for all models. While the
spatially-explicit models that corrected for aging error (SE2 and SE3) estimated these
with the least bias, they struggled to accurately estimate SSB for most simulations.
One likely contributor of this inaccuracy in SSB is the estimation of the plus group as
a result of dome-shaped selectivity parameters being poorly estimated. Estimates of
selectivity parameters for the descending limb of dome shaped selectivity for the
Chesapeake Bay fishery was consistently poorly estimated. For example, the
inflection point of the descending limb was often estimated to be smaller than the
inflection point of the ascending limb of the double logistic selectivity function.
Complex selectivity curves with increased numbers of parameters have the potential
to be highly correlated (Hulson and Hanselman, 2014). Additionally, the use of
double logistic selectivity functions further suggest that older striped bass are not
fully vulnerable to the fishery or surveys. Our operating model assumed a logistic
selectivity function for the Ocean fishery for both time-steps, but double logistic
selectivity in the Chesapeake Bay, based on the results and assumptions from Chapter

2. Incorrect assumptions about selectivity can have a large effect on output from
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statistical catch-at-age models (Linton and Bence, 2011). Despite starting the
parameters at reasonable estimates, these parameters were poorly estimated due to
correlation. Complex selectivity curves may benefit from additional penalties (as
done in Chapter 2) to prevent correlation and estimates from being unreasonable.

In this study, we made simplifying assumptions in the operating model to
represent “true” striped bass population dynamics. For example, we assumed
movement occurred only at the beginning of 6-month time-steps (Schonfeld, 2023).
Striped bass have complex migration patterns that vary by stock, age, sex, and season
(Grothues et al., 2009; Secor et al., 2020). The use of occupancy probabilities in the
operating model allowed for a simplification of movement dynamics, where each
stock is randomly distributed into different regions at each time-step that is constant
over years (Punt, 2017). Typically, spatial fisheries models represent migration
differently (e.g., box transfer method, Goethel et al., 2015). The operating model also
assumed only two spawning stocks, although more stocks likely exist (Fabrizio, 1987;
Hasegawa et al., 2022; Kneebone et al., 2014; Wirgin et al., 1993). Further, natural
mortality for each age was assumed to remain constant over time and across regions,
although studies suggest natural mortality has been increasing over time in the
Chesapeake Bay (Schonfeld, 2023; Secor et al., 2020). Although the dynamics in the
operating model exactly matched the spatial complexity of our three spatially-explicit
estimation models (SE1, SE2, SE3), it is unlikely that these assumptions were the
main drivers of the results we observed. However, by assuming similar structure in
the operating and estimation models, we reduce the ability to accurately model the

complexities of the true striped bass dynamics, so we could be overlooking possible
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modeling concerns that are present when there is still a mis-match between reality
and the estimation model assumptions. Model accuracy will likely be lower for real-
world applications. Overall, the performance of multi-stock, spatially-explicit models
in this study suggest these models are better suited to estimate abundance and fishing
mortality for highly migratory species with spatially varying mortality.

Fishing mortality rates are distilled down to a single value for use in
management decisions, requiring spatially-explicit models to summarize fishing
mortality rates over space and time. However, many approaches that combine sub-
annual and spatially-explicit fishing mortality rates, estimate biased fishing mortality
for a single value (Langseth and Schueller, 2016), which can lead to misdiagnosis of
stock status (Guan et al., 2013). Our results suggest similar issues when generating a
singular fishing mortality reference point, as the spatially-explicit models estimated
reference points with a negative bias. Our results indicate that stock-specific reference
points were less biased for the Chesapeake Bay stock than the Atlantic coast stock.
Based on the data used to develop the operating model (Chapter 2), striped bass from
the Chesapeake Bay stock are abundant in both regions, comprising a significant
portion of catch in each region and time-step. However, the Atlantic coast stock was
not abundant in the Chesapeake Bay region for either time-step, resulting in limited
age composition data for the fishery and surveys. Therefore, the bias in stock-specific
reference points for both stocks may be a result of limited data availability for the
Atlantic coast stock across all regions.

We tested multiple stock assessment models with two levels of spatial

complexity, stock composition, and intra-annual time-steps that also had some
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differences in data inputs. In our study, multi-stock, spatially-explicit models that
accounted for aging error had substantially better accuracy than spatially-implicit
models or those that did not account for aging error across most performance metrics.
Other studies have found that spatially-explicit models reduce bias in model estimates
(Punt et al., 2015). While our operating model was specified to represent striped bass,
the conclusions likely apply to other highly migratory, moderately long-lived species.
Prior to developing spatially-explicit assessment models, a review of all potential data
available should be explored. Additionally, simulation analysis should be considered
for new spatially-explicit models, to understand model performance (Kerr and
Goethel, 2013). However, our study demonstrated that spatially-explicit models
improved the accuracy of important stock assessment metrics, which has been
documented in other studies (Goethel and Berger, 2016; Guan et al., 2013; Punt 2019;
Punt et al., 2015; Ying et al., 2011). Multi-stock assessment models are still relatively
rare (Punt, 2019b). Increasing collection of stock composition data for fisheries and
surveys is likely necessary to allow for development of more multi-stock models for

species with limited tagging studies.
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3.8 Supplemental Material

3.8.1 Biological Reference Points

Biological reference points were calculated as the fishing mortality rate (Fyq0)
that achieves 40% spawning potential ratio (SPR) based on modified methods used in
the Woods Hole Assessment Model (Miller, 2023). In the operating model used to
develop datasets for striped bass, F4ov was calculated in an equilibrium model.
Equilibrium recruitment was set to the relative contribution of recruits for each stock
to the total population based on the average recruitment of the operating model
(Rs=1 = 0.71, R;—, = 0.29). Equilibrium fishing mortality (eqF) for each region r,
time-step ts, and age a, was set to the fishing mortality in the last year of the
operating model (year 30). Total fishing mortality for each region, time-step and age,

V, was calculated as

— CaFrtsa

Vrisa = max(eray (S3.1.1)
where tF, is the total fishing mortality at age,
tFg = Xy ts €qFrts.a- (83.1.2)
The relative fishing mortality rate, F* , was then found by
resa =G X Vitsas (S3.1.3)

where G is a scaler used to find the relative fishing mortality. Total equilibrium
mortality was calculated as

ZeGrisa = Flesa + (0.5 X M), (S3.1.4)
where M is equal to the natural mortality-at-age used in the operating model (Table
3.1) divided by two to represent 6-month natural mortality. Equilibrium population
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dynamics were simulated forward for 100 years and followed population dynamics
observed in the operating model (Eq. 3.2.3-3.2.7). Occupancy probabilities were
defined by the same dynamics used in the operating model. Recruitment was constant
through time. Spawning stock biomass (SSB) was calculated using Equation 3.2.15.
SPR for each stock was calculated as SSB in the fished condition during January-June
divided by SSB in the unfished condition during January-June,

SPR, = M’ (S3.1.5)

- SSBU =100, 1521
where SSBy; is SSB in the unfished condition. SSB in the unfished conditions were
represented by setting G equal to zero in equation S3.1.3.

To find the appropriate G values for each stock, a function was built to loop
over all possible combinations of G from 0 to 1.5. SPR for each stock in the 100™
year was calculated for each value of G. Stock specific G was then found using linear
interpolation to estimate where SPR was equal to 0.40 for each stock. A single value
of G was then found by weighting the stock specific G relative to recruitment,

G =)Gs X R;. (S3.1.6)
With this G scaler, true fishing mortality F was then calculated by applying total
fishing mortality,
Frisa =G XVyisa. (S3.1.7)
Stock specific fishing mortality was calculated as by applying the occupancy
probability and summing over regions and time-steps,

Fstocksq = Xy ts Fresa X 0CCsrts.a- (S3.1.8)
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Stock specific Fyq0, Was then set equal to Fstock, where age-8 was a reference age.
Age-8 was set as the reference age because it reflects the age at which most fish are
fully recruited in both fisheries, given the selectivity functions. A single Fyqo,
combined across stocks, was found by weighting stock specific F,qq, by stock specific
recruitment as a proportion of total recruitment.

In the three spatially-explicit assessment models (SE1, SE2, SE3), estimation
of biological reference points followed equations S3.1.1- S3.1.7 and were calculated
after the final minimization of the objective function in ADMB. For each SE model,
equilibrium fishing mortality was set equal to fishing mortality in the last year for
each region, time-step, and age.

For the fleets-as-areas models, biological reference points were calculated in a
similar way as the spatially-explicit models, but annually for fleets. For these fleets-
as-areas models, equilibrium recruitment was set to 1. Equilibrium fishing mortality
(eqF) for each fleet f and age a, was set to the fishing mortality in the terminal year
of the estimation model. Total fishing mortality for each fleet and age was calculated

as

_edFfa_ (S3.1.9)

fa = ax (tFg)’
where tF, is the total fishing mortality at age,
tF, = XreqFs,. (S3.1.10)
The relative fleet fishing mortality rate for each fleet and age, F* , was then found by
Eq. S3.1.3. Total equilibrium mortality for each age was calculated as the sum of F*

across fleets and added to annual mortality
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. 3111
Zeqsq = M, + Z Fi o ( )
f

Population dynamics were simulated forward for 100 years and followed population
dynamics observed in the estimation model (Eq. 3.2.23-3.2.24). SSB and SPR for the
total population in the 100™ year was calculated similarly to the spatially-explicit
equilibrium model but for a single stock.

G for a single stock was found by looping through a function to test all values
of G from 0 to 1.5, similar the spatially-explicit methods. Fishing mortality F for each
fleet was then calculated by applying total fishing mortality to the G value,

Frq=G XV, (S3.1.12)

F,q9, for the terminal year was then found by adding F for each fleet for age-8. The

relative error could then be calculated and compared across all estimation models.
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3.8.2 Detailed Data Generation

Datasets were generated for five assessment models, sampled from the true
population with observation error. Datasets for the two FAA models (FAA1 and
FAA?2) were the same, and datasets for the two SE models with tagging information
(SE1 and SE2) were the same. Therefore, datasets are described for either a FAA or
SE model. Data for the two FAA models are denoted with the FAA subscript (e.g.,
Cdra,) and data for the two SE models with tagging data are denoted with the SE
subscript (e.g., Cdgg). Data for the SE model with additional stock composition
information (SE3) are specified.

True fishery catch-at-age CAA was generated for each stock s, region r, year
y, time-step ts, and age a using the Baranov catch equation,

(83.2.1)

Fr,y,ts,a

— —Z.
CAATT,y,tS,a = X (1 —e T.y.ts,a) X NS,T,y,tS,a’

Zr,y,ts,a
where F is the instantaneous fishing mortality, Z is the total instantaneous mortality,
and N is the abundance. True fishery catch Cr was then calculated for each stock,

region, year, and time-step by summing the true catch-at-age across ages
— (S3.2.2)
CTs,r,y,ts - Z CAATr,y,ts,a'
a

Log-normal observation error € with a log-scale standard deviation o of 0.2 was
applied to the true fishery catch to generate the total fishery catch datasets Cdy for
each stock, region, year, and time-step,

= ~N (O,
CdFS.T,y.tS - CTs,r,y,ts * e&r ~N(0.oF) (S3.2.3)

For the SE models, fishery catch was summed over stocks to generate the appropriate

datasets for all years,
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CdSEr,y,ts =2s CdFs,r,y,ts' (53.2.4)

For the SE3 model with added stock information, data for years 1-20 were set equal

to Cdgg s However, for the SE3 model, datasets for years 21-30 were equal to
Cdrg, y.es- FOr the FAA1 and FAA2 models, fishery catch was summed over stocks

and time-steps to generate annual catch for each fishery fleet f,

_ $3.2.5
Cdpa,, = Z o (83.2.5)

sits
where the two fleets were set equal to the two regions (i.e., f=1 represents the
Chesapeake Bay region and f=2 represents the Ocean region).

True fishery proportions-at-age PAAr were calculated for each stock, region,
year, time-step and age by dividing the catch-at-age by the total catch,

CAAr, (S3.2.6)
_ TYtS,a
PAATs,r,y,ts,a - :

CTs,r,y,ts

Datasets of fishery proportions-at-age were sampled with multinomial observation
error that was controlled by the effective sample size (ESS.). A weighted effective
sample size was calculated so that the total effective sample size for the catch would
sum to 100 annually for each region,

Croryes (S3.2.7)

Csryts Zs,ts CTs,r,y,fS

Observed fishery catch-at-age, CAAo, was then found for each stock, region, year,
time-step, and age by applying the weighted ESS to the true proportions-at-age,

CAAOsyy s ~ Multi(PAAr, o ESSc . .0, (S3.2.8)
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where Multi represents observation errors sampled from the multinomial distribution.
Observed fishery catch-at-age with aging bias (CAAs) were then calculated by
applying an aging error matrix (ageerr) to redistribute observed striped bass ages to
those that may have been observed under scale ages (i),

CAASsrytsa = 2q ageerry; X CAAOg,y 154 (S3.2.9)
Proportions-at-age datasets with scale ages PAAs were generated by dividing the

catch-at-age by the total sampled catch,

CAASs,r,y,ts,a (832 10)
Za CAASs,r,y,ts,a '

PAASg; 150 =

For the SE models, proportions-at-age datasets (PAAgg) were generated by summing
CAAs across stocks, and dividing the catch-at-age by the total sampled catch,

_ XUsCAASsrytsa (S3.2.11)
Zs,a CAASs,r,y,ts,a'

PAAgg ryts,a

For the SE3 model, proportion-at-age datasets were set equal to PAAgg for years 1-20
and equal to PAAs for years 21-30. If catch-at-age for a stock was observed to be 0
for all ages in a single year (potentially observed for the Atlantic coast stock in the
Chesapeake Bay region), it was assumed no data was collected and PAAs was set to -
99 for all ages so that it would not be called in the likelihood function. For the FAA
models, proportion-at-age datasets (PAAg,,) were generating by summing the CAAs

across stocks and time-steps, and dividing by the catch-at-age summed across ages,

PAA — Zs,ts CAASS,T,y,tS,a (83.2.12)
FAAfy.a Ystsa CAASsrytsa

Datasets were generated for four fishery-independent surveys (n) and fed into

FAA and SE models, with one survey occurring in each region for each time-step.
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Fishery independent surveys were numbered one through four, such that the first
survey (n = 1) was conducted in the Chesapeake Bay region (r = 1) during January-
June (ts = 1), the second survey (n = 2) was conducted in the Chesapeake Bay
region during July-December (ts = 2), the third survey (n = 3) was conducted in the
Ocean region (r = 2) during January-June, and the fourth survey (n = 4) was
conducted in the Ocean region during July-December. True survey catch-at-age for
each survey ICAAr were generated for each stock based on the survey catchability g,
survey selectivity ssel, and abundance,

n=1 X Ns,r:l,y,ts:l,a X Sseln=1,a (83-2-13)
Gn=2 X Nsr=1,y,ts=2,0 X SS€ly—34
Gn=3 X Nsr=2,y ts=1,a X SS€ly—34
Gn=4 X Nsr=2y ts=2,a X SS€ly—sq

ICAATn,s,y,a =

The catchability was assumed to be the same for each survey but equal to the
catchability estimated for the New Jersey Bottom Trawl survey (Chapter 2). Survey
selectivity was assumed to be the same for each survey in the Chesapeake Bay
(logistic, Eq. 3.2.13) and the same for the two surveys in the Ocean (double logistic,
Eq. 3.2.14). A true index of abundance for each survey I was then found for each
stock for each survey by summing ICAA+ across ages,

ITn,s,y = Za ICAATn’S’y,a- (83214)

Log-normal observation error &; with a log-scale standard deviation o; of 0.4 was
applied to the true index of abundance for each survey to generate the index of
abundance datasets Id; for each survey, stock, and year,

Idln,s,y = ITn,s,y * €1 ~N O, (S3.2.15)
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For the SE1 and SE2 models, the index of abundance was summed over stocks to
generate the index of abundance datasets Idgg for all years,

IdSEn,y = Zsldln,s,y' (83216)

For the SE3 model with added stock information, data for years 1-20 were set equal

to Idsg ny" However, for the SE3 models, data for years 21-30 were equal to Id,, ,,.

For the FAA models, the indices of abundance were the same as the SE models,

IdFAAn,y S IdSETL,y’ (83217)

but were assumed to reflect annual changes for a single stock, rather than temporal
and spatial differences.

True survey proportions-at-age IPAAr were calculated for each survey, stock,
year, and age by dividing the true survey catch-at-age by the true index of abundance,

ICAAr, | (S3.2.18)
_ S5.Y.a
IPAAT, o0 = .

I, sy

Datasets of survey proportions-at-age were calculated with multinomial observation
error that was controlled by the effective sample size ESS;. The weighted effective
sample size was calculated so that the total effective sample size would sum to 100

annually for each region but was relative to the proportion of fish in each region for a

stock,
I 2.1
(100 * Z”—;y n=1,2 (83.2.19)
_ nsns,y
ESSinsy = s .
100 * =——X n =34
Zn,s In,s,y
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Observed survey catch-at-age I[CAA, was then found for each stock, region, year,
time-step, and age by applying the weighted effective sample size by the true
proportions-at-age,

ICAAOn,s,y,a ~ Multi(IPAATnls‘y,a, ESS,n‘S‘y), (S3.2.20)
where Multi represents observation errors sampled from the multinomial distribution.
Observed survey catch-at-age with aging bias I[CAAs was then calculated by applying
an aging error matrix to redistribute observed ages to those that may have been
observed under scale ages,

ICAASp 5y q = Xq ageerry; X ICAAOnsya' (S3.2.21)

Survey proportions-at-age datasets with scale ages IPAAs were generated by dividing
the survey catch-at-age by the total index of abundance,

ICAASy .y, (S3.2.22)

IPAA = '
Sn,S.y,a Za ICAASn,S,y'a

For the SE models, proportions-at-age datasets (IPAAgg) were generated by summing
CAAs across stocks, and dividing the catch-at-age by the total sampled catch,

_ XsICAASnsy (S3.2.23)
Yo lCAAS, sy a

IPAASEn’y‘a

For the SE3 model, proportion-at-age datasets were set equal to IPAAgg . yv.a for years

1-20 and equal to IPAAs,, ,, , for years 21-30. If survey catch-at-age for a stock was
observed to be 0 for all ages in a single year, it was assumed no data were collected
and IPAAs was set to -99 for all ages. For the FAA models, the survey proportions-
at-age of abundance were the same as the SE models,

IPAAFAAn,y,a = IPAASEn,y,a’ (83224)
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but were assumed to reflect annual changes for a single stock rather than represent
temporal or spatial changes in abundance.
For the two age-1 surveys, a true index of abundance I; was generated by

applying a catchability g; to the abundance of age-1 fish in each region and time-step,
I1n=1,y = 1,1 X Nsr=1y,ts=2,a=15 (53.2.25)

Ilnzz,y = 1,25 X Nsr=2,y,ts=2,a=1- (53.2.26)
The catchability was assumed the same for both surveys and was the estimated value
from the New York Age 1 Survey (Chapter 2). Log-normal observation error £; with
a log-scale standard deviation o; of 0.5 was applied to the true index of abundance for
each age-1 survey to generate the index of abundance datasets Id; for each survey

and year,

Idy,, = I, % e ~N(©OD) (S3.2.27)

Because the operating model assumes all recruits remain in their natal regions, the
index of abundance for each survey only comes from a single stock (i.e., the age-1
survey in the Chesapeake Bay is made up of only Chesapeake Bay stock 1 year old
striped bass since there are no age-1 Atlantic coast striped bass in the Chesapeake
Bay). Therefore, the same indices of abundance were used in all five estimation
models but assumed to reflect trends for a single stock in the FAA models and two
stocks in the SE models.

For the two young-of-the-year (YOY) surveys, a true index of abundance Iy oy
was generated by the equations, applying a catchability qyoy to the abundance of age-

1 fish in each region and time-step,
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IYOYnzl,y = qQyoyp—1 X Nsr=1,y+1,ts=2,a=1 (53.2.28)

IYOYn=2,y = Qvovp=y X Nsr=2y+1,ts=2,a=1, (53.2.29)
where the index is sampled from age-1 fish in the y + 1 year. The catchability was
assumed the same for both surveys and was the estimated value from the Chesapeake
Bay YOY Index (Chapter 2). Log-normal observation error €yy with a log-scale
standard deviation gyy of 0.5 was applied to the true index of abundance for each
YOY survey to generate the index of abundance datasets Idyy for each survey and
year,

Idyoy,,, = Ivory,, % oY ~N(0.0voy). (S3.2.30)

Similar to the age-1 surveys, because the operating model assumes all recruits remain
in their natal regions, the index of abundance for each survey only comes from a
single stock. Therefore, the same YOY indices of abundance were used in all five
estimation models but were assumed to reflect different stocks based on the

estimation model.
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3.9 Tables

Table 3.1. Symbols and descriptions of variables for data-generating and estimation

models. Values are for the Chesapeake Bay stock (CB) and Atlantic coast stock (AC),

when applicable.

Variable Description Value
y Year index
a Age index

A Plus group index

ts Sub-annual time-step index (1=Jan-Jun;
2=Jul-Dec)

s Stock index (1=Chesapeake Bay; 2=Atlantic
Coast)

T Spatial region index (1=Chesapeake Bay;
2=Qcean)

t Fishery selectivity time block index (1=Years
1-15; 2=Years 16-20)

n Survey index

Ntsyts,q Total stock abundance for all spatial regions
Ngrytsa  Stock abundance for a specific spatial region

R Average recruitment CB=145,982,893
AC=58,938,200

Rdev;, Recruitment deviation
Cryts  Total catch
CAA, s Catch at age

Feqs  Equilibrium instantaneous fishing mortality
for each stock

afeqs;  Equilibrium fishing intensity for each stock 0.20.2

Frytsa Instantaneous fishing mortality in each region
and time-step

M, Annual instantaneous natural mortality 1.130.68 0.45 0.33 0.25
0.190.150.150.150.15
0.150.150.150.150.15

Zrytsa Instantaneous total mortality

ssel,, Survey selectivity
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Variable Description Value
fsel, ++sq Fishery selectivity
occgs  Occupancy probability
frts Fully recruited fishing intensity 0.1
Fdev, , s Annual deviations for fishing mortality
qn Catchability for 1+ surveys 1.42e-07
ql, Catchability for age 1 surveys 2.92e-08
qyoy,  Catchability for young-of-the-year surveys 1.33e-06
sex,  Proportion female at age 0.53 0.56 0.56 0.52 0.57
0.650.73 0.81 0.88 0.92
095097111
mat,  Proportion of mature females at age 0000.090.320.450.84
0891111111
ssbwy ,  Spawning stock biomass weight at age for See Table S3.1
each year
fo1 Fishery selectivity slope parameter of logistic 1
function; slope of ascending limb double
logistic function
fp2 Fishery selectivity age at 50% selectivity for 4
logistic function; Inflection of ascending limb
of double logistic function
fps3 Fishery selectivity descending slope of 1
double logistic
fDa Fishery selectivity inflection of descending 10
limb of double logistic function
Sp1 Survey selectivity slope parameter of logistic 1
function; slope of ascending limb double
logistic function
Sp, Survey selectivity age at 50% selectivity for 4
logistic function; Inflection of ascending limb
of double logistic function
Sps3 Survey selectivity descending slope of double 1
logistic
SPy Survey selectivity inflection of descending 10
limb of double logistic function
afi Slope parameter for equilibrium fishery 1
selectivity
af, Age at 50% selectivity parameter for 4
equilibrium fishery selectivity
ESS Effective sample size
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Variable Description Value

Os=1 Standard deviation to estimate Chesapeake 0.43
Bay annual recruitment deviations

Os=> Standard deviation to estimate Atlantic Coast  0.53
annual recruitment deviations

OF=1 Standard deviation of fishing mortality rate 0.70 0.38
deviations in the Chesapeake Bay for both
time-steps

Of=2 Standard deviation of fishing mortality rate 0.50 0.24

deviations in the Ocean for both time-steps

170



Table 3.2. Equations for the operating model that assumes two stocks, two region,

and two 6-month time-steps for striped bass dynamics.

Eq. Description
3.2.1 Ntsy_ tsva = Ntsy_ ts_, a1 X e Ma-1tFedsxfsela-s Total stock abundance
in the first year
3.2.2 Ntgy_. ts.ia., = Rs X Rdevs,, Recruitment in the
first year
323 Rdev,, = N(0,05) Annual recruitment
deviations for each
stock
3.24 Feqs; = afselg X afeq, Equilibrium fishing
mortality
3.2.5 1 Equilibrium fishe
afsel = quinot i
1 + e—apix(a—apz) selectivity
3.2.6 —Zy 1 ts=2.a— Total stock abundance
Ntsy ts=1,a = Z Nsry-1ts=2,a-1 X € Zry-its=za-1 . .
for all spatial regions
" in Jan-Jun
3.2.7 Nty iseza = Z Ny esoiq X € Zroes=ta Total stock abundance
for all spatial regions
r in Jul-Dec
3.2.8 —Zyy—1ts=2 A Total stock abundance
Ntsy ts=1,4 = Z N ry-1ts=2,4-1 X € Zry-its=2.4-1 .
for the plus group in
" _ Jan-Jun
+ Z Ns,r,y—l,ts:Z,A X e fry-Lts=24
-
3.2.9 - - Total stock abundance
Nts,y,ts:Z,A = Z Ns,r,y,ts:l,A X e~ iryts=1.4 .
for the plus group in
" Jul-Dec
3.2.10 Ny yts.a = Ntsytsa X 0CCsrts.q Stock abundance for
each spatial region
3.2.11 Zyytsa=Mg+ Zryisa Instantaneous total
mortality
3.2.12 Frytsa = fselyisa X fr X Fdevy y s Instantaneous fishing
mortality
3.2.13 1 Logistic selectivity
sel =
1 + e—P1x(a-p2)
3.2.14 1 1 Double logistic

sel =

1 + e—P1x(a—p2) X 1 + e P3x(Pa—a)
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Eq.

Description

3.2.15

3.2.16

3.2.17

3.2.18

3.2.19

3.2.20

3.2.21

3.2.22

3.2.23

3.2.24

3.2.25

3.2.26

3.2.27

3.2.28

3.2.29

3.2.30

SSBgy s = Z Nty tsq X S€Xq X Maty, X ssbw,, 4
a

Fryts

CAAr,y,ts,a = 7
ryts

CAAerTr,y,ts,a = Z ageerry X CAAr.y,tS,a

a

Cryes = Z CAAerty .y tsa
a

CAAerryy tsq
PAAr,y,ts,a = C
ryts

ICAAn,s,r,y,ts,a =(qn X Ns,r,y,ts,a X Sseln,ts,a

ICAAerty 0 = Z a geerry X ICAAy 54.y,q

s,a

Inyyts = z [ CAAeeTy .y 4
a

ICAAerr:
IPAAn,r,y,ts,a = LLYIRE

In,r,y,ts

In,r,y =ql, X Z Ns,r,y,ts:Z,a:l
s
In,r,y = qyoy, X Z Ns,r,y+1,ts=2,a=1
s
Cdryts = N (Cr,y,ts: UF)

Idypyy = N(In,r,y' UI)

PAAd, ysq = Multi(PAAert, 5.4, ESS)

IPAAd, 15, = Multi(IPAAerr, s 4, ESS)

F _ Fr,y,ts,a X ZS Nts,r,y,ts,a
Wya = Y. Nt
S,r s,r,y,ts,a

T,ts
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x (1- e_Zr'y'ts) X Ns,r,y,ts

Spawning stock
biomass

True catch-at-age

Observed catch-at-age
with aging error

Total catch

Observed catch
proportions-at-age

True survey catch-at-
age

Observed 1+ survey
catch-at-age with
aging error

Index of abundance
for 1+ surveys

Observed 1+ survey
proportions-at-age

Index of abundance
for agel surveys

Index of abundance
for young-of-the-year
surveys

Total catch datasets
with observation error

Indices of abundance
with observation error
Proportions-at-age
with observation error
for the fishery
Proportions-at-age
with observation error
for the 1+ surveys

Weighted annual
fishing mortality for
SE models



Table 3.3. Standard deviations (o) and effective sample sizes (ESS) for generating
each dataset. Effective sample size is weighted proportionally to the relative
abundance of each stock in a region at a given time-step so that the total ESS sums to
100 in each region. Values are assumed the same for each time-step and/or region if

only a single value is presented.

Parameter Type Value
Fishery Total Catch o 02

Fishery Age Composition Chesapeake Bay region ESS 48, 52
Fishery Age Composition Ocean region ESS 37,63
Survey Indices of Abundance 1+ o 04

Survey Age Composition 1+ ESS 57,43,54,46
Survey Age 1 Indices of Abundance o 05

Survey Young-of-the-Year Indices of Abundance o 05
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Table 3.4. Description of the five estimation models for striped bass. Fleets-as-area

models are denoted as ‘FAA’ models and spatially-explicit models are denoted as

‘SE’ models. Regions specify the number of spatial areas assumed in each model,

Stocks refers to the number of stocks assumed in each model, Fleets refers to the

number of fishery fleets assumed for each model, and Time-Step refers to either

annual (12-months) or two sub-annual time-steps (6-months).

Assumed Stock
Model aging error in  composition
Number Regions Stocks Fleets Time-Step  data sources  data?
FAAI 1 1 2 1 annual No -
time-step
FAA2 1 1 2 1 annual Yes -
time-steps
SE1 2 2 2 2 sub- No -
annual time-
steps
SE2 2 2 2 2 sub- Yes -
annual time-
steps
SE3 2 2 2 2 sub- Yes Last 10 years,
annual time- stock data for
steps fishery and
surveys
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Table 3.5. Equations for the fleets-as-areas (FAA) estimation models that assumes

one stocks, two fleets, and 12-month time-steps for striped bass dynamics.

Eq. Description
3.5.1 Nty , = Ny_14-1 X e Zy-1a-1 Total annual abundance for FAA
models
352 Nty 4 = Ny_q4-1 X e Zy-14-1 Abundance of plus group for
+ Ny_1 4 X e 214 FAA models
3.5.3 _ Z Instantaneous fishing mortality
E, .= l X fr X Fd
y.a C fselpea fy “Vry for FAA models
3.5.4 - 1 o 1 Fishing selectivity for both fleets
fsel = 1 4 e P1x(a-p2) = 1 4 ¢-p3x(s—a)  for the FAA models
3.55 Zya=Fq+ M, Instantaneous total mortality for
FAA models
3.5.6 Frya _z Estimated catch-at-age for the
CAdpya = ¥ A =€) XNba  EAx models
3.5.7 CAAerty o = Z a geerr, x CAA; 4 Es.timated catch-at-age with scale
aging error
a
3.5.8 Cry= z CAAerr;,, EsFimated total catch with scale
aging error
a
3.5.9 pAA _ CAderryyq Estimated catch proportions-at-
fya = Cry age with scale aging error
3.5.10 ICAA, o = qn X Nty q X ssely Estimated fishery independent
survey catch at-age for the FAA
models
3.5.11 1 1 Survey selectivity for each
ssel = X .
1 4+ e—P1x(a-p2) 7 1 4 ¢-p3x(ps—a)  fishery independent survey
3.5.12 ICAAert, , , = Z a geerr, X ICAAy 4 Estimated survey catch-at-age
o > with scale aging error
a
3.5.13 Z Estimated index of abundance of
L,y = I CAAeer,
vy my.a each fishery independent survey
“ with scale aging error
3.5.14 ICAAertyy q Estimated survey proportions-at-
IPAAyy g = ——— .
Y Iny age for each fishery independent
survey with scale aging error
3.5.15 I1,, =ql, X Nty q—1 Estimated index of abundance for
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Eq. Description

3.5.16 Iyny = qyoy, X Nty 14-1 Estimated index of abundance for
young-of-the-year fishery
independent surveys

3517 g B, = Z Nty X Sexq X mate X ssbwy q Estimated spawning stock
biomass
a
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Table 3.6. Negative log likelihood components for the two-stock spatially-explicit

striped bass models. Additive constants have been removed from the negative log

likelihood functions. Parameter definitions are in Table 3.1.

Num. Equation Description
3.6.1  nllyyr = —In(Legeen) — M(Lingex) Total negative log-likelihood
— In(Lcatcnpaa) — ln(LSurveyPAA)
- ln(Lrecruitment) - ln(LFdev)
— In(Locc)
3.6.2 Log-normal negative log-
(in(x ) - l"(X )) lkelihood ¢
_loge (LCatch/Index) Z
3.6.3 —loge(LCatch/SwveyPAA) ‘Robgst Multipomial’
_ negative log-likelihood
y,a
0.5X(—PAA— PAA)2 0.01
()
3.64 —log.(Lyecruitment) Normal (on the log scale)
_ negative log-likelihood for
Z (in(Rdevs—qc)) recruitment deviations with
y
mean of 0 and standard
+ (In(Rdevs-cp)) deviation of 1
3.6.5 _ 1 Log normal negative log-
~loge(Lrgev) = z 0.52 (Fde”r.y.ts likelihood for year-to-year
ry.ts 5 deviations in fishing
-F devr,y—l,ts) mortality with standard
deviation of 0.5
3.6.6 —loge.(Loce) , Norrpal negative log- .
~ 0. 5(P7”0Ps,r,ts,a _ st,r,ts,a) likelihood 1nformat1\/.e.pr10rs
= 5 of occupancy probability
sr.a O-S,T,tS,a
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Table 3.7. Datasets used in the likelihood functions (Table 3.6) for each estimation

model. Descriptions of the estimation models and their names are found in Table 3.4.

Datasets and their assumptions are described for the fishery, fishery-independent

surveys, age-1 surveys, young-of-the-year (YOY) surveys, and movement.

Data FAAI FAA2 SE1 SE2 SE3
Fishery Catch for Catch for Catch for each  Catch for each ~ Years 1-20: Catch for each
Catch each fleet each fleet region and region and region and timestep
time-step time-step Years 21-30: Catch for each
stock in each region and
time-step
Fishery Proportions  Proportions  Proportions-at- Proportions-at-  Years 1-20: Proportions-at-
Age -at-age -at-age age from scale  age from scale age from scale age for each
Compositi  from scale from scale age for each age for each region and time-step
on age for each age for each region and region and Years 21-30: Proportions-at-
fleet fleet time-step time-step age from scale age for each
stock in each region and
time-step
Survey Indices of Indices of Indices of Indices of Years 1-20: Indices of
Index of abundance abundance abundance for  abundance for abundance for four 1-15+
Abundanc  for four 1- for four 1- four 1-15+ four 1-15+ surveys, one survey in each
e 15+ surveys 15+ surveys surveys, one surveys, one region and time-step
survey in each  survey in each Years 21-30: Indices of
region and region and abundance for four 1-15+
time-step time-step surveys for each stock, one
survey in each region and
time-step
Survey Proportions  Proportions  Proportions-at- Proportions-at-  Years 1-20: Proportions-at-
Age -at-age for -at-age for age for four 1-  age for four 1- age for four 1-15+ surveys
Compositi  four 1-15+  four 1-15+ 15+ surveys 15+ surveys from scale ages, one survey
on surveys surveys from scale from scale ages, in each region and time-step
from scale from scale ages, one one survey in Years 21-30: Proportions-at-
ages ages survey in each  each regionand  age for four 1-15+ surveys
region and time-step from scale ages for each
time-step stock, one survey in each
region and time-step
Age 1 Indices of Indices of Indices of Indices of Indices of abundance for two
Survey abundance abundance  abundance for  abundance for age-1 surveys, one in each
for two age- for two age- two age-1 two age-1 region
1 surveys 1 surveys surveys, one in  surveys, one in
each region each region
YOY Indices of Indices of Indices of Indices of Indices of abundance for two
Survey abundance  abundance  abundance for  abundance for YOY surveys, one in each
for two for two two YOY two YOY region
YOY YOY surveys, one in  surveys, one in
surveys surveys each region each region
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Data FAAL1 FAA2 SE1 SE2 SE3
Movement - - Informative Informative -
priors for priors for
occupancy occupancy
probabilities probabilities for

for two stocks
in each region
and time-step
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two stocks in
each region and
time-step



Table 3.8. Median relative error (MRE) and root mean squared relative error
(RMSRE) for estimated values for five estimation models. The values are presented
for the terminal year estimated total annual abundance (N), spawning stock biomass
(SSB), fishing mortality for age-8 (F-8), and the fishing mortality that yields 40%

spawning potential ration (F40% SPR). Models are described in Table 3.4.

Metric FAA1 FAA2 SE1 SE2 SE3
MRE N -0.393 0483 -0.515 -0.017 -0.002
RMSRE N 0.359 0.617 0.384 0.100 0.147
MRE SSB -0.593 0.719 -0.614 0.032 0.040
RMSRE SSB 0.583 0.985 0.627 0.140 0.213
MRE F-8 1.408 -0.268 1.354 -0.001 -0.012
RMSRE F-8 1.346 0.361 1434 0.153 0.192

MRE F40% SPR 1.145 0.887 -0.120 -0.134 -0.129
RMSRE F40% SPR  1.146 0.889 0.120 0.134 0.137
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Supplemental Table S3.1. Spawning stock biomass weight-at-age for 30 years used

to calculate spawning stock biomass. Values used are the same as those assumed for

the benchmark assessment from years 1988-2017 (Northeast Fisheries Science Center

2019).

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15+
024 062 1.01 1.82 2.83 357 395 440 511 559 8.00 9.67 1035 11.43 13.07
0.10 065 1.13 1.87 2.74 413 5.00 570 5.67 7.65 7.96 944 1097 11.85 13.46
0.04 058 1.05 1.80 232 3.62 4481 581 583 599 17.73 9.04 962 1070 11.51
0.16 050 1.18 1.85 246 294 454 545 633 6.10 8.43 808 985 10.75 12.23
0.06 051 1.20 1.75 2.63 337 439 553 6.60 7.69 8.73 11.62 1195 13.82 17.23
0.04 046 1.12 1.79 2.53 337 449 578 6.70 773 9.16  10.50 12.27 13.65 15.20
0.18 053 138 194 2.61 330 456 582 6.62 740 9.27 1039 11.62 13.02 14.69
020 054 127 2.05 2.62 343 483 583 699 829 7.56 9.73 10.89 12.04 13.20
0.10 075 1.22 2.03 293 4.00 5.6 6.63 736 8.67 9.20 940 1130 1248 14.17
0.08 043 1.15 2.16 2.68 3.53 451 537 6.82 88l 9.75 10.00 11.70 13.30 15.35
032 049 1.02 1.50 230 291 440 535 633 695 8.09 9.89 10.67 12.15 1341
0.64 073 1.01 138 1.83 244 325 494 632 7.58 824 922 11.19 12,65 15.04
0.37 057 1.05 1.36 1.81 254 3.49 459 652 7.6 920 10.16 11.88 13.77 16.51
0.14 038 094 1.56 1.99 286 3.74 471 6.02 7.61 83l 8.62 1049 11.89 12.87
0.08 026 0.82 1.40 206 290 393 510 5.76 724 8.75 946 10.62 1234 14.62
0.07 040 075 131 2.00 291 3.84 493 594 689 825 932 10.63 12.13 13.76
0.19 024 077 1.29 212 285 3.88 488 584 685 792 8.89 1025 11.62 13.18
0.10 041 0.84 1.39 1.98 3.01 3.88 522 6.05 691 8.14 9.51 10.68 1215 14.21
0.14 029 0.72 1.29 1.87 2.64 3.68 503 642 7.14 821 9.17 1096 1242 1437
0.07 036 0.75 1.15 1.88 274 3.87 490 647 7.54 885 9.71 1140 13.14 15.54
0.16 031 0.85 1.29 1.89 3.06 4.46 518 632 7.89 8.83 9.71 1134 1296 14.74
0.20 047 0.84 131 1.78 295 4.21 556 650 746 8.67 940 1095 12,51 14.20
0.12 055 096 1.30 1.83 291 4.00 502 6.13 745 8.64 9.06 10.66 12.19 1391
0.16 039 094 143 1.83 276 3.90 490 6.09 7.20 8.06 9.72 10.75 1239 1440
0.05 039 0.86 1.48 2.08 288 4.05 537 6.18 7.79 8.65 9.81 11.54 13.06 1531
0.15 031 0.81 1.28 2.10 3.07 3.90 507 648 729 9.01 10.07 11.67 13.34 15.49
0.56 042 0.77 1.18 1.93 285 4.03 498 652 796 874 11.18 12.66 14.61 17.69
0.12 033 081 1.38 2.11 326 4.13 530 6.51 751 8.82 10.18 1195 1348 15.03
0.13 033 061 1.16 2.01 3.15 4.48 564 6.69 839 939 10.61 12.64 1439 17.26
0.18 037 085 1.33 2.10 296 4.17 516 629 816 9.56 10.61 1258 1448 16.07
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Supplemental Table S3.2 Aging-error matrices used applied to the fisheries-

independent and dependent data sources for striped bass ages 1-15+. Striped bass

used for to develop this matrix were collected from Massachusetts, Rhode Island, and

New Jersey that were aged with both scales and otoliths. Otolith (true) ages are along

the columns and scale ages are along the rows.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15+

O 0 9 N i AW N =

—_ e = e e
AW N = O

15+

0.667
0.333
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.051
0.949
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.481
0.444
0.074
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.047
0.748
0.168
0.037
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.096
0.426
0.415
0.043
0.011
0.011
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.014
0.150
0.652
0.171
0.014
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.003
0.036
0.270
0.593
0.075
0.022
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.046
0.282
0.541
0.120
0.012
0.000
0.000
0.000
0.000
0.000
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0.000
0.000
0.000
0.000
0.000
0.009
0.101
0.332
0.447
0.097
0.014
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.047
0.215
0.366
0.331
0.041
0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.041
0.091
0.231
0.248
0.331
0.050
0.008
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.066
0.077
0.165
0.319
0.352
0.022
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.014
0.041
0.068
0.205
0.370
0.247
0.055
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.009
0.009
0.009
0.094
0.142
0.179
0.340
0.179
0.038

0.000
0.000
0.000
0.000
0.000
0.000
0.005
0.005
0.010
0.010
0.062
0.120
0.193
0.245
0.349



3.10 Figures
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Figure 3.1. A) Boxplots of the distribution of relative errors of total abundance over
stocks and regions (N), annual fishing mortality at age-8 (F-8), and fishing mortality

that achieves a 40% spawning potential ratio (SPR) for the entire population (F40). B)
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Boxplots of the distribution of relative errors of stock-specific abundance for the
Chesapeake Bay stock (N CB) and Atlantic coast stock (N AC), fishing mortality that
produces 40% SPR for the Chesapeake Bay stock (F40 CB), and fishing mortality
that produces 40% SPR for the Atlantic coast stock (F40 AC). Estimation models are
described in Table 3.4. For both figures, the dashed red line represents when relative
error is equal to 0. The lower and upper hinge of the box represents the 25th and 75th
percentiles. The middle line represents the median. The whiskers extend to the

minimum and maximum values of relative error.
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Figure 3.2. Relative error of total abundance (over stocks and regions) for each year
and estimation model. Models are described in Table 3.4. The dashed red line
represents when relative error is equal to 0. Boxplot definitions are found in Figure

3.1.
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Figure 3.3. Relative error of total spawning stock biomass (SSB) (over stocks and
regions) for each year and estimation model. Models are described in Table 3.4. The
dashed red line represents when relative error is equal to 0. Boxplot definitions are

found in Figure 3.1.
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Figure 3.4. Relative error of total fishing mortality for age 8 (F-8) (over stocks and
regions) for each year and estimation model. Models are described in Table 3.4. The

dashed red line represents when relative error is equal to 0. Boxplot definitions are
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Figure 3.5. Relative error of fishing mortality for each age (over stocks and regions),
aggregate for all years and each estimation model. Models are described in Table 3.4.
The dashed red line represents when relative error is equal to 0. Boxplot definitions

are found in Figure 3.1.
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Chapter 4: Testing the performance of a spatially-explicit
population model for striped bass under different climate change
scenarios

4.1 Abstract

Climate change is expected to alter the dynamics of many ecologically and
economically important fish species, but few stock assessments consider climatic
effects. Striped bass Morone saxatilis have undergone many dynamic changes as a
result of changing environmental conditions, particularly in the Chesapeake Bay. For
example, water temperature has been shown to affect striped bass spawning behavior,
recruitment, movement, and natural mortality. We developed a simulation framework
to evaluate how potential climate-change induced variability in the Chesapeake Bay
striped bass stock may affect the performance of a spatially-explicit stock assessment
model. We simulated five scenarios with alternative assumptions of potential climate
effects on striped bass. Datasets generated under each scenario were introduced into
three stock assessment models with varying degrees of spatial complexity and stock
structure. The spatially-explicit models were better able to account for changes in
recruitment and movement over time with relatively little bias in estimates of
abundance and fishing mortality. However, when natural mortality changed over
time, all models yielded substantially biased estimates of abundance, spawning stock
biomass, and fishing mortality. Ignoring time-varying natural mortality and migration
can lead to the overestimation of striped bass abundance, potentially providing

incorrect management advice.
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4.2 Introduction

Sustainable management depends on reliable stock assessments and the ability
to accurately estimate population dynamics in response to climate change (Hare et al.,
2016). However, few stock assessments used to inform management decisions
include ecosystem or climatic effects (Pepin et al., 2022). If population models cannot
account for shifts in distribution or productivity, abundance and fishing mortality
estimates may be biased. Management decisions, like catch limits, that are based on
population estimates that do not consider population responses to climate change may
lead to an over or underutilized resource (Goethel et al., 2021; Mazur et al., 2023;
Wayte, 2013).

Stock assessment models can produce biased estimates if their assumptions
are violated. Spatially-explicit population models have the potential to reduce the bias
for estimates of abundance when spatial complexity exists in life history and fishery
characteristics, whereas spatially-implicit (e.g., fleets-as-areas) approaches may result
in bias in estimates of mortality over time (Bosley et al., 2022). Also, stock
assessment models commonly assume many life history parameters such as natural
mortality are constant over time (Maunder et al., 2023; Punt et al., 2021). Incorrectly
specifying natural mortality and movement dynamics in assessment models can lead
to biased assessment estimates (Deroba and Schueller, 2013; Goethel et al., 2021).

Striped bass Morone saxatilis is an ecologically important species in the
Chesapeake Bay and supports an important recreational and commercial fishery on
the U.S. Atlantic coast and in the Chesapeake Bay (Hartman and Margraf, 2003).

Striped bass undergo seasonal migrations that vary by sex, size, and age between
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Maine and North Carolina (Secor et al., 2020a). This coastal population is supported
by four major spawning stocks that are biologically distinct, including the Hudson
River stock, Delaware Bay stock, Chesapeake Bay stock, and Roanoke River stock
(Northeast Fisheries Science Center, 2019). However, the Chesapeake Bay
contributes disproportionately to the migratory contingent (Fabrizio, 1987; Hasegawa
et al., 2022; Kneebone et al., 2014; Wirgin et al., 1993). A spatially-explicit model
was developed to estimate abundance of striped bass in the Chesapeake Bay (Chapter
2) and was shown to improve the accuracy of abundance estimates compared to
spatially-implicit models (Chapter 3). However, this model does not consider
potential environmental and climatic changes in the Chesapeake Bay. For example,
the Chesapeake Bay has experienced increased frequency of hypoxia events (Du et
al., 2018; Hagy et al., 2004), varying nutrient loads due to land use practices (Goetz et
al., 2004), and declines in ecologically significant species (Wilberg et al., 2011) in the
last few decades, which can have negative consequences on fish species and habitat
quality. Additionally, habitat quality in the Chesapeake Bay is expected to worsen
overtime with climate change (Du et al., 2018) impacting habitat use within the
Chesapeake Bay (Schonfeld et al., 2022). Understanding how these environmental
changes to the Chesapeake Bay affect ecologically and economically valuable species
like striped bass could potentially improve assessments and fisheries management.
The Chesapeake Bay is expected to experience increased water temperature,
increased variability of salinity (Najjar et al., 2010), and a higher prevalence of
disease (Jesse et al., 2021) due to climate change. Increased water temperature is

expected to be a major driver of striped bass declines in the Chesapeake Bay (Allen et
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al., 2023). However, changes to nutrient loads and sea level rise could partially offset
negative consequences from increased water temperature (Irby et al., 2018; Ni et al.,
2020). Increased temperatures as a result of climate change are suggested as a
mechanism for increased mortality and disease prevalence (Jesse et al., 2021). For
example, mortality of striped bass from mycobacteriosis increases as water
temperature increases (Groner et al., 2018), and mycobacteriosis prevalence in striped
bass was 90% for certain ages between 2003-2007 (Latour et al., 2012).
Mycobacteriosis may also affect recruitment, as diseased fish have slower growth,
implying that egg production may be reduced for affected populations (Gervasi et al.,
2019; Latour et al., 2012). Mycobacteria appear to have upper temperature thresholds
(Gauthier et al., 2021), which may reduce effects of mycobacteriosis at high
temperature. Because the Chesapeake Bay has a higher prevalence of mycobacteriosis
than other spawning areas along the Atlantic coast, recruitment in the Chesapeake
Bay could be reduced over time as a result. Furthermore, natural mortality of striped
bass is likely increasing over time and is higher for Chesapeake Bay fish than other
stocks along the Atlantic coast (Schonfeld, 2023; Secor et al., 2020a). As a result of
climate change, the severity of mycobacteriosis is increasing overtime within the
Chesapeake Bay (Groner et al., 2018), driving increases in natural mortality of striped
bass over time as well. However, population models often assume constant mortality
over time.

Climate change may also affect striped bass spawning behavior, movement,
and recruitment trends. Striped bass spawning is directly related to water temperature

and environmental conditions, because water temperature determines when striped
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bass spawn (Peer and Miller, 2014; Secor and Houde, 1995) and when striped bass
move off spawning grounds (Rothermel et al., 2020; Secor et al., 2020b).
Additionally, recruitment disproportionately comes from a narrow window of
spawning that changes annually based on water temperature. As a result, striped bass
may benefit from numerous spawning days in order to hedge against inconsistent or
variable environmental conditions (Secor, 2007; Secor and Houde, 1995). However,
the striped bass spawning window may shorten in the future due to projected changes
in water temperature (Nack et al., 2019). Water temperature also affects early life-
stage survival, as warm and cool temperatures can increase mortality for striped bass
(Secor and Houde, 1995). Finally, winter water temperature and river discharge drive
spring abundance of larval striped bass prey, implying warming waters could cause a
mis-match in the timing of prey availability for young-of-the-year striped bass
(Millette et al., 2020). In the Hudson River, river discharge was positively correlated
to the abundance of post-yolk-sac larval striped bass (O’Connor et al., 2012).

Data limitations and violations of assumptions of the spatially-explicit
population model described in Chapter 2 may cause estimates to be biased. First, the
spatially-explicit model has relatively little data on stock composition of the coastal
fishery. Though recruitment can vary over time for each stock in the spatially-explicit
model, changes in productivity due to climate change induced variability may not be
able to be captured in this model as it lacks data to track specific changes in stock
composition in the fishery and fishery-independent surveys. Further, stock
composition was also driven by movement of each stock. Striped bass migration is

assumed to be driven by temperature, as striped bass move off spawning grounds as
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waters warm (Rothermel et al., 2020). Therefore, warming waters due to climate
change may cause spatially driven migration changes (Rothermel et al., 2020; Secor
et al., 2020b). Finally, natural mortality is an important parameter in assessment
models due to its effects on estimating recruitment (Maunder et al., 2023). Thus,
understanding how the assumption of constant natural mortality used in Chapter 2
impacts estimates of abundance and fishing mortality under stochastic environments
is of importance. Ignoring these population dynamics may reduce accuracy of the
Chapter 2 model in a changing climate.

In this study, we developed a simulation framework to evaluate how potential
climate effects on the Chesapeake Bay striped bass stock may affect the performance
of the spatially-explicit stock assessment model developed in Chapter 2 and two other
models from Chapter 3. Additionally, we tested whether current assessment methods
used to inform management decisions for striped bass can provide accurate estimates
of abundance under climate induced population shifts. Our specific objectives were to
determine how increases in natural mortality in the Chesapeake Bay over time may
affect the performance of stock assessment models that assume constant mortality
over time and space. Further, we tested how changes in productivity and increases to
movement out of the Chesapeake Bay affected performance of stock assessment

models that assumed stationary recruitment and migration.

4.3 Methods

We evaluated the performance of three stock assessment models for
estimating abundance, recruitment, and fishing mortality under multiple scenarios

that assumed changes to striped bass dynamics over time. These scenarios included
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increases to natural mortality in the Chesapeake Bay, increases to movement out of
the Chesapeake Bay, and declines in average recruitment for the Chesapeake Bay
stock. Datasets were generated based on a simulated populations that represented
striped bass population dynamics scenarios and fitted with three stock assessment
models that differed in their assumptions of spatial complexity and data inputs. The
estimation models were a fleets-as-areas (FAA) model, a multi-stock, spatially-
explicit model (SE), or a multi-stock, spatially-explicit model that included additional
stock composition data in the fishery and surveys (SE-S). Model estimates of interest
(i.e., abundance, fishing mortality) from each estimation model were summarized and
compared to the true simulated values to determine model performance. The
operating models simulated data sets that represented a 30-year period. For each set

of operating model assumptions (i.e., scenario), 300 simulations were run.

4.3.1 Operating Models

Five operating models were developed to represent potential “true” population
dynamics for striped bass. Each operating model included similar age-specific
processes (e.g., maturity at age, sex proportions at age) to those in the most recent
stock benchmark assessment (Northeast Fisheries Science Center, 2019) and the
model described in Chapter 2. All operating models assumed two stocks, two regions,
and assumed that biological processes occurred during 6 sub-annual, two-month time-
steps (e.g., Jan.-Feb., Mar.-Apr., etc.). Variable definitions can be found in Table 4.1
and model equations are found in Table 4.2.

The first operating model (OM-B) was the base scenario. In the base scenario,

population dynamics for natural mortality and movement were constant over time and
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recruitment followed a stationary stochastic process. OM-B followed the same
dynamics described for Chapter 3 and used parameter estimates from Chapter 2. The
operating model generated 30-year time series of observed catches, indices of
abundance, and proportions-at-age that were similar to striped bass dynamics
estimated in Chapter 2. Abundance of striped bass in January-February in the first
year was calculated by assuming each stock was in equilibrium in the first year (Eq.
4.2.1). Recruitment was assumed to be lognormally distributed for each stock (Eq.
4.2.2) with different means based on output from Chapter 2 for the Chesapeake Bay
and Atlantic coast stocks (Table 4.1). Equilibrium fishing mortality in January-
February in the first year for each stock was calculated as the equilibrium fishing
selectivity multiplied by the average fully selected fishing mortality (Eq. 4.2.3).
Equilibrium fishing selectivity was defined as a logistic selectivity function for each
stock (Eq. 4.2.4). Total abundance-at-age for the remaining years was calculated
using an exponential mortality model summed over regions (Eq. 4.2.5-4.2.6). The
plus group in the first subannual time-step included all fish age 15 and older (Eq.
4.2.7). Movement was calculated to occur after mortality at each 2-month time-step
(Eq. 4.2.8). Total instantaneous mortality for each age was calculated as the sum of
natural mortality and fishing mortality for each region and time-step (Eq. 4.2.9).
Average fishing mortality was set to the output of fishing mortality from Chapter 2,
between 1990-2017. However, Chapter 2 estimated fishing mortality across two 6-
month time-steps. Therefore, in the operating model, fishing mortality for a 6-month
time-step was lognormally distributed with standard deviation estimates from Chapter

2. To calculate age-specific fishing mortality for each 2-month time-step, the fishing
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mortality was multiplied by the fishery selectivity (Eq. 4.2.10) and then divided by
three. Fishery selectivity followed a logistic function for the Ocean region (Eq.
4.2.11) and a double logistic function in the Chesapeake Bay (Eq. 4.2.12), with
patterns constant overtime. Parameters that defined fishery selectivity functions were
based on estimates from Chapter 2 but were simplified to reduce complexity (Table
4.1). Four multi-age fishery-independent surveys were assumed to occur each year,
one in January-February in each region and one in July-August in each region.
Logistic selectivity functions were used for the Chesapeake Bay surveys and double
logistic selectivity functions were used in the Ocean region. Constant catchability was
assumed for each survey based on catchability estimated in Chapter 2. One age-1 and
one young-of-the-year survey were assumed to occur in each region during July-
August. Occupancy probabilities were based on the output of a Brownie mark-
recapture model that estimated movement into and out of the Chesapeake Bay for two
6-month time-steps (Schonfeld, 2023). In OM-B, movement was assumed to occur in
January-February and July-August to match assumptions in Schonfeld (2023);
however, movement for the remaining time-steps was based on the percent of striped
bass from each stock remaining in each region during each time-step (Eq. 4.2.13). For
OM-B, the percent remaining was assumed to be 100%, to prohibit movement outside
of 6-month periods defined in Schonfeld (2023). All other operating models followed
similar assumptions to OM-B unless otherwise stated.

The second operating model (OM-M) assumed that natural mortality changed
over time based on the results of the Brownie mark-recapture model that estimated

natural mortality from 1990-2020 (Schonfeld, 2023). Schonfeld (2023) estimated
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natural mortality for fish ages 2 through 11+ in the Ocean region as a single rate from
1990-2020 but estimated natural mortality in the Chesapeake Bay as changing over
three decades:1990-1999, 2000-2009, and 2010-2020 (Table 4.3). The average annual
natural mortality for each decade was set as the mid-point for each decade the
operating model (i.e., the average for 1990-1999 was the natural mortality in year 5 of
the operating model). Natural mortality for age-1 was set to the value used in the
benchmark assessment (Northeast Fisheries Science Center, 2019). Natural mortality
for ages 12-15+ were set as the natural mortality rate for age 11+ from Schonfeld
(2023). Linear interpolation was then used to calculate annual natural mortality-at-age
for each year such that the average mortality of each decade in the operating model
was equal to the estimates from the brownie mark recapture model. Natural mortality
rate at age were constrained so that the start and end of each decade could not be
more than 50% below or above the average mortality for that decade (Figure 4.1).

The third operating model (OM-P) assumed migration of striped bass changed
over time. OM-P assumed migration into and out of the Chesapeake Bay occurred
more gradually throughout the year than at 6-month intervals to better match the
observed movement of Chesapeake Bay striped bass (Secor et al., 2020a).
Additionally, OM-P assumed time-varying migration by allowing the occupancy
probabilities for the Chesapeake Bay stock to change each year. To calculate year-
specific occupancy probabilities for the Chesapeake Bay stock in January-February,
occupancy probabilities estimated from Schonfeld (2023) in January-June were used
as the average for the time-series (years 1-30). To keep this series average, the

average occupancy probability in OM-P for years 1-10 was equal to 25% less than the
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probabilities estimated in Schonfeld (2023), the average for years 11-20 was equal to
the probability estimates from Schonfeld (2023), and the average from years 21-30
were set equal to 25% higher than the probability estimates from Schonfeld (2023).
The percent difference for each decade (e.g., 25%) was selected somewhat arbitrarily,
as there are few quantifiable estimates of movement changes over time. However, this
percent difference represents gradual changes in movement that are still realistic and
centered around an estimated average based on tagging information (Schonfeld,
2023). Linear interpolation was then used to estimate annual occupancy probabilities
during January-February for each year. Occupancy probabilities in March-April and
May-June were set equal to occupancy probabilities assumed in January-February. In
July-August, occupancy probabilities were assumed to be similar to those from
Schonfeld (2023) but deviated slightly in the later years. In this time-step, occupancy
probabilities assumed striped bass increasingly leave the Chesapeake Bay region over
time and the rate increases with each age. For this time-step, the occupancy
probabilities for striped bass ages 8+ deviated from those estimated in Schonfeld
(2023) during July-December for some years. Studies suggest the age at 50%
migration out of the Chesapeake Bay is approximately age-10 (Secor et al., 2020a;
Secor and Piccoli, 2007). Further, acoustic tagging data suggests striped bass 12-15+
have a higher probability of occurring the Ocean in July-December than the
occupancy probabilities from conventional tagging data suggest (Secor et al., 2020a),
and older striped bass may be less likely to remain in the Chesapeake Bay during the
summer months (Nack et al., 2019). Therefore, average occupancy probabilities for

each decade used linear interpolation to increase occupancy between age-7 (0.15) to
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an occupancy in the Ocean of 100% for age 15+ in the second decade, and 100%
occupancy in the Ocean by age 13+ in the last decade. However, similar to January-
February, the average of the occupancy probabilities during July-August for fish ages
1-8 were assumed to be 25% lower in the first decade and 25% higher in the third
decade. The percent of each stock remaining in each region also contributed to the
observed migration rate of Chesapeake Bay striped bass. As water temperature
increases in the Chesapeake Bay, striped bass spawning is expected to start earlier
and the spawning season is expected to shorten (Giuliano, 2023; Nack et al., 2019;
Pan et al., 2023; Peer and Miller, 2014). Therefore, striped bass were simulated to
begin their migrations out of the Chesapeake Bay earlier than July with time. Gradual
changes of the percent of striped bass remaining in the Chesapeake Bay decreased
from 100% in year 1, to 90% during March-April and 80% in May-June in year 30.
Additionally, striped bass were simulated to commence their migration back into the
Chesapeake Bay before January-February to represent an earlier start to spawning
(Nack et al., 2019) and to reflect observed movement rates for migratory striped bass
in 2018 (Secor et al., 2020a). Therefore, the percent remaining in the Ocean was
assumed to change in November-December from 100% in year 1 to 75% in year 30
(Figure 4.2). For the Atlantic coast stock, the percent remaining was set at 100% for
all time-steps, regions, and years. Linear interpolation was then used to gradually
change the percent remaining every year based on values in year 1 to year 30 for all
time-steps. An additional OM-P scenario was run (OM-P-50) that considered
occupancy was 50% lower in the first decade and 50% higher in the last decade

(Figure S4.2). The OM-P-50 scenario was considered to evaluate movement on the
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same time-varying scale as natural mortality. Further, there are few quantifiable
estimates of time-varying movement (as are for mortality) for striped bass, thus the
OM-P-50 scenario provides an alternative hypothesis of the rate of change of striped
bass entering and leaving the Chesapeake Bay over time.

The fourth operating model (OM-R) represented changes to recruitment and
productivity over time. Spawning and recruitment dynamics of striped bass are
influenced by water temperature (Nack et al., 2019; Pan et al., 2023; Peer and Miller,
2014; Secor, 2000; Secor and Houde, 1995), salinity or river discharge (Allen et al.,
2023; O’Connor et al., 2012), and larval and juvenile mortality (e.g., from disease,
prey availability) (Gervasi et al., 2019; Groner et al., 2018). While little evidence of
striped bass undergoing a range shift exists (Nack et al., 2019), climate change may
have a negative impact on recruitment in the Chesapeake Bay due to changes to
salinity (O’Connor et al., 2012), decrease in prey availability (Millette et al., 2020),
and a potential mismatch of optimal conditions due to a change in spawning season
(Allen et al., 2023; Millette et al., 2020; Pan et al., 2023; Peer and Miller, 2014).
Therefore, we assumed that climate change has the potential to reduce recruitment of
the Chesapeake Bay stock, making it less of a contributor to the overall striped bass
migratory population. Average recruitment was simulated to decline over time for the
Chesapeake Bay stock. The year-1 average recruitment was set to the overall average
recruitment in OM-B (log_R=18.801) and the last year recruitment was set equal to
the Atlantic coast stock average recruitment. Linear interpolation was used to

simulate a time-series of average recruitment for the Chesapeake Bay stock, after
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which lognormal recruitment deviations with the same standard deviations as OM-B
were applied (Table 4.1; Table 4.4).

The fifth operating model (OM-MPR) included changes to natural mortality,
recruitment, and movement over time. In OM-MPR, assumptions match those made
in OM-M for natural mortality, those in OM-P for occupancy probabilities, and those
made in OM-R for recruitment. The five operating models and their assumptions are

described in Table 4.5.

4.3.2. Estimation Models

Three estimation models were evaluated for each data generating scenario
based on the estimation models that were described in Chapter 3. All estimation
models and their assumptions are described in Table 4.2. Each model was a statistical
catch-at-age model that tracked cohorts over time. All assessment models estimated
abundance, recruitment, spawning stock biomass (Eq. 4.2.14), and fishing mortality.
Natural mortality was age-specific but was assumed to be constant over time and
constant across regions, following assumptions made in the benchmark assessment
(Table 4.1, Northeast Fisheries Science Center, 2019). All assessment models were
coded in AD Model Builder (Fournier et al., 2012).

The first estimation model (FAA) was a similar structure to the current stock
assessment model used to inform management of striped bass (Northeast Fisheries
Science Center, 2019). This model was a spatially-implicit statical catch-at-age model
that assumes fleets-as-areas. The FAA model considered a single stock and region
with an annual time step. The FAA model assumed two fishery fleets for the

Chesapeake Bay and Ocean regions. The FAA model estimated abundance and
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spawning stock biomass for a single coastwide stock in one region with an annual
time-step. Fishing mortality and selectivity were estimated for each fleet (Ocean and
Chesapeake Bay).

The second model was a multi-stock, spatially-explicit population model that
assumed two regions, two stocks, and had two 6-month time-steps defined in Chapter
2 (SE). The third assessment model was a multi-stock, spatially-explicit model that
included data with additional stock composition for the last ten years (SE-S). The SE-
S model had the same structure as the SE model except for stock-specific likelihood
functions for the fishery and survey data sources for the last ten years. The two
spatially-explicit models estimated abundance and spawning stock biomass for two
spatial regions and two-stocks with a 6-month time-step. There was one fleet per
region and time step, and fishing mortality and selectivity were estimated for each
region, time-step, and 15-year time-block. Recruitment was estimated for each stock
in January-June and varied annually with lognormal deviations. Further, the spatially-
explicit models estimated occupancy probabilities for each stock in each region and
time-step. Occupancy probabilities were estimated and were constant over time. For
the SE model, occupancy probabilities were estimated with informative priors from
Schonfeld (2023) (Eq. 4.7.5). The SE-S did not include an informative prior on
occupancy probability. Dynamics for the FAA model and both spatially-explicit
models are similar to the operating model that can be found in Table 4.2. However, in
the assessment models, dynamics were assumed to occur over 12-months for the FAA

model or 6-months for the SE models.
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Each estimation model estimated parameters by minimizing the sum of the
negative log likelihood function for each source of data (e.g., total catch, proportions-
at-age). All components of the negative log likelihood function for the estimation
models are described in Table 4.7. The log-scale standard deviations and ESSs were
the same for each estimation model. All ESS and log-scale standard deviations were

set equal to the values used to generate each dataset.

4.3.3. Data Generation

Datasets were generated from each of the five operating models by
incorporating random observation errors to the true simulated values to match the
typical datasets used in a statistical catch-at-age model. Data inputs needed for each
of the three estimations models include catch, proportions of catch-at-age, and indices
of abundance and age composition for each of the four fisheries-independent surveys
for each region and time step. Datasets were at first generated for two-stocks, two
regions, and for 2-month intra-annual time-steps. Then datasets were aggregated over
time, stocks, and/or regions in order to match the data structure for each assessment
model. Fishery catch-at-age was calculated using the Baranov catch equation (Eq.
4.2.15). Total catch for each year, times-step, and region was then found by summing
fishery catch-at-age across ages (Eq. 4.2.16). The fishery-independent surveys were
assumed to be conducted in January-February or July-August (Eq. 4.2.17-4.2.20).
Log-normal observation error was assumed to generate total catch (Eq. 4.2.21) and
the indices of abundance (Eq. 4.2.22). Multinomial error distributions were used to

generate proportions-at-age based on the true proportions at age and the effective
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sample size (Eq. 4.2.23). Log-scale standard deviations and effective sample sizes
used to generate datasets can be found in Table 4.6.

The FAA model assumed a single stock within one region, two regional fleets,
and four fishery-independent surveys with an annual time-step. The same four
fishery-independent surveys and their respective indices of abundance and survey
catch-at-age were assumed in the FAA as the SE models, but assumed to represent
annual trends for a single region. The FAA model also included data for two age-1
surveys and two young-of-the-year surveys that were assumed to represent annual
trends for age-1 and young-of-the-year striped bass. Additionally, observed fishery
catch and proportions-at-age remained disaggregated by region with each region
representing a fleet. Fishery-independent surveys represented both stocks within a
region.

For the two spatially-explicit models, survey catch-at-age, fishery catch, and
fishery catch proportions at age datasets were aggregated across 2-month time-steps
in the operating model to represent two 6-month time-steps (January-June and July-
December). For the SE model, datasets were aggregated across stocks within a region
to match data inputs from Chapter 2. To understand the effects of additional stock
composition data (i.e., fishery catch) on model estimates, datasets for one spatially-
explicit model (SE-S) were generated to include stock data for the last 10 years,
similar to methods described in Chapter 3. For this model, survey catch-at-age,
indices of abundance, fishery catch, and fishery catch-proportions-at-age data were

generated for two regions, two 6-month time-steps, and aggregated over stocks for
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years 1-20. However, during years 21-30 survey catch-at-age, indices of abundance,

fishery catch, and catch proportions-at-age were by stock within a region.

4.3.3. Estimation Model Performance

The performance of each estimation model under each data generating
scenario was compared based on the number of models that converged and the
accuracy of estimated parameters. Because there were too many models and
simulated data sets to individually check the diagnostics for every scenario, we used
the absolute value of the maximum gradient component as an indicator of likely
convergence. For all estimation models, if the absolute value of the maximum
gradient component was greater than 0.01, they were removed from analysis as they
likely did not converge. Each model that had a maximum gradient component less
than 0.01, was assumed to converge and was included in analysis. We determined
model bias and accuracy for estimates of abundance, spawning stock biomass, and
fishing mortality. Relative error (RE) was used to describe the bias of model
estimates and was calculated by dividing the difference between the estimated and the

true values by the true value,

X—-X 4.1)

where X was the estimated parameter and X was the true parameter for each metric.

Model accuracy was characterized by the root mean square relative error (RMSRE),

1 RE? (4.2)

n

RMSRE =

where n was the total number of observations.

213



4.4 Results

All simulations and estimations had a near total convergence rate (>98%;
Table 4.8), but they varied in their ability to estimate abundance, fishing mortality,
and spawning stock biomass (Tables 4.9-4.10). Estimates of abundance, spawning
stock biomass, and fishing mortality in the base scenario (OM-B) were the least
biased and most accurate for most models (Table 4.9). Under this scenario, the FAA
model produced positively biased estimates of abundance (median relative error
(MRE)=0.032), spawning stock biomass (MRE=0.34), and negatively biased
estimates of fishing mortality (MRE=-0.217) in the terminal year (Figure 4.3). The
SE model estimated abundance, spawning stock biomass, and fishing mortality for
age-8 with the least amount of bias compared to the FAA and SE-S models (Table
4.9). The SE-S model was approximately unbiased for all metrics (Table 4.9). In OM-
B, the FAA produced relatively accurate estimates of abundance (RMSRE=0.198),
but produced the least accurate estimates of spawning stock biomass
(RMSRE=0.495), and fishing mortality at age-8 (RMSRE=0.253) in the terminal year
(Table 4.10). The SE model had the lowest RMSRE for estimated abundance,
spawning stock biomass, and fishing mortality for age-8 in the terminal year across
estimation models. Abundance had the lowest RMSRE across all metrics in the SE
model (RMSRE =0.115; Table 4.10). Estimates of abundance, spawning stock
biomass, and fishing mortality from the SE-S model were slightly less accurate than
those from the SE model (Figure 4.3).

Under the OM-M scenario with time-varying natural mortality, all models
produced highly biased estimates of abundance, spawning stock biomass, and fishing
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mortality for age-8 that were also the least accurate across all scenarios for all models
(Figure 4.3). In this scenario, estimates of abundance were positively biased for all
estimation models (MRE >2.5), though the FAA provided the most biased estimates
of abundance (MRE=6.688). Estimates from the SE model were less biased than
those from the FAA model (Table 4.9). Estimated spawning stock biomass performed
similarly to abundance but generally had more bias for all models (MRE > 3.6).
Fishing mortality for age-8 was negatively biased, with the FAA being most biased
(MRE=-0.904) and the SE-S model being least biased (MRE < -0.824; Figure 4.3).
Bias generally was reduced during years 10-20 for all assessment models (Figure
4.6). For the OM-M scenario, estimates of abundance, spawning stock biomass, and
fishing mortality at age-8 also had the highest RMSRE's of any scenario (Figure 4.3;
Table 4.10). RMSRE of abundance was RMSRE= 6.693, 3.022, and 2.715 for the
FAA, SE, and SE-S models respectively. Spawning stock biomass had the highest
RMSRE across metrics for all estimation models, with the FAA being the least
accurate (RMSRE=9.597). RMSRESs for fishing mortality at age-8 (Figure 4.7) were
similar across estimation models (Table 4.10).

Under the OM-P scenario with time-varying movement, estimates of
abundance, spawning stock biomass, and fishing mortality for age-8 were estimated
with less bias than the OM-B scenario in most cases. The FAA had the least biased
estimates of abundance (MRE=0.001) and spawning stock biomass (MRE=-0.009) in
the terminal year (Figure 4.3). Fishing mortality for age-8 was estimated with little
bias (MRE=0.081) for the FAA model. The SE had relatively unbiased estimates of

abundance (MRE=0.024) and spawning stock biomass (MRE= -0.079) and provided
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the least biased estimates for fishing mortality at age-8 (MRE=-0.017) of the
estimation models (Table 4.9). The SE-S model provided unbiased estimates of
abundance (MRE=-0.022), but estimated spawning stock biomass with negative bias
(MRE=-0.143). SE-S estimates of fishing mortality for age-8 were positively biased
(MRE=0.115; Figure 4.3). For the FAA model, estimates of abundance, spawning
stock biomass, and fishing mortality produced similar bias over time. The MRE of
abundance for the SE and SE-S models increased over the last 5 years (Figure 4.4).
The MRE of spawning stock biomass for the SE and SE-S models became
increasingly negatively over time (Figure 4.5). Estimates of fishing mortality were
similar over time for all models (Figure 4.6). For the OM-P scenario, the FAA was
least accurate for most metrics across the estimation models, though produced
estimates of spawning stock biomass and fishing mortality for age-8 with more
accuracy than the OM-B scenario (Table 4.10). The SE model was the most accurate
for abundance, spawning stock biomass, and fishing mortality for age-8 with
RMSRESs of 0.118 for abundance and 0.128 for spawning stock biomass. The SE
model estimated fishing mortality for age-8 with a RMSRE of 0.113, which was more
accurate than the OM-B scenario. The SE-S model estimated abundance and
spawning stock biomass with less accuracy than the SE model, but performed better
than the OM-B scenario in all metrics. Estimates of fishing-mortality for age-8 from
the SE-S model were not as accurately estimated (RMSRE=0.212) relative to the
performance of the SE model.

Under the OM-R scenario that assumed average Chesapeake Bay recruitment

was decreasing overtime, estimates of abundance, spawning stock biomass, and
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fishing mortality for age-8 in the terminal year were generally less biased than in the
OM-P scenario. The FAA model provided the most biased estimates of abundance
(MRE=0.21), spawning stock biomass (M RE=0.487) and fishing mortality for age-8
(MRE=-0.143). The SE model provided unbiased estimates of abundance (MRE=-
0.015), spawning stock biomass (MRE=0.033), and provided the least biased
estimates for fishing mortality for age-8 (MRE=0.028) in the terminal year. The SE-S
model provided the least biased estimates of abundance (M RE=-0.005), spawning
stock biomass (M RE=-0.02) but also estimated fishing mortality with little bias.
Trends of abundance and spawning stock biomass were similar over years for all
models, though bias tended to increase in years 20-30. The estimation models in the
OM-R scenario were more accurate than estimates under the OM-B scenario for
many metrics (Table 4.10). The FAA model had the least accurate estimates of
abundance (RMSRE=0.369), spawning stock biomass (RMSRE=0.693), and fishing
mortality for age-8 (RMSRE=0.253). The SE model had the most accurate estimates
of abundance, spawning stock biomass, and fishing mortality for age-8, and the SE-S
model had similar, but worse performance than the SE model (Table 4.10).

Under the OM-MPR scenario that included time-varying natural mortality,
migration, and recruitment for the Chesapeake Bay stock, all models provided biased
estimates of abundance, spawning stock biomass, and fishing mortality, but the
median REs were lower than the OM-M scenario (Table 4.9). Estimates of abundance
in the terminal year and spawning stock biomass were heavily positively biased
(MRE >1.4) for all estimation models, and fishing mortality was negatively biased for

all models (MRE < -0.7). However, the FAA provide the most biased estimates of
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abundance (MRE=6.472), spawning stock biomass (MRE=8.937), and fishing
mortality for age-8 (MRE=-0.886). The SE-S model had the least amount of bias
across for all years for abundance, spawning stock biomass, and fishing mortality.
The FAA model provided the least accurate estimates for all metrics with RMSRE's =
6.297 for abundance, 8.472 for spawning stock biomass, and 0.874 for fishing
mortality at age-8 in the terminal year. The SE model also had relatively high
RMSRESs for abundance, spawning stock biomass, and fishing mortality, but it was
more accurate than the FAA model. The SE-S model estimated parameters with the
most accuracy, although estimates were still inaccurate relative to the OM-P and OM-

R.

4.5 Discussion

Climate change is expected to alter aspects of population dynamics for many
fish species. For striped bass, warming temperatures are expected to change spawning
behavior, juvenile survival, natural mortality, and movement, particularly in the
Chesapeake Bay (Allen et al., 2023; Giuliano, 2023; Groner et al., 2018; Millette et
al., 2020; Nack et al., 2019; Pan et al., 2023). This study demonstrated that, in almost
all cases, accuracy of abundance, spawning stock biomass, and fishing mortality
estimates worsened under climate change scenarios for all estimation models.
Notably, the spatially-implicit model always performed worse under time-varying
conditions and provided more biased and less accurate estimates of abundance,
spawning stock biomass, and fishing mortality compared to the two spatially-explicit
models. The multi-stock, spatially-explicit model with tagging information may be

able to provide relatively accurate and unbiased estimates of fishing mortality when
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there are small changes in recruitment and movement dynamics. However, not
accounting for changes in natural mortality resulted in substantially biased estimates
of abundance, regardless of estimation method. When recruitment, movement, and
natural mortality were changing simultaneously, all estimation models provided
inaccurate estimates of abundance, spawning stock biomass, and fishing mortality,
though the multi-stock, spatially-explicit model with stock composition information
in the fishery and fishery independent surveys performed the best relative to the other
two models. Therefore, ignoring time-varying dynamics for a moderately long-lived
species like striped bass may provide incorrect management advice.

Mis-specifying natural mortality is known to cause bias in estimates of
spawning stock biomass and fishing mortality in age-structured stock assessments
(Deroba and Schueller, 2013; Johnson et al., 2014; Mazur et al., 2023). Deroba and
Schueller (2013) found that stock assessments that assume natural mortality is
constant over time, when natural mortality changes over time, had substantially
biased estimates of spawning stock bias in the terminal year. However, this bias was
reduced when assessments considered time varying natural mortality (Deroba and
Schueller, 2013). Mazur et al. (2023) demonstrated that when natural mortality
increases, assessments that did not consider time-varying natural mortality can
increase the duration stocks spend in an overfished state. Our results, while similar in
trend, demonstrated larger biases in estimates of spawning stock biomass than those
reported in the literature due primarily to the simulated increase in natural mortality
used in this analysis was greater than those assumed in previous studies. For instance,

Mazur et al. (2023) assumed an increase in annual natural mortality from 0.2 to 0.4
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over 15 years for Gulf of Maine cod Gadus morhua. Though our simulated change in
natural mortality varies for each age, certain age groups saw substantial increases
based on the estimated natural mortality estimated in Schonfeld (2023). Specifically,
age-2 increased in natural mortality for each 2-month time-step from 0.037 in year 1,
to 0.245 in year 15, to 0.172 in year 30. Calculated as an annual rate, instantaneous
natural mortality changed by over 1.2 in 15 years. Natural mortality is a significant
parameter in stock assessments, as it affects other model estimates such as fishing
mortality and recruitment (Maunder et al., 2023; Punt et al., 2021). Our results
demonstrated that time-varying changes in natural mortality can greatly bias model
estimates from spatially-implicit and -explicit assessments when stationary mortality
is assumed in the assessment model. Therefore, assumptions of natural mortality in
stock assessments should be carefully considered and evaluated for species that may
be experiencing time-varying mortality, especially for single stock, single area
models.

Most stock assessment models allow stochastic variation in recruitment
through the use of annual recruitment deviations about a constant mean or stationary
stock-recruitment relationship, which allows for trends in estimated recruitment over
time (Maunder and Thorson, 2019). The FAA, SE, and SE-S models estimated
recruitment each year based on a log-scale average and annual normally distributed
deviations (on the log scale); for the SE models, recruitment was stock-specific.
When declining trends in Chesapeake Bay recruitment were simulated, spatially-
explicit models were able to provide relatively unbiased estimates of abundance,

spawning stock biomass, and fishing mortality, although accuracy was slightly
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reduced for some metrics than when average recruitment was constant. The SE model
performed better under the OM-R scenario than the OM-B scenario, though under
both conditions the SE model produced relatively unbiased estimates of fishing
mortality with high accuracy. Additionally, the SE-S produced less biased estimates
of fishing mortality in the OM-R scenario than the OM-B scenario. In contrast, the
FAA model produced more biased and less accurate estimates of abundance and
spawning stock biomass compared to the OM-B scenario and other spatially-explicit
models in the OM-R scenario. This may be a result of the FAA model being unable to
capture changes in recruitment observed for one stock (Chesapeake Bay) when the
model assumes recruitment is aggregate across stocks. Though estimates of
abundance and spawning stock biomass were slightly worsened for the SE model
under the OM-R scenario, multi-stock, spatially-explicit models appear better suited
to capture time-vary trends observed in recruitment when trends are not similar across
stocks.

Ignoring climate-induced movement in spatially-explicit integrated population
models can increase bias in estimates of fishing mortality and spawning stock
biomass (Goethel et al. 2021). However, there have been few studies of how ignoring
time-varying movement in population models impacts model estimates for long-lived
species with complex migration patterns, such as those observed in striped bass. Our
study demonstrated that spatially-explicit population models that assume constant
migration rates over time may be able to estimate abundance and fishing mortality
with relatively little bias when movement is changing moderately over time.

However, the rate at which movement changed drove differences in model
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performance. Additionally, spatially-explicit models with tagging information
performed better than those without tagging information. When movement changed
by about 25% per decade, the SE model was able to provide relatively unbiased
estimates of abundance and spawning stock biomass, but the SE-S model provided
less accurate estimates of fishing mortality. The slightly degraded performance of the
SE-S model may be a result of limited information on stock composition for most
years. Specifically, the SE-S model only includes stock composition for the last 10
years, thus the first 20 years of the time-series has no information to inform changes
in movement through stock composition in the fishery and surveys. An additional
scenario was conducted in which occupancy probabilities changed by 50% per decade
(OM-P-50; Figure S4.2). The OM-P-50 scenario performed differently than the OM-
P-25 scenario. Interestingly, the FAA model provided unbiased estimates of
abundance (MRE= 0.082), spawning stock biomass (MRE=0.071) and fishing
mortality at age-8 (MRE=0.051; Figure S4.3), although it is unclear why this
occurred. The SE model performed similarly to the FAA model, but estimates were
more accurate; although the FAA performed well, spatially-explicit models with
tagging information are still able produce the most accurate estimates of population
dynamics under time-varying movement with high rates of change. The SE-S model
performed poorly compared to the FAA and SE models, and estimated biased
estimates of fishing-mortality and spawning stock biomass (Figure S4.3). Although
these results differ from those under OM-P, when movement out of the Chesapeake
Bay is increased so dramatically, few fish remain for sampling, particularly of older

ages. Additionally, under the OM-P-50 scenario, the last 10 years of the observed
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population are very different than the first 20 years (e.g., age composition in the
Chesapeake Bay). Therefore, it is likely that the SE-S does not have enough
information throughout the time series to accurately estimate abundance trends for
two stocks and two regions. Incorporating time-varying movement rates is important
for future stock assessments, but methods for including time-varying movement in
stock assessments require additional research (Punt et al., 2020).

Modeling population changes as a result of climatic variability can be
challenging. For many species, regime shifts are still being explored and specific
mechanisms are not well documented (Mazur et al., 2023). For striped bass, water
temperature has been shown to affect migration (Peer and Miller, 2014; Secor et al.,
2020a), adult spawning timing (Peer and Miller, 2014; Rothermel et al., 2020),
recruitment success (Millette et al., 2020; Secor and Houde, 1995), and natural
mortality from diseases (Gervasi et al., 2019; Groner et al., 2018; Jesse et al., 2021).
Increased water temperature is responsible for species range shifts along the Atlantic
coast (Kleisner et al., 2017; Pinsky and Fogarty, 2012; Slesinger et al., 2019). For
striped bass, range shifts have been suggested, but there is limited evidence to date
(Nack et al., 2019). For example, (Limburg et al., 2016) stated overwintering striped
bass have moved northward from North Carolina to the mouth of the Chesapeake
Bay, though this was not part of a formal analysis and has not been further studied.
Furthermore, responses to environmental and climatic events can vary within
estuarine systems (Pan et al., 2023), which further complicate understanding specific

responses for species within natal estuaries. As a result, this study greatly simplified
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striped bass responses to climate change, particularly in the movement and
recruitment scenarios.

Natural mortality appears to have increased for striped bass in the Chesapeake
Bay (Schonfeld 2023), and the spatially-explicit model from Chapter 2 may
overestimate abundance and underestimate fishing mortality rates. The estimates of
natural mortality used in OM-M based on Schonfeld (2023) show an approximate
doubling of natural mortality during 1990-2020 in the Chesapeake Bay. These
estimated trends over time follow those observed in previous studies for striped bass
(Jiang et al., 2007). Further, other studies have found the current estimates of natural
mortality for striped bass utilized in the assessment that inform management
decisions are much lower than recent observations of mortality (Hoenig et al., 2017).
Secor et al. (2020a) estimated that mortality for resident striped bass in the
Chesapeake Bay was approximately twice that of striped bass that emigrated from the
Chesapeake Bay. The presence of mycobacteriosis in the Chesapeake Bay has
increased since the 1990s and may cause the increased natural mortality for striped
bass (Gauthier et al., 2008; Hoenig et al., 2017; Jiang et al., 2007). Additionally,
warming water temperature increases the rate of mortality from mycobacteriosis
(Groner et al., 2018). Although the values of natural mortality we assumed in this
climate change scenario (OM-M and OM-MPR) are much higher for certain age
classes than is accepted in the stock assessment used for management purposes, it is
likely that the mortality of striped bass in the Chesapeake Bay has increased
significantly due to climate change and increased disease prevalence. Additionally,

the values of natural mortality used in this scenario reflect observed estimates that
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have already occurred. It is plausible that natural mortality will increase in the future,
potentially worsening these trends in bias that we observed in the estimation models.
However, studies suggest there may be a limit to the spread of mycobacteria based on
thermal limits evaluated in a laboratory setting (Gauthier et al., 2021).

For striped bass, future changes to migration as a results of increased water
temperatures and worsened environmental conditions have been speculated but have
not been quantified. For instance, (Nack et al., 2019) hypothesized that climate
change could promote straying into more northward and non-natal estuaries. Changes
to movement over time used in the movement scenario were based on these
speculations and could be overstated. Additionally, we assumed a continuous increase
in movement out of the Chesapeake Bay over 30 years. In reality, these changes may
be variable from year-to-year depending on specific temperature cues. Future
research should attempt to quantify the rate of change in movement for striped bass in
the Chesapeake Bay.

Many species have experienced shifts in recruitment as a result of
environmental changes (Ma et al., 2024; Szuwalski and Punt, 2013; Wayte, 2013).
However, ignoring potential trends or shifts in recruitment could potentially provide
incorrect management advice when advice is based on projections or forecasting
(Maunder and Thorson, 2019). When climate-induced trends in recruitment are
ignored, stock assessments have the potential to incorrectly project higher total
allowable catch, which could confound conservation strategies (Wayte, 2013). Our
models do not project into the future. However, if these models were used to develop

projected future catch, they would likely be informed by mis-specified population
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dynamics with incorrect population estimates in the last few years of the time-series,
possibly leading to incorrect management advice. While our spatially-explicit models
performed well when recruitment is changing over time, caution is warranted when
using these estimates to forecast for management advice, as trends may be masked in
these estimation models. For instance, the FAA model had much higher bias and
inaccuracy in estimates of abundance than the two spatially-explicit models or
compared to the OM-B scenario. For striped bass, management decisions are based
on FAA models; thus, recommended regulation changes may be based on incorrect
information on stock status and future fishery conditions.

Climate change is expected to cause changes in population dynamics of many
fish species. The Chesapeake Bay is predicted to experience increases in water
temperature, hypoxic events, disease prevalence, and sea level as a result of climate
change (Najjar et al., 2010) which may affect habitat suitability of many significant
fish species. Thus, the ability to accurately estimate population dynamics in response
to climate change is of importance for this region (Hare et al., 2016). Though FAA
models are still commonly used in management, they generally perform worse
compared to spatially-explicit models for species with complex spatial structure such
as movement (Bosley et al., 2022; Punt, 2019; Punt et al., 2015). We found that the
FAA model was the most sensitive to time-varying patterns of natural mortality,
movement, and recruitment than SE models. Other studies have demonstrated that
FAA model may provide biased estimates of abundance and mortality for species
with complex migrations like Alaskan sablefish Anoplopoma fimbria (Bosley et al.,

2022). Failure to consider the spatial complexity of mixed fisheries may create biased
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estimates and ignore a particular spawning stock's response to environmental changes
(Kell et al., 2009). For anadromous species, management informed by models that
consider environmental factors may be beneficial, as these species typically have life
stages that are greatly influenced by local environmental conditions in nursery areas
(Haltuch et al., 2019). Therefore, for species with highly complex migration patterns
and multi-stock structure like striped bass, management may be improved by

incorporating climatic and ecosystem drivers into assessment modeling.
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4.8 Tables

Table 4.1. Symbols and descriptions of variables for data-generating and estimation
models. Values are for the Chesapeake Bay stock (CB) and Atlantic coast stock (AC),
when applicable. When variables differ for a 6-month time-step, they are denoted

with the number 1 (January-June) or 2 (July-December).

Variable Description Value
y Year index
a Age index
A Plus group index
ts Sub-annual time-step index (1=Jan-Feb;

2=Mar-Apr; 3=May-Jun; 4=Jul-Aug;
5=Sept-Oct; 6=Nov-Dec)

S Stock index (1=Chesapeake Bay;
2=Atlantic Coast)
T Spatial region index (1=Chesapeake Bay;
2=0cean)
t Fishery selectivity time block index
(1=Years 1-15; 2=Years 16-20)
n Survey index
Ntg,:5q  Total stock abundance for all spatial
regions
Nsryesa  Stock abundance for a specific spatial
region
R, Median recruitment CB=146,275,151

AC=60,369,828
Rdevy,, Recruitment deviation

Crtsy Total catch
Cdyy s Total catch data with observation error
Lyyy Index of abundance for fishery-independent
survey
Idy, Index of abundance data with observation
error

CAA;ytsq  Catch at age
PAA, 5 Proportions-at-age
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Variable Description Value
PAAd, s, Proportions-at-age data with observation
error
Feqq Equilibrium instantaneous fishing mortality
for each stock
afeqs Equilibrium fishing intensity for each stock 0.2 0.2
Frytsa Instantaneous fishing mortality in each
region and time-step
M, Annual instantaneous natural mortality-at-  1.13 0.68 0.45 0.33 0.25
age 0.190.150.150.150.15
0.150.150.150.150.15
Zrytsa Instantaneous total mortality
ssel, 4 Survey selectivity
fsel,ttsq  Fishery selectivity
pPropsesa  Occupancy probability of each stock in the
Atlantic Coast
DTsrytsa  Percent remaining in each region
0CCsrytsa  1otal Occupancy probability
frts Fully recruited fishing intensity CB1=0.012 CB2=0.018
AC1=0.0297 AC2=0.058
Fdev,, s  Annual deviations for fishing mortality
qn Catchability for 1+ surveys 1.39¢-07
ql, Catchability for age 1 surveys 2.85e-08
qyoy, Catchability for young-of-the-year surveys  1.34e-06
sex, Proportion female at age 0.53 0.56 0.56 0.52 0.57
0.650.73 0.81 0.88 0.92
095097111
mat, Proportion of mature females at age 0000.090.320.450.84
0891111111
fo1 Fishery selectivity slope parameter of 1
logistic function; slope of ascending limb
double logistic function
fp2 Fishery selectivity age at 50% selectivity 4
for logistic function; Inflection of
ascending limb of double logistic function
fps3 Fishery selectivity descending slope of 1
double logistic
fDa Fishery selectivity inflection of descending 10

limb of double logistic function
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Variable Description Value

Spq Survey selectivity slope parameter of 1
logistic function; slope of ascending limb
double logistic function

Spy Survey selectivity age at 50% selectivity 4
for logistic function; Inflection of
ascending limb of double logistic function

Sps3 Survey selectivity descending slope of 1
double logistic

SPy Survey selectivity inflection of descending 10
limb of double logistic function

afi Slope parameter for equilibrium fishery 1
selectivity

af, Age at 50% selectivity parameter for 4
equilibrium fishery selectivity

ESS Effective sample size

Op=q Standard deviation to estimate Chesapeake  0.43
Bay annual recruitment deviations

Or=> Standard deviation to estimate Atlantic 0.53
Coast annual recruitment deviations

OF=1 Standard deviation of fishing mortality rate  1=0.69 2=0.23
deviations in the Chesapeake Bay for both
time-steps

OF=> Standard deviation of fishing mortality rate  1=0.51 2=0.25

deviations in the Ocean for both time-steps
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Table 4.2. Equations for the operating model that assumes two stocks, two regions,

and six 2-month time-steps for striped bass dynamics. Normally distributed errors are

denoted with N(mean, error) and multinomial errors are denoted by Multi(Mean,

effective sample size).

Eq. Description
4.2.1 Ntsy_ ts_ia = Ntsy_ ts_q—1 X e Ma-1tFelsa Total stock abundance in
the first year
4.2.2 Ntgy_. ts.ia., = Rs X Rdevs,, Recruitment in the first
year
423 Feqs, = afsel;q X afeqs Equilibrium fishing
mortality
424 1 Equilibrium fishe
afsel = quior Yy
1 + e—ap1x(a—apz) selectivity
4.2.5 —Zry-1ts=ea—1  lotal stock abundance for
Ntsyts=1a = Z Ngry-1ts=6,a-1 X € Fry-tts=6a-1 o
all regions in Jan-Feb
T
4.2.6 - _ Total stock abundance for
Nts,y,ts,a = Z Ns,r,y,ts—l,a X g “ryts-1a . .
all regions during
" timesteps 2-6
4.2.7 Z ~Zry_1s=ea—1  Total stock abundance for
Nt 14 = Neo o dsera 1 X @ 4ry-1ts=6A-1 :
syts=1.4 sTy-Lts=6A-1 the plus group in Jan-Feb
=
* Z Nory—1ts=6,4 X € Fry-tis=64
T
4.2.8 Nsrytsa = Nty tsa X 0CCsrtsya Stock abundance for each
region
4.2.9 Zrytsa=Mg+ Zyytsa Instantaneous total
mortality
4.2.10 Frytsa = fSelyisa X fr X Fdev, Instantaneous fishing
mortality
4211 1 Logistic selectivity
sel =
1 + e—P1x(a—p2)
42.12 1 1 Double logistic
sel = X .
1 + e—P1x(@p2) * 1 4 e—P3x(Ps—a) selectivity
4.2.13  0CCscptsy,a = PTODs,ch ts,y,a X Plschb,tsy.a Total occupancy

+ props,ac,ts,y,a X (1 - prs,ac,ts,y,a)
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Eq.

Description

4.2.14

4.2.15

4.2.16

4.2.17

4.2.18

4.2.19

4.2.20

4.2.21

4.2.22

4.2.23

4.2.24

4.2.25

4.2.26

4.2.27

SSBgyts = Z Nt ts.a X S€xq X mat, X ssbwage
a

F r,Y,ts

— —Z
CAAr,y,ts,a _ X (1 — e r,y,ts) X NS,T,y,tS

rY.ts

Cy,ts,r = Z CAAr,y,ts,a
a

CAAyy ¢s,
PAAy,ts,r,a = A

Cy,tsr

In,r,y,ts = qn X Z Ns,r,y,ts,a X Sseln‘a

s,a

In,r,y,ts =ql, X Z Ns,r,y,ts,a:l
s

In,y = qyoYyn X Z Ns,r,y+1,ts,a=1
s

Cdy,ts,r = N(Cy,ts,r' UF)
Idyy, = N(In,y,rl UI)

PAAd, srq = Multi(PAAert, .4, ESS)

Nt,, =

v.a y-1,a-1 X e “y-ta-1

Nt,,=Ny_ 144 Xe %y-14-1 4 N ., Xe %y-14
.4 y-1,4-1 y-1,4

E,,= Z fselgiq X fr X Fdevy,,
fit

F _ Fr,y,ts,a X ZS Nts,r,ts,y,a
Wya = Y. Nt
S,r s,r,y,ts,a

rts
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Spawning stock biomass

True catch-at-age

Total catch

Observed catch
proportions-at-age

Index of abundance for
1+ surveys

Index of abundance for
agel surveys

Index of abundance for
young-of-the-year
surveys

Total catch datasets with
observation error

Indices of abundance
with observation error

Proportions-at-age with
observation for the
fishery and survey

Total annual abundance
for FAA models

Abundance of plus group
for FAA models

Instantaneous fishing
mortality for FAA
models

Weighted annual fishing
mortality for SE models
to compared to FAA
models



Table 4.3. Instantaneous natural mortality rates (yr~1) for striped bass in the
Chesapeake Bay (CB) and Ocean (Oc) region from the Brownie mark-recapture

model described in Schonfeld (2023). Age-1 estimates of natural mortality are from

the benchmark assessment for striped bass (Northeast Fisheries Science Center 2019).

Natural mortality for ages 12-15+ were the same as natural mortality for age 11.

Regio

n Years 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15+

CB 1990- 1.13 0.440 0.282 0.259 0.210 0.159 0.246 0.085 0.301 0.129 0.099 0.099 0.099 0.099 0.099
1999

CB 2000- 1.13 1.430 0.391 0336 0422 0388 0301 0372 0.404 0403 0.011 0.011 0.011 0.011 0.011
2009

CB 2010-  1.13 1.164 0.606 0.361 0.531 0.244 0.573 0.544 0.694 0.693 0.229 0.229 0.229 0.229  0.229
2020

Oc 1990- 1.13 0.545 0.285 0.330 0.148 0.160 0.073 0.092 0.007 0.056 0.067 0.067 0.067 0.067 0.067
2020
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Table 4.4. Average log recruitment (log R) for the Chesapeake Bay region for each

year used in the OM-R scenario.

Year Log R Year Log R Year Log R

1 18.801 11 18.496 21 18.191
2 18.770 12 18.465 22 18.160
3 18.740 13 18.435 23 18.130
4 18.709 14 18.404 24 18.099
5 18.679 15 18.374 25 18.069
6 18.648 16 18.343 26 18.038
7 18.618 17 18.313 27 18.008
8 18.587 18 18.282 28 17.977
9 18.557 19 18.252 29 17.947
10 18.526 20 18.221 30 17.916
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Table 4.5. A) Description and assumptions of each operating model (OM) scenario

for striped bass; B) Description of the fleets-as-areas (FAA) and spatially-explicit

(SE) estimations models for striped bass.

A)

Model

Number  Name Description

OM-B Base Constant natural mortality-at-age for each year, time-step,
and region; average recruitment is constant over time but
varies for each stock; Movement-at-age varies for each
stock and 6-month period but is constant over years

OM-M Mortality Natural mortality-at-age for each year varies for each
region, increases over-time for the Chesapeake Bay stock

OM-P Migration Occupancy probabilities-at-age increases over-time for the
Chesapeake Bay stock

OM-R Recruitment Recruitment of the Chesapeake Bay stock decreases over

OM-MPR Combo

time
Occupancy probabilities-at-age increases over-time for the

Chesapeake Bay stock, Recruitment of the Chesapeake
Bay stock decreases over time

B)

Model  Model

Number Type Stocks Time-Step Stock composition Used

FAA fleets-as- 1 1 annual -
areas time-step

SE spatially- 2 2 sub-annual ~ Occupancy probabilities
explicit time-steps informative priors

SE-S spatially- 2 2 sub-annual  Last 10 years, stock composition
explicit time-steps data for fishery and surveys
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Table 4.6. Standard deviations (o) and effective sample sizes (ESS) used to generate

each data set for a 6-month period. When multiple values are provided, it represents

approximately the weighted ESS for the Base scenario (OM-B) for each region and

time-step.

Parameter Type Value
Fishery Total Catch o 0.2

Fishery Age Composition ESS 47,53, 35, 65
Survey Indices of Abundance 1+ o 0.4

Survey Age Composition 1+ ESS 57,43, 54, 46
Survey Age 1 Indices of Abundance 0.5

Survey Young-of-the-Year Indices of o 0.5

Abundance
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Table 4.7. Negative log-likelihood components for the estimation models for striped

bass. Equations are written for the two-stock, spatially-explicit models but were

similar for the fleets-as-areas model. Additive constants have been removed from the

negative log-likelihood functions. Parameter definitions are in Table 4.1.

Num. Equation Description
4.7.1 nllior = —I(Learen) — M(Lindex) Total negative log-likelihood
— In(Lcatcnpan)
- ln(LSurveyPAA)
— In(Lrecruitment)
- ln(LFdev) - ln(Locc)
472  —log, (LCatch/mdex) Log-normal negative log-
~\\2 likelihood
(ln(X) — ln(X))
B Z 202
y
47.3 —loge(Lcatcn/surveypan) Robust multinomial negative
0.5x(~PAA-PAA? log-likelihood with added
= Z —lIn <e a? o > constant of 0.01
y,a
4.7.4 —loge(Lyecruitment) Normal (on the log scale)
_ 2 negative log-likelihood for
= In(Rdev,—
Z (in(Rdevs—q)) recruitment deviations with
Y 2 mean of 0 and standard
+ (In(Rdevs=cy)) deviation of approximately 0.7
4.7.5 _ 1 Normal (on the log scale)
~loge(Lraev) = Z 2 % g2 (Fde"r,y,ts negative log-likelihood for
ry.ts ) year-to-year deviations in
— Faev,,_, ts) fishing mortality with standard
o deviation of 0.5
4.7.6 —log.(Loce) Normal negative log-
0.5 (pr ODs r.ts.0 — PTOPs 1t a)z likelihood infonnati\{e'priors
= Z — — of occupancy probability, used
sra Ts,r,ts,a only in the SE model
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Table 4.8. Total number of model convergence for each estimation model under the

five operating model scenarios.

Operating Model FAA SE SE-S

OM-B 300 300 297
OM-M 299 300 300
OM-P 300 300 295
OM-R 299 300 300
OM-MPR 299 299 299
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Table 4.9. Median relative error (MRE) for estimated values for three estimation
models and five operating model scenarios. The values are presented for total annual
abundance (N), spawning stock biomass (SSB), and the fishing mortality for age-8

(F). Operating models and estimation models are described in Table 4.5.

Parameter Operating Model = FAA SE  SE-S

N OM-B 0.032 -0.026 0.030
N OM-M 6.688 3.024 2.595
N OM-P 0.001 0.024 -0.022
N OM-R 0.210 -0.015 -0.005
N OM-MPR 6.472 2586 1.770
SSB OM-B 0.340 0.022 0.104
SSB OM-M 9.641 4.023 3.633
SSB OM-P -0.009 -0.079 -0.143
SSB OM-R 0.487 0.033 -0.020
SSB OM-MPR 8937 2.689 1.465
F OM-B -0.217 -0.121 -0.168
F OM-M -0.904 -0.833 -0.824
F OM-P 0.081 -0.017 0.115
F OM-R -0.143  0.028 0.062
F OM-MPR -0.886 -0.782 -0.703
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Table 4.10. Root mean squared relative error (RMSRE) for estimated values for three
estimation models and five operating model scenarios. The values are presented for
total annual abundance (N), spawning stock biomass (SSB), and the fishing mortality

for age-8 (F). Operating models and estimation models are described in Table 4.5.

Parameter Operating Model FAA SE SE-S

N OM-B 0.198 0.115 0.203
N OM-M 6.693 3.022 2.715
N OM-P 0.209 0.118 0.202
N OM-R 0.369 0.120 0.180
N OM-MPR 6.297 2.796 2.006
SSB OM-B 0.495 0.117 0.288
SSB OM-M 9.597 3.969 3.710
SSB OM-P 0.323 0.128 0.291
SSB OM-R 0.693 0.131 0.239
SSB OM-MPR 8.472 2968 1.861
F OM-B 0.253 0.153 0.222
F OM-M 0.902 0.830 0.813
F OM-P 0.222 0.113 0.273
F OM-R 0.253 0.133 0.212
F OM-MPR 0.874 0.775 0.698
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4.9 Figures
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Natural M ortality

Figure 4.1. Natural mortality for each region of each 2-month time-step and year
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model.
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Figure 4.2. Occupancy probabilities of the Chesapeake Bay stock in the Ocean region
over-time, including average occupancy and the percent remaining for each time-step,

for each 2-month time-step used in the OM-P scenario.
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Figure 4.3. Boxplots of the distribution of relative errors of annual abundance over

stocks and regions (N), spawning stock biomass in January 1 (SSB), and fishing

mortality at age 8 in the terminal year of all operating model simulations for three

estimation models. The estimation models are a fleets-as-areas model (FAA), the

multi-stock spatially-explicit model (SE), and the multi-stock spatially-explicit model

with additional stock composition data (SE-S). The dashed red line represents when

relative error is equal to 0. The box represents the 25th and 75th percentiles. The

middle line represents the median. The whiskers extend to the minimum and

maximum relative error for each metric.
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Figure 4.4. Relative error of striped bass abundance (1-15+) for all model years for
each operating model and estimation model scenario. Estimates for RE of abundance
are provided for the base model (OM-B, top row), natural mortality (OM-M, second
row), time-varying movement (OM-P, 3rd row), time-varying average recruitment
(OM-R, 4th row), and the mortality, movement and recruitment model (OM-MPR,

last row) for the fleets-as-areas model (FAA), spatially-explicit model without stock
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data (SE), and the spatially-explicit model with additional stock data in the last 10

years (SE-S). Boxplot definitions are the same as Figure 4.3.
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Figure 4.5. Relative error for each year of striped bass spawning stock biomass
(SSB) for each operating model and estimation model scenario. Estimates for RE of
abundance are provided for the base model (OM-B, top row), natural mortality (OM-
M, second row), time-varying movement (OM-P, 3rd row), time-varying average
recruitment (OM-R, 4th row), and the mortality, movement and recruitment model

(OM-MPR, last row) for the fleets-as-areas model (FAA), spatially-explicit model
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without stock data (SE), and the spatially-explicit model with additional stock data in

the last 10 years (SE-S). Boxplot definitions are the same as Figure 4.3.
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Figure 4.6. Relative error of fishing mortality for age-8 for each year, operating

model, and estimation model. Estimates for RE of abundance are provided for the

base model (OM-B, top row), natural mortality (OM-M, second row), time-varying

movement (OM-P, 3rd row), time-varying average recruitment (OM-R, 4th row), and

the mortality, movement and recruitment model (OM-MPR, last row) for the fleets-

as-areas model (FAA), spatially-explicit model without stock data (SE), and the

spatially-explicit model with additional stock data in the last 10 years (SE-S). Boxplot

definitions are the same as Figure 4.3.
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Figure S4.1. Stock specific estimates of relative error in the terminal year of all
operating model simulations and the spatially-explicit estimation model without
additional stock composition data (SE) and the spatially-explicit model with
additional stock composition data (SE-S). Error is provided for the terminal relative
error for stock specific abundance when applicable for the Chesapeake Bay (N CB)

and Atlantic coast (N AC). Boxplot definitions are the same as Figure 4.3.
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Figure S4.2. Occupancy probabilities-at-age for the Chesapeake Bay stock in the

Ocean region over-time, including average occupancy and the percent remaining for

each time-step, for each 2-month time-step used in the OM-P 50% scenario.
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Figure S4.3. Relative error in the terminal year for the estimation models under the
OM-P model that assumes changes of 50% migration each decade. Relative error is
provided for total annual abundance (N), spawning stock biomass (SSB), and fishing

mortality at age-8 (F). Boxplot definitions are the same as Figure 4.3.

251



4.10 References

Allen, K.L., Thde, T., Knoche, S., Townsend, H., Lewis, K.A., 2023. Simulated
climate change impacts on striped bass, blue crab and Eastern oyster in oyster
sanctuary habitats of Chesapeake Bay. Estuar Coast Shelf Sci 292.
https://doi.org/10.1016/j.ecss.2023.108465

Bosley, K.M., Schueller, A.M., Goethel, D.R., Hanselman, D.H., Fenske, K.H.,
Berger, A.M., Deroba, J.J., Langseth, B.J., 2022. Finding the perfect mismatch:
Evaluating misspecification of population structure within spatially explicit
integrated population models. Fish and Fisheries 23, 294-315.
https://doi.org/10.1111/faf. 12616

Deroba, J.J., Schueller, A.M., 2013. Performance of stock assessments with
misspecified age- and time-varying natural mortality. Fish Res 146, 27—40.
https://doi.org/10.1016/].fishres.2013.03.015

Du, J., Shen, J., Park, K., Wang, Y.P., Yu, X., 2018. Worsened physical condition
due to climate change contributes to the increasing hypoxia in Chesapeake Bay.
Science of the Total Environment 630, 707-717.
https://doi.org/10.1016/j.scitotenv.2018.02.265

Fabrizio, M.C., 1987. Contribution of Chesapeake Bay and Hudson River Stocks of
Striped Bass to Rhode Island Coastal Waters as Estimated by Isoelectric
Focusing of Eye Lens Proteins. Trans Am Fish Soc 116, 588-593.
https://doi.org/10.1577/1548-8659(1987)116<588:cocbah>2.0.co;2

Fournier, D.A., Skaug, H.J., Ancheta, J., lanelli, J., Magnusson, A., Maunder, M.N.,

Nielsen, A., Sibert, J., 2012. AD Model Builder: Using automatic differentiation

252



for statistical inference of highly parameterized complex nonlinear models.
Optim Methods Softw 27, 233-249.
https://doi.org/10.1080/10556788.2011.597854

Gauthier, D.T., Haines, A.N., Vogelbein, W.K., 2021. Elevated temperature inhibits
Mycobacterium shottsii infection and Mycobacterium pseudoshottsii disease in
striped bass Morone saxatilis. Dis Aquat Organ 144, 159-174.
https://doi.org/10.3354/dao03584

Gauthier, D.T., Latour, R.J., Heisey, D.M., Bonzek, C.F., Gartland, J., Burge, E.J.,
Vogelbein, W.K., 2008. Mycobacteriosis-associated mortality in wild striped
bass (Morone saxatilis) from Chesapeake Bay, USA. Ecological Applications
18, 1718-1727. https://doi.org/10.1890/07-2083.1

Gervasi, C.L., Lowerre-Barbieri, S.K., Vogelbein, W.K., Gartland, J., Latour, R.J.,
2019. The reproductive biology of Chesapeake Bay striped bass with
consideration of the effects of mycobacteriosis. Bull Mar Sci 95, 117-137.
https://doi.org/10.5343/bms.2018.0017

Giuliano, A., 2023. Climate effects on the timing of Maryland Striped Bass spawning
runs. Marine and Coastal Fisheries 15. https://doi.org/10.1002/mcf2.10274

Goethel, D.R., Bosley, K.M., Langseth, B.J., Deroba, J.J., Berger, A.M., Hanselman,
D.H., Schueller, A.M., 2021. Where do you think you’re going? Accounting for
ontogenetic and climate-induced movement in spatially stratified integrated
population assessment models. Fish and Fisheries 22, 141-160.

https://doi.org/10.1111/faf. 12510

253



Goetz, S.J., Jantz, C.A., Prince, S.D., Smith, A.J., Varlyguin, D., Wright, R.K., 2004.
Integrated analysis of ecosystem interactions with land use change: The
Chesapeake bay watershed. Geophysical Monograph Series 153, 263-275.
https://doi.org/10.1029/153GM20

Groner, M.L., Hoenig, J.M., Pradel, R., Choquet, R., Vogelbein, W.K., Gauthier,
D.T., Friedrichs, M.A.M., 2018. Dermal mycobacteriosis and warming sea
surface temperatures are associated with elevated mortality of striped bass in
Chesapeake Bay. Ecol Evol 8, 9384-9397. https://doi.org/10.1002/ece3.4462

Hagy, J.D., Boynton, W.R., Keefe, C.W., Wood, K. V., 2004. Hypoxia in
Chesapeake Bay, 1950-2001: Long-term change in relation to nutrient loading
and river flow. Estuaries 27, 634—658. https://doi.org/10.1007/BF02907650

Haltuch, M.A., Brooks, E.N., Brodziak, J., Devine, J.A., Johnson, K.F., Klibansky,
N., Nash, R.D.M., Payne, M.R., Shertzer, K.W., Subbey, S., Wells, B.K., 2019.
Unraveling the recruitment problem: A review of environmentally-informed
forecasting and management strategy evaluation. Fish Res 217, 198-216.
https://doi.org/10.1016/j.fishres.2018.12.016

Hare, J.A., Morrison, W.E., Nelson, M.W., Stachura, M.M., Teeters, E.J., Griffis,
R.B., Alexander, M.A., Scott, ].D., Alade, L., Bell, R.J., Chute, A.S., Curti,
K.L., Curtis, T.H., Kircheis, D., Kocik, J.F., Lucey, S.M., McCandless, C.T.,
Milke, L.M., Richardson, D.E., Robillard, E., Walsh, H.J., McManus, M.C.,
Marancik, K.E., Griswold, C.A., 2016. A vulnerability assessment of fish and
invertebrates to climate change on the northeast U.S. continental shelf. PLoS

One 11, 1-30. https://doi.org/10.1371/journal.pone.0146756

254



Hartman, K.J., Margraf, F.J., 2003. US Atlantic coast striped bass: Issues with a
recovered population. Fish Manag Ecol 10, 309-312.
https://doi.org/10.1046/j.1365-2400.2003.00361.x

Hasegawa, E.H., Waldman, J., Wirgin, 1., 2022. Stock composition of Atlantic
coastal migratory striped bass using microsatellite DNA analysis. Fish Res 254,
1-10. https://doi.org/10.1016/j.fishres.2022.106384

Hoenig, J.M., Groner, M.L., Smith, M.W., Vogelbein, W.K., Taylor, D.M., Landers,
D.F., Swenarton, J.T., Gauthier, D.T., Sadler, P., Matsche, M.A., Haines, A.N.,
Small, H.J., Pradel, R., Choquet, R., Shields, J.D., 2017. Impact of disease on
the survival of three commercially fished species: Ecological Applications 27,
2116-2127. https://doi.org/10.1002/eap.1595

Irby, 1.D., Friedrichs, M.A.M., Da, F., Hinson, K.E., 2018. The competing impacts of
climate change and nutrient reductions on dissolved oxygen in Chesapeake Bay.
Biogeosciences 15, 2649-2668. https://doi.org/10.5194/bg-15-2649-2018

Jesse, J.A., Agnew, M.V., Arai, K., Armstrong, C.T., Hood, S.M., Kachmar, M.L.,
Long, J.T., McCarty, A.J., Ross, M.O., Rubalcava, K.D., Shaner, J., Tanaka, S.,
Wood, L., Schott, E.J., Wilberg, M.J., 2021. Effects of Infectious Diseases on
Population Dynamics of Marine Organisms in Chesapeake Bay. Estuaries and
Coasts 44, 2334-2349. https://doi.org/10.1007/s12237-021-00915-4

Jiang, H., Pollock, K.H., Brownie, C., Hoenig, J.M., Latour, R.J., Wells, B.K.,
Hightower, J.E., 2007. Tag Return Models Allowing for Harvest and Catch and

Release: Evidence of Environmental and Management Impacts on Striped Bass

255



Fishing and Natural Mortality Rates. N Am J Fish Manag 27, 387-396.
https://doi.org/10.1577/m06-089.1

Johnson, K.F., Monnahan, C.C., McGilliard, C.R., Vert-Pre, K.A., Anderson, S.C.,
Cunningham, C.J., Hurtado-Ferro, F., Licandeo, R.R., Muradian, M.L., Ono, K.,
Szuwalski, C.S., Valero, J.L., Whitten, A.R., Punt, A.E., 2014. Time-varying
natural mortality in fisheries stock assessment models: Identifying a default
approach, in: ICES Journal of Marine Science. Oxford University Press, pp.
137-150. https://doi.org/10.1093/icesjms/fsu055

Kell, L.T., Dickey-Collas, M., Hintzen, N.T., Nash, R.D.M., Pilling, G.M., Roel,
B.A., 2009. Lumpers or splitters? Evaluating recovery and management plans
for metapopulations of herring. ICES Journal of Marine Science 66, 1776—1783.
https://doi.org/10.1093/icesjms/fsp181

Kleisner, K.M., Fogarty, M.J., McGee, S., Hare, J.A., Moret, S., Perretti, C.T., Saba,
V.S., 2017. Marine species distribution shifts on the U.S. Northeast Continental
Shelf under continued ocean warming. Prog Oceanogr 153, 24-36.
https://doi.org/10.1016/j.pocean.2017.04.001

Kneebone, J., Hoffman, W.S., Dean, M.J., Fox, D.A., Armstrong, M.P., 2014.
Movement patterns and stock composition of adult striped bass tagged in
Massachusetts coastal waters. Trans Am Fish Soc 143, 1115-1129.
https://doi.org/10.1080/00028487.2014.889752

Latour, R.J., Gauthier, D.T., Gartland, J., Bonzek, C.F., Mcnamee, K.A., Vogelbein,

W.K., 2012. Impacts of mycobacteriosis on the growth of striped bass (Morone

256



saxatilis) in Chesapeake Bay. Canadian Journal of Fisheries and Aquatic
Sciences 69, 247-258. https://doi.org/10.1139/F2011-158

Limburg, K., Brown, R., Johnson, R., Pine, B., Rulifson, R., Secor, D., Timchak, K.,
Walther, B., Wilson, K., 2016. Round-the-Coast: Snapshots of Estuarine
Climate Change Effects. Fisheries (Bethesda) 41, 392—394.
https://doi.org/10.1080/03632415.2016.1182506

Ma, S., Huse, G., Ono, K., Nash, R.D.M., Sandg, A.B., Nedreaas, K., Setre Hjollo,
S., Sundby, S., Clegg, T., Velstad, J.H., Kjesbu, O.S., 2024. Recruitment regime
shifts and nonstationarity are widespread phenomena in harvestable stocks
experiencing pronounced climate fluctuations. Fish and Fisheries 25, 320-348.
https://doi.org/10.1111/faf. 12810

Maunder, M.N., Hamel, O.S., Lee, H.H., Piner, K.R., Cope, J.M., Punt, A.E., Ianelli,
J.N., Castillo-Jordan, C., Kapur, M.S., Methot, R.D., 2023. A review of
estimation methods for natural mortality and their performance in the context of
fishery stock assessment. Fish Res 257.
https://doi.org/10.1016/j.fishres.2022.106489

Maunder, M.N., Thorson, J.T., 2019. Modeling temporal variation in recruitment in
fisheries stock assessment: A review of theory and practice. Fish Res 217, 71—
86. https://doi.org/10.1016/j.fishres.2018.12.014

Mazur, M.D., Jesse, J., Cadrin, S.X., Truesdell, S., Kerr, L., 2023. Consequences of
ignoring climate impacts on New England groundfish stock assessment and

management. Fish Res 262. https://doi.org/10.1016/].fishres.2023.106652

257



Millette, N.C., Pierson, J.J., North, E.-W., 2020. Water temperature during winter
may control striped bass recruitment during spring by affecting the development
time of copepod nauplii. ICES Journal of Marine Science 77, 300-314.
https://doi.org/10.1093/icesjms/fsz203

Nack, C.C., Swaney, D.P., Limburg, K.E., 2019. Historical and Projected Changes in
Spawning Phenologies of American Shad and Striped Bass in the Hudson River
Estuary. Marine and Coastal Fisheries 11, 271-284.
https://doi.org/10.1002/mcf2.10076

Najjar, R.G., Pyke, C.R., Adams, M.B., Breitburg, D., Hershner, C., Kemp, M.,
Howarth, R., Mulholland, M.R., Paolisso, M., Secor, D., Sellner, K., Wardrop,
D., Wood, R., 2010. Potential climate-change impacts on the Chesapeake Bay.
Estuar Coast Shelf Sci 86, 1-20. https://doi.org/10.1016/j.ecss.2009.09.026

Ni, W., Li, M., Testa, J.M., 2020. Discerning effects of warming, sea level rise and
nutrient management on long-term hypoxia trends in Chesapeake Bay. Science
of the Total Environment 737. https://doi.org/10.1016/j.scitotenv.2020.139717

Northeast Fisheries Science Center, 2019. 66th Northeast Regional Stock
Assessment Workshop (66th SAW) Assessment Report. Northeast Fisheries
Science Center Reference Document 457—-1170.

O’Connor, M.P., Juanes, F., McGarigal, K., Gaurin, S., 2012. Findings on American
shad and striped bass in the Hudson River estuary: A fish community study of
the long-term effects of local hydrology and regional climate change. Marine
and Coastal Fisheries 4, 327-336.

https://doi.org/10.1080/19425120.2012.675970

258



Pan, X., Arsenault, S., Rokosz, K., Chen, Y., 2023. Spatial variability of striped bass
spawning responses to climate change. Glob Ecol Conserv 42.
https://doi.org/10.1016/j.gecco.2023.e02405

Peer, A.C., Miller, T.J., 2014. Climate Change, Migration Phenology, and Fisheries
Management Interact with Unanticipated Consequences. N Am J Fish Manag
34, 94-110. https://doi.org/10.1080/02755947.2013.847877

Pepin, P., King, J., Holt, C., Smith, H.G., Shackell, N., Hedges, K., Bundy, A., 2022.
Incorporating knowledge of changes in climatic, oceanographic and ecological
conditions in Canadian stock assessments. Fish and Fisheries 23, 1332-1346.
https://doi.org/10.1111/faf.12692

Pinsky, M.L., Fogarty, M., 2012. Lagged social-ecological responses to climate and
range shifts in fisheries. Clim Change 115, 883-891.
https://doi.org/10.1007/s10584-012-0599-x

Punt, A.E., 2019. Spatial stock assessment methods: A viewpoint on current issues
and assumptions. Fish Res 213, 132-143.
https://doi.org/10.1016/j.fishres.2019.01.014

Punt, A.E., Castillo-Jordan, C., Hamel, O.S., Cope, J.M., Maunder, M.N., Ianelli,
J.N., 2021. Consequences of error in natural mortality and its estimation in
stock assessment models. Fish Res 233.
https://doi.org/10.1016/j.fishres.2020.105759

Punt, A.E., Dunn, A., Elvarsson, B.b., Hampton, J., Hoyle, S.D., Maunder, M.N.,

Methot, R.D., Nielsen, A., 2020. Essential features of the next-generation

259



integrated fisheries stock assessment package: A perspective. Fish Res 229.
https://doi.org/10.1016/j.fishres.2020.105617

Punt, A.E., Haddon, M., Tuck, G.N., 2015. Which assessment configurations
perform best in the face of spatial heterogeneity in fishing mortality, growth and
recruitment? A case study based on pink ling in Australia. Fish Res 168, 85-99.
https://doi.org/10.1016/].fishres.2015.04.002

Rothermel, E.R., Balazik, M.T., Best, J.E., Breece, M.W., Fox, D.A., Gahagan, B.1.,
Haulsee, D.E., Higgs, A.L., O’Brien, M.H.P., Oliver, M.J., Park, I.A., Secor,
D.H., 2020. Comparative migration ecology of striped bass and Atlantic
sturgeon in the US Southern mid-Atlantic bight flyway. PLoS One 15, 1-24.
https://doi.org/10.1371/journal.pone.0234442

Schonfeld, A.J., 2023. Climate Impacts on Spatiotemporal Habitat Usage of Mid-
Atlantic Fishes. William & Mary Ph.D. Dissertation.

Schonfeld, A.J., Gartland, J., Latour, R.J., 2022. Spatial differences in estuarine
utilization by seasonally resident species in Mid-Atlantic Bight, USA. Fish
Oceanogr 31, 615-628. https://doi.org/10.1111/fog.12611

Secor, D.H., 2007. The year-class phenomenon and the storage effect in marine
fishes. J Sea Res 57, 91-103. https://doi.org/10.1016/j.seares.2006.09.004

Secor, D.H., 2000. Spawning in the nick of time? Effect of adult demographics on
spawning behaviour and recruitment in Chesapeake Bay striped bass. ICES

Journal of Marine Science 57, 403—411. https://doi.org/10.1006/jmsc.1999.0520

260



Secor, D.H., Houde, E.D., 1995. Temperature effects on the timing of striped bass
egg production, larval viability, and recruitment potential in the Patuxent River
(Chesapeake Bay). Estuaries 18, 527-544. https://doi.org/10.2307/1352370

Secor, D.H., O’Brien, M.H.P., Gahagan, B.I., Carter Watterson, J., Fox, D.A., 2020a.
Differential migration in Chesapeake Bay striped bass. PLoS One 15, 1-19.
https://doi.org/10.1371/journal.pone.0233103

Secor, D.H., O’Brien, M.H.P., Gahagan, B.1., Fox, D.A., Higgs, A.L., Best, J.E.,
2020b. Multiple spawning run contingents and population consequences in
migratory striped bass Morone saxatilis. PLoS One 15.
https://doi.org/10.1371/journal.pone.0242797

Secor, D.H.;, Piccoli, P.M., 2007. Oceanic migration rates of Upper Chesapeake Bay
striped bass (Morone saxatilis), determined by otolith microchemical analysis.
Fisheries Bulletin 105, 62-73.

Slesinger, E., Andres, A., Young, R., Seibel, B., Saba, V., Phelan, B., Rosendale, J.,
Wieczorek, D., Saba, G., 2019. The effect of ocean warming on black sea bass
(Centropristis striata) aerobic scope and hypoxia tolerance. PLoS One 14, 1-22.
https://doi.org/10.1371/journal.pone.0218390

Szuwalski, C., Punt, A.E., 2013. Regime shifts and recruitment dynamics of snow
crab, Chionoecetes opilio, in the eastern Bering Sea. Fish Oceanogr 22, 345—
354. https://doi.org/10.1111/fog.12026

Wayte, S.E., 2013. Management implications of including a climate-induced

recruitment shift in the stock assessment for jackass morwong (Nemadactylus

261



macropterus) in south-eastern Australia. Fish Res 142, 47-55.
https://doi.org/10.1016/].fishres.2012.07.009

Wilberg, M.J., Livings, M.E., Barkman, J.S., Morris, B.T., Robinson, J.M., 2011.
Overfishing, disease, habitat loss, and potential extirpation of oysters in upper
Chesapeake Bay. Mar Ecol Prog Ser 436, 131-144.
https://doi.org/10.3354/meps09161

Wirgin, 1., Maceda, L., Waldman, J.R., Crittenden, R.N., 1993. Use of mitochondrial
DNA polymorphisms to estimate the relative contributions of the Hudson River
and Chesapeake Bay striped bass stocks to the mixed fishery on the Atlantic
coast. Trans Am Fish Soc 122, 669—-684.
https://doi.org/https://doi.org/10.1577/1548-

8659(1993)122<0669:UOMDPT>2.3.CO;2

262



Chapter 5: Conclusions

Sustainable fisheries management depends upon readily available and reliable
stock assessments. Estimates of abundance, fishing mortality, spawning biomass, and
stock status are important for management advice (Goethel et al. 2023). In practice,
spatially-explicit stock assessments are often not used for management because it
takes time to develop a complex spatially-explicit model that is robust enough to
provide management advice in a timely manner. Furthermore, spatially-explicit
models have higher data requirements that spatially-implicit models, including
tagging data or sampling data across spatial ranges (Goethel et al. 2011, 2023; Berger
et al. 2016). However, almost all stocks have some degree of spatial patterns in
mortality rates, and spatial assessments have the potential to reduce bias in abundance
estimates (Punt et al. 2015). When spatial dynamics are ignored, the potential for
overexploitation is increased (Goethel and Berger 2016). Similarly, the ability of a
population to recover from collapse is diminished when assessment models fail to
consider spatial dynamics (Bosley et al. 2022; Goethel et al. 2023). Therefore,
spatially-explicit models are useful for species that exhibit great biological spatial
complexity and to inform management decisions.

A multi-stock, spatially-explicit model was developed for Striped Bass
(Chapter 2). This model assumed two stocks, two regions, and estimated abundance,
fishing mortality, and other parameters for two 6-month time-steps between 1982-
2017. Incorporating stock and spatial structure into population models for Striped
Bass greatly changed estimates of abundance and fishing mortality. My results
suggest that fishing mortality is higher in the Ocean region than the Chesapeake Bay
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for most years. Additionally, estimated abundance increased until 2004 and then
declined slightly through 2017, although my model estimates were much higher than
abundance estimates the current model used to inform management decisions
(Northeast Fisheries Science Center 2019). Methods developed for this spatially-
explicit model can be applied to other ecologically and economically important fish
species in the Chesapeake Bay, and can improve our understanding of how fisheries
populations are responding to management decisions (Mahévas and Pelletier 2004).
Further, as protecting marine resources is a major objective of NOAA and other
governmental agencies, spatially-explicit models have the potential to increase our
understanding of the consequences of increasingly used spatial management
approaches like marine protected areas (MPAs) (Pelletier and Mahévas 2005).
Spatially-explicit models have been able to improve bias and accuracy of biomass
estimates for species that have an MPAs within a part of its range (Pincin and
Wilberg 2012), suggesting that these models may be used to identify how species are
responding to new area designations. In addition, offshore wind farms are
increasingly being developed as a way to transition to clean energy, including new
development in the Mid-Atlantic region (Secor et al. 2020, 2024). Development of
wind farms may have negative consequences on fish populations as species could
have adverse responses to increases in sound from pile driving (Popper and Hastings
2009). However, wind farms can also increase fish abundance, particularly in areas
that lack hard structure or hard bottom (Methratta and Dardick 2019). As this

development will likely increase in the future, spatial population estimates could be
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useful to understand how populations are responding to new, localized development
from wind farms.

This dissertation also explored how data enhancements and alternative model
structures may affect bias and accuracy of population estimates (Chapter 3). My
results suggest that incorporating spatial dynamics into assessments for species with
stock structure, high rates of migration, and spatially-varying fishing mortality can
improve bias and increase accuracy of abundance and fishing mortality estimates
when time-varying population dynamics are occurring as a result of climate change.
However, bias and accuracy are only improved when spatial models properly correct
for potential aging bias in data sources. Therefore, accurate age composition
information is necessary for any age-structured assessment (Dorval et al. 2013; Liao
et al. 2013; Hulson and Williams 2024). Additionally, tagging data may not always be
necessary for spatial assessments if stock composition information is also available.
Methods evaluated in this dissertation can also be useful to better inform management
decisions for exploited species or to develop new tools management (e.g., ecosystem-
based fisheries management) in the Chesapeake Bay. However, spatially-implicit
models like fleets-as-areas models remain common practice to inform management
decisions (Berger et al. 2016; Cadrin 2020; Goethel et al. 2023), despite their poor
performance relative to spatially-explicit models (Punt et al. 2015; Langseth and
Schueller 2016; Bosley et al. 2022). My results also suggest that fleets-as-areas
models do not accurately estimate abundance and fishing mortality compared to
spatially-explicit models. I recommend that when data sources are available across

spatial gradients, population models for species with spatially-varying fishing
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mortality incorporate spatially-explicit structure to estimate abundance and fishing
mortality.

Climate change is a pressing issue, as many species along the Atlantic coast
will be affected and undergo range shifts or other changes to their population
dynamics (Hare et al. 2016). The Chesapeake Bay is predicted to experience increases
in water temperature, hypoxic events, disease prevalence, and sea level as a result of
climate change (Najjar et al. 2010), which may affect habitat suitability and use for
many important fish species (Schonfeld et al. 2022). Thus, the ability to accurately
estimate population dynamics in response to climate change is of importance for the
Chesapeake Bay (Hare et al. 2016). Many studies have highlighted how an increase in
mycobacteriosis may negatively affect the Chesapeake Bay Striped Bass spawning
stock (Gauthier et al. 2008; Latour et al. 2012; Groner et al. 2018; Gervasi et al. 2019;
Jesse et al. 2021; Schonfeld 2023). However, these changes in natural mortality from
mycobacteriosis and other factors have not yet been incorporated into stock
assessment models for this species. My results suggest that ignoring time-varying
dynamics of natural mortality, movement, and recruitment reduces accuracy of
assessment models (Chapter 4). Specifically, spatially-implicit fleets-as-areas models
almost always showed worsened bias in estimates of abundance, spawning stock
biomass, and fishing mortality compared to spatially-explicit models. Additionally,
spatially-explicit models have the potential to capture time-vary changes in
movement and recruitment, even when the assessment assumed stationary conditions,

particularly when the assessment includes tagging or stock composition information.
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However, ignoring temporal and spatial differences in natural mortality in population
models has negative consequences for abundance and fishing mortality estimates.
Failure to consider the spatial complexity of mixed-stock fisheries may create biased
estimates and ignore a particular spawning stock's response to environmental changes
(Kell et al. 2009). My research explored how incorrect assumptions that do not
account for climate induced population changes may impact model estimates of
abundance. However, the development of spatially-explicit models may not be
feasible, particularly for data limited species. When spatially-implicit models are the
best-case scenario, caution is warranted and care should be taken to ensure any bias in
data sources are appropriately addressed and that assumptions of biological processes
in the assessment model accurate reflect the dynamics of the modeled species as
much as possible. The methods and models described in this dissertation can be
applied to other ecologically and economically significant species in the Chesapeake

Bay to understand the potential impacts of climate change on stock assessments.
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