ABSTRACT

TEEARS, THOM. Assessment Strategies for Southeast US Atlantic Sheepshead (Under the
direction of Drs. Jeffrey A. Buckel and Jie Cao)

The southeast US Atlantic contains many important commercial and recreational fisheries
such asSheepshead\(chosargus probatocephaluSparidea) anthis highly sought after reef
fish speciehias no formal assessment except for Flofi@aplored multipe stock assessment
strategies to inform management decisions for southeast US Atlantic sheepblegan by
standardiing abundance trends actaracterizinguvenile habitatSpatial and temporal
information played a vital role in the standardizatidbcaich rates as well as multiple habitat
factors. Juvenile habitat was characterized by a preference for habitat with séagreasing
population abundance trends from South Carolina and North Carolina were synchronous with
each other and asynchronous t h Fl ori dadés trend of Dbeing st al
recent yeard.then accounted for spatial heterogeneity such as latitudinal gradients in vital rates
like growth and natural mortalitM), dimorphic growth within and among management units,
and localized depletion when estimating population treisdsyan integrated assessmadnt.
recommend a spatialstructured assessment and management strategy consisting of two
independently modeledgmns definedas a northern region with all the states from Georgia to
Virginia while Floridabe modeled separately to make up the southern reglua.spatial
structure indicated that neither stock was overfished, and overfishing was not occurringrhoweve
population trends showed signs for concernrmaadagement actions should be considered
cautiously Finally, using a simulation experimentexplored @talimited methodsasan
alternative for estimating stock status and informing management decigiensaw integrated
assessmentould not be feasibleindings suggeshe DB-SRA method can provide improved

estimates o&n overfishing limit OQFL) for sheepshead compared to the other methods tested.



Furthermore,mplementing multiple dathmited methodsand method types can provide a broad
perspective of the range of the OFL for management purpbsiss.esearclexplores multiple
methods for characterizing population trends pimyides valuable strategies f@sponsibly
assessing and managing fisheméth spatial heterogeneisyich asoutheast US Atlantic

sheepshead and other similar gl species.
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diagnostic models. Includes SPR30% (dashed lines) and SPR40% (dotted)
FEfEIENCE POINTS.. .o e e e e e e e e e emenas 122

Figure 3.1: Time-series estimates in metric tons (MT) with standard error of recreational
harvest and recreational dead discards (as calculat@ateh timeserieg from the
Marine Recreational formation Program (MRIP), commercial landings from the
Atlantic Coast Cooperative Statistics Program (ACCSP), and total combined
(commercial and recreational) total removals (harvest plus dead discards) by region.

Figure 3.2: Time-series estimates of removals (harvest and dead discards as calcuGdazhin
time-serieg and effort from the Marine Recreational Information Program (MRIP).

Figure 3.3: Estimates of overfishing limit (OFL) relative error to true OFL (solid red line) for
datalimited methods from simulation analysis for Atlantic sheepshead by region;
the width of the violin plots (color) show the distribution of relative error values.
Black dots with black lines indicate the median relative error and standard
JEVIALION ...ttt s e e e e ennn s 154
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Figure 3.4: Estimates of overfishing limit (OFL) for datanited methods applied to observed
Atlantic sheepshead data along with estimates of OFL from the integrated Stock
Synthesis (SS3) presentedimegrated assessmeare presented for both northern
and southermnegions. Colored dots indicate the OFL with standard deviation error
bars. The ORCS method is a point estimate with no associated measure of
uncertainty and should be considered as highly uncertain. The horizontal grey line
represents the catch in thenemal year of the catch tirgeries..................... 155
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CHAPTER 1. STANDARDI ZED RELATIVE ABUNDANCE INDICES OF
SHEESHEAD FROM MULTIPLE US SOUTHEAST SURVEYS: IMPORTANT
COVARIATES AND TESTS OF SPATIAL SYNCHRONY
Authors: T. Teearfs S. Aller?, J. Ballenget; J. Cad, J. Fodrié, L. Lee, A. Markwith®, J.
Morley?, J. Buckel

INorth Carolina State University’Florida Fish and Wildlife Conservation Commission
3College of CharlestarfUniversity of North CarolinaChapel Hill, °North Carolina Division of
Marine Fisheries®East Carolina University

Abstract
We usedgeneralized linear (GLM) andindom fores(RF) modelingto standardizérends in
relative abundance sbutheastsS Atlantic sheepshead\¢(chosargus probatocephalusom
available fishenjindependent survey data. RF modeling was found superior to GLM based
on crossvalidation and was used for the remainder of the study. Factors that were important to
mean catch rates of adult sheepshead included time (month, season) and space (strata, distance
from shore) as well as multiple habitattfars such as temperature, salinity, dissolved oxygen,
depth, tide, sediment size, bottom composition, bottom vegetation, and shore type. Similar
factors were important to catch rates of juvenile sheepshead including temperature, salinity,
depth, seasonait and habitat type with seagrasalt marsh interface and salt marshes with
seagrass being the preferred habitat for yeofrlne-year (YOY) sheepshead. We found an
increasing trend in relative abundance of sheepshead in the North Carolina and Solat
Carolina)but astableand therdecreasingrendin thesouth(i.e., Florida). Northern indicesere
spatially synchronous witkach otherput the Florida indicesereasynchronousvith the
northern region suggesting theed forassessing these regics separate stocks (i.e., northern
and southern)These indices of abundance will be used in a sheepshead stock assessment and to
characterize juvenile habitat to inform the development of a North Carolina (NC) juvenile

abundance index (JAI).



Introduction

Fisheryindependent surveys are performed to gather data for estimating indices of relative
abundance as opposed to relying solely on catch and effofralatdisherydependent sources
Fisherydependent data can hawasfrom changes in fleet efficiay, targeting, and fleet
dynamicg(Maunder et al., 2006; Palomares and Pauly, 2048ices ofrelative abundancef
multiple ages within a stock from waldesigned fishemndependent sampling programs can
providean indication of population dynamics atié impacts ofemovalson the underlying
population structurever time Furtherjuvenile abundance indices (JA&Rnprovide important
information on annual variability in recruitment aaue useful for projections of future
population size angear class strengih the fisheryand spawning stock dynami®acheler et
al., 2008) Frequently, indices of relative abundance derived from survey data benefit from
standardization to remove the effects of confounding factors (e.g., environmental factors
sampling protocols) othehan population dynamigdaunder and Punt, 2004; Cao et al., 2017)
For surveys of juveniles and adults, it is important that the surveys use appropriate gear and

cover the spatial and temporal distribution of thecses of interegHilborn and Walters, 1992)

Sheepshead\(chosargus probatocephaluSparidea) is a redish species that isighly
sought afteby commercial and recreatiorfedhers along the southeabltS Atlantic coast $E&
US; NCDENR, 2015)This species is commonly found in estuammel coastal wateesround
various forms of structures that are natural (e.g., rock, wood, vegetation, shellfish beds) and
artificial (e.g., jettiespier pilings, navigation markers, seawaliseakwaters) and egheir
powerful incisors and molars to collect, break apart, and conswaebratege.g., shellfish
and sea urchins; NCDENR, 2019heepshead range from Nova Scotia to Florida in the Atlantic

Ocean with the majority akcreationaharvesioccurringfrom Virginia to Floridawith



commercial landings primarily in North Carolina (NC) and Flofi#nnings, 1985; Wenner and

Archambault, 2006)

Currently hereare no stock assessmeotsheepsheafdr the Virginia to Georgia portion
of the US east coadtlowever, the state dflorida condicts a stock assessment of sheepshead for
its waters onlyMunyandorero et al., 2017)herearemultiple fisheryindependent surveys
coordinated by state agenciaaduniversitiesfrom NC to Floridain whichsheepshead are
commonly sampledrhese surveys provide a source of information for developing indices of
relative abundancendcharacterizing juvenile habitaAdditionally, recent analyses of growth in
sheepshead provide evidence of stock structure within the US Atlantic co@stlaras etl.,
2018)and our analyses of fishemydependent data have the potential to provide further

informationon stock structure

Here, we analyzedxisting fisheryindependensurveydata from theSEUS to
characterize trends in sheepshead abunddetemine if there were spatial synchrony that
might inform stock structure, artharacterie juvenile sheepshead habitdthe latter objective
was to inform recommendations for expansidiNorth CarolinaDivision of Marine Fisheries
(NCDMF) sampling programs for a juvenile abundance index {@\Bheepsheadresulting
annual predictions were used to examine trends in relative abundance and for use in an integrated

stock assessment of sheepshé&dthpter?).

Methods
We examined miltiple fisheryindependent surveys the SE-US for recordsof
sheepsheade examined surveys that occurred from Florida to Virginia where the bulk of
sheepshead landings occur. These sureeysr different spatial scalemdhabitat types (i.e.,

coastal and estuarine)se different gear typeand sampldifferentlife-stagesThis allows for a
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more complete representation of sheepshead stock abundardstor the SE-US. There were

multiple surveys that caught sheepsheaavdver,somesurveys had very low catch rates or had

too low sample size for our standardization models to converg®ésetopment of estimates

below) t hese surveys included NCahdwetesiotpr ogram 1
considered further. Below, we provide brief information on the methods of each survey that
consistently caught.e., multiple positive observations in each year and strata included)

sheepshead (Florida to North Carolina) and how they were analyzed.

SEAMARSA

The Southeast Area Monitoring and Assessment Prog&onth Atlantic (SEAMAP
SA) coastwide trawlis a random stratified survey utilizing paired mongodgpe Falcon trawl
nets (22.9m each) and is executed in the spring (Aptdy) and autumn (Octobédovember)
and spans from Cape Canaveral Florida to Cape Hatteras North Cérauma1.1). Further
details on data collection is outlinedSEAMAP-SA (2016) For many specieSEAMAP-SA is
typically used to index juvenile fish production coming out of estuaridse autumrhowever,
for sheepsheadatches primarily consist of adsikince it does not operate in estuavidere
juvenie sheepshead are commonly foufderefore SEAMAP-SA isunlike the other surveys
described belowhatoperate in estuaries where both juvenile and adult sheepshead are
commonly foundCatch rates for sheepshead were very low for all ss@ith ofLong Bay,
South Carolinand impacted standardizatidgherefore, SEAMAPSA datafrom south of Long
Bay (includingGeorgia and Floridavere excluded from the analysé@$ius, the SEAMAPSA
sheepsheaithdex represents the northamost coastal ocean waters of South Carolina and the

mid- to southern most coastal areas of North Carolina.



NC-gillnet (P915)

TheNorth Carolina Division of Marine Fisheries (NCDMF) Program 915 Pamlico Sound
independent gillnet (N@illnet) is a random stratified survey conductedihestuaries in North
Carolina(Figurel1.2). Thissurvey is performed usingpair of multi-panelnetsthat are each
comprisedf eight 27.4 npanelsof 7.6, 8.9, 10.2, 11.4, 12.7, 1415.2, and16.5 cm stretched
mesh.Thetwo multi-panelnets are seh close proximitywith one being a deep set and the other

beingashallowseEur t her det airethodsamreoutiined irdeestak (2048) 6 s

SGtrammel

The South Carolina Departmentiétural Resources (SCDNR) tramamadt (SG
trammel)is a random stratified survey conducted in South Carolina estuaries including Winyah
Bay, Cape Romain, Charleston Harbor, St. Helena Sound, Ashley River, Wando River, Cooper
River, and ACE BasinHigure1.3). The trammel net used 184-m long by 2.1m deep with
177-mm outer mesh and @8m inner mesh. This survey is conducted using methods outlined in

SCDNR (2018)

FWCGFIM
The Florida Fish and Wildlife Conservation Commission Fishdnidependent
Monitoring (FWCGFIM) programcaught sheepsheadhaul seine and bag seiserveys These
two surveysarerandom stratified and indices were developed usaighedrom the Atlantic
coast Figurel.4). The postYOY survey (shepshead 100-mm standard lengtiere
considered Agd +) uses a 18& haul seine and is conducted in the Indian River Lagoon and St.
Johns Rivethroughout the yeaifhe YOY surveysheepshead 40-mm standard lengtivere
considered to be ge-0) uses a 2181 bag seine conducted in the Indian River Lagoon and is

conducted during thEloridasheepsheacecruitment window from Aprilune.Both the haul
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seine and bag seine surveys were designed asspatties surveys andestpshead are
encountered relatively consistenthyeach Further information about the two sampling

programs can be found Munyandorero et al. (2017)

UNC-IMS

The University of North Carolina Institute of Marine Sciences (UNIS) estuarine
trawl surveyis conducted in Back and Core Sounds during late spring, summer, and fall months
using a 5m otter trawlwith a 4seam balloon desigifrigurel.5); towsareat fixed sitesand
conducted irvarious shallow water estuarine habitat tygesng periods that corresponded with

the presence of most shallow water estugtiwenilesas detailed ifBaillie et al. (2015)

Development of estimates
All analyses were performed using the R statistical lang(Rg&re Team, 2020The
nominalrelative abundance tirmgeriesestimategor random stratifiedwveyswere developed

following methods fron{Cochran, 19773s:
® 0 O D
wherethe stratified mean catgberunit-effort (CPUE ) wascalculated athe summation of

the producs of thestratumspecificweights(w ; based on ar@¢@ndstratumspecificmean

CPUEs (w ) for the totalnumber ofstratal.

We comparedeneralized linear model&[Ms) andrandom forestsRF9 in their fits
and predictions for the sheepshead surveys described afbadeling using GLMgpresent
constraintslue to statistical assumptions not applicable to RFs and should be considered

carefully when standardizing relative abundance indidagly influential values were removed

based on residuals versus | eveColimparitypancause (t hr



inflation of P-values when using GLMs due to correlation between covariates; therefore,
potential covariates were evaluated €ollinearity with variance inflation factorBor the
standardization of sheepshead survey data, we compared the performance of GLMs and RFs
using root mean square error (RMSf the response variab#d 16fold crossvalidationof the

predictive capeity to select the best modelling approa@MSE was calculated as:

YO YO YQI A ERGITROOEQ YQI A &0 NGO Q )

Crossvalidation is a common method for comparing models with diffeaggumptions

regarding thelistributioral functions generating the ddig evaluating model performance via

the estimation of predictive performanéaefsser and Eddy, 197Sjvula et al. 2020)Cross

validation was implemented by splitting the data into ten, approximately equal sized datasets or
Af ol dso, by rtherdatawithoyt reglacement. Fan @ach modelaoe,foldwas
withheldfor testing the predictive capaciyhile the remaining nine folds were uded

Atraini ngo the gainedonddellwas uded te predict the response variable on the
testingfold. This process was repeated with a different fold being withdaetth timeuntil all ten

folds had been used for testing. The average of the calculated RMSE values for all of the fold

predictions was used for comparipgrformance amongpodes.

The Passan and negative binomidlistributiors can be usewhen applying GLMdo
model count data with the assumption that the mean and the variance are approximately equal
(equidispersion)iFor the Poission distributionyerdispersion is characterized by aiaace that
is higher than the mean and can be due to outliers, high percentage of zero catches, high
variability in the dataset, and inappropriate modeling of the data such as missing important

covariates, inappropriate model structure,-hioear relatimships, and not modeling spatial or



temporal autocorrelation (Zuur et al. 2009, 2010). Underdispersion may be caused by the model
overfitting to outliers or by incorporating too many covariates or interactions. Overdispersion

and underdispersion weasoided,when possible, by carefully specifying an appropriate error
distribution and including suitable covariates. For data with excessive zerotureaed

models were applied when sheepshead were relatively likely to be encountered but the data had
excessive zeros due to low detection probability. For surveys that rarely captured sheepshead
because of suspected low availability, zertated models were appligMinami et al., 2007)

Any stratum with fewer than five positive aygations was removed.

GLMs (implementedor negative binomialisingthe R packag®ASS; Ripley (2011)
implementedor zerainflated and zer@lteredusingthe R packagpscl, Jackman et al. (201p)
were fitted initially with all availableovariates that were considered important for impacting
relative abundance based on biology, ecology, andhigiery of sheepshead and then evaluated
relative to reduced models. To find the biising and most parsimonious modah initial
model wasifted with all potential covariates aedch covariate wassted for significancasing
alikelihood ratio tesf| 13t pfollowing the methods from Lee et al. (20E8)dcovariates
that were not significant were removed using backwards sele€@idy.madels that converged
and had reasonable standard errors for coefficient estimates were considered and Akaike
information criterion (AIC) combined with level of overdispersion was used to compare and
select model typeJ he response variabl®)(was number fosheepshead caught and if there
were differences in survey effort among sampling units, the natural logarithm of effjt (In(

was used as an offset in the model. Models were developed as:

F1H e T e8 - €)



where g were the coefficients for the potential predictor variableg{z ) and- was
random error. When the selected model was aindiaied or zerealtered model (a.k.a., hurdle
model), estimates of relative abundance and standardsarerdeveloped by bootstrapping

with replacement (10,000 iterations) from the original data set.

The andom foresalgorithm(implementedisingthe R packageandomForest Liaw
and Wiener, 2003s a supervised learningassifierthat applies an ensemble of decision trees
(Breiman, 2001; DiatJriarte and Alvarez de Andrés, 200BFsprovide robust predictions and
arelesssusceptible to overfittings each decision tree randomly samples (with replacement)
from the datasdi.e., bootstrg aggregatioro r bagying) and each tree can only utilize a
random subset of features to mqgdatther increasing the model diversity (and reducing

dependence) between individual trégsoky, 2009)

RFswere fittedinitially with all available covariatethat were considergabtentially
important(i.e., explained variability in observed data) impacting relative abutance based on
biology, ecology, and litdistory of sheepsheaNumerical nissing values were imputed by
weighted moving averag&indow width of k=4 implemented in the R packageputeTS;

Moritz and BartzBeielstein, 201). Highly influential values were removed based on residuals
versus leverage plots (thresth d at C o o k Gosariales werezevaltiaés predictive
performanceising the Boruta algorithifimplemented in the R packageruta; Kursa and
Rudnicki, 20D), which calculatel covariateimportancebased on accuracy loss in classification

(i.e., the mean decrease in accuracy across all .trees)

The Boruta algorithm accomplishes thigaluationby randomly reshufflingach
covariate in thelata frameo crede what are termefi s h a d o w 0 . The im@ortance bfe s

potential covariates and shadow covariatesalculatedand the shadow covariates with the
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lowest, median, and highest importance contribute tonihenum( is ha d gmesn n 0 )

( As hadoavidmaanuin( i s h a d oswddenxcovariatdistributions, respectively

This process is repeated over many iterations (i.e., for each new bootstrap model fit) to develop
importance distributions for potential covariassswell ashadowMin shadowMan, and
shadowMaxThese three shadamportancedistributions can be used as criteria for whether to
include a potential covariateith upper, intermediate, and lower thresholds for predictive
performanceTypically, potential covariatémportarcedistributions with anean below the
shadowMn meanwould not be included and above the shadowMax mean would be included and
potential covariate distributions between the shadowMin mean and shadowMax mean could be
included dependent on the preferencthefanalyst. For our analyses, we chose to exclude any
potentialcovariate with a importancalistributionmeanbelowthe shadowMax meato develop

the most parsimonious modelowever, all three shadow covariate distributions are provided for

completeness

In fitting the RFs, e followed therandom forestuning process biiaw and Wiener
(2002)wheremultiple bootstrap datasetsée=500)weresampled from the data and then
decision treesveredeveloped from the bootstrapped data with a subset{2, 3, or 4}) of
randomly selected potential covariates at each.noe hyperparameten,y wassetu s i ng fnout
ofbag o pr edi dotedachsurvaydle splitat eagh nodwith the highest predictive
accuracywaschoserand fnal predictionsveremade byavelging over all thelecision trees

Standard deviatiomwasestimated using bootstrapping.

Methods for developing indices using the FWEIB survey data were accomplished by
evaluating potential covariates previously used in the standardization pootéessd in

Munyandorero et al. (201.7)o remain consistent withlunyandorero et al. (201,73easonal
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indices were not developed BWCGC-FIM Age-1+ or for FWCGFIM YOY data sets; these

weremodeled using month as a covariate in addition to the other potential covariates.

Tests of spatial synchrony
Correlation anal ys e s(Benesty et gl., ZIBpn@&re appliaddcs cor r e
each pair of indices combinations to test for spatial synchrony betyeegmaphicallydistinct
indices Seasonal indices developed from specific surveys were linked in the same year i.e.,
autumn was linked to the previous springhe same year. However, strength in spatial
synchrony results were similar regardless of whether the autumn indices were linked to the

previous spring or the following spring.

Resultd Discussion

Generalized linear and random forest modemparison

Quantitative fisheries scientist have often used G(IMisCullagh and Nelder, 198%or
the standardization of relative abundance indidesunder and Punt, 2004iowever, we fand
the performance dRFsto besuperior or approximately equivalent (i.e., < 2% difference in
RMSE)to performance of GLMm seven of the nine survegyBablel.1). Similarly, Li et al.
(2015)compared the performanceRFs, among other machine learning algorithms, with GLMs
for the standardization of relative abundamzbces for Japanese Spanish mackerel in the gillnet
fisheryand recommended the use of either RFs or support vector machines (SVMs) over GLMs
based on their superior performance demonstrated usifa@dLéross validation. RFs have also
been used to dewsd specieslistribution models for 21 marine dispersal species for bottom trawl
data sampled from the coastal waters of Shandong Peninsula,(QOlameet al., 2020)Given

the outcome of our analyses and work by others, weREstb develop relative abundance
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indicesand to characterize juvenile habitat sheepshead in estuarine and ocean habitat of the

SEUS.

Important covariates for sheepshead catch and standardization indices of abundance

The relative importance of covariates to sheepshead aagiresentenh order of
increasing importance for all surveys. RFs make predictions for the full range of the covariate
values even if the data are not adequate to fully inform this (@aegehere may be very few
data points on the ends of the data range tormtbe model)Description of predicted response
of catch rate to covariates focuses on the covariate range where data were adequately

informative.

The spring and autumn standardized indices derived from the SEASMAdata were
highly variable with no discernible trend in relative abundance 984 to 2019Kigurel.6).
Thespring and autumstandardized indes differedfrom the nominaindicesin 32% and 29%
(respectively) of the years modejélat is, the nominal annual abundances often fell well out of
the error range of the R$tandardized estimated abundanideese differencesay be a resulif
low sampé sizes of positive tows with sheepshe@d towsper stratunper year; sedppendix
A); this allowedndividual observatiowariability tohave a large influence gredicted
abundanceFurthermore,ite SEAMARSA surveydemonstrated temporal and spatial
inconsistencyn catch rates of sheepshead(8ppendix Aand may not be representative of
sheepshead abundance in the southeast Atl&ardhese reasons, SEAMAA may not be
appropriate for use in stock assessnagt was not used in the spatial synchrony analysis

described below.

Catches of sheepshead in the-bitthet survey were influenced by both static (e.g.,

bottom depth) and dynamic (e.g., temperature) covariateshe sprindNC-gillnet index,
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bottomsalinity, sediment size, strata, bottom temperatoboéom composition, distance from
shore depth and yeawere importan{Figurel.7). The pedicted response of catch rate
(PredCR)wasvariablebetween-10°C and~30°C (Figurel.8). PredCR declined between
~21pptand~27pptsalinity and increased above ~27pptedCR declined betweef).5m and
~2mdepthand increased abov@m. PredCR indicated an increasing trend between ~50m and
~1000m from shorandwas higher fobottom composition of grass, shell,sbrellgrass

sediment sizefdhard sand or unknowiand in the shallow strata in Dare County

Forthe autumrNC-gillnet index, bottom dissolved oxygen, sediment sizettom
composition, bottom temperature, year, bottom salinity, distance from shore, depth, and strata
wereimportant covariatein the NGgillnet (Figure1.9). PredCR declined between ~10°C and
~21°C and increased between ~21°C and ~36f@urel.10). PredCRindicated arincreasing
trend betweer10pptand~22ppt salinity. PredCR declined between ~6mg/L and ~8.2mg/L
dissolved oxygemand then increased between ~8.2mg/L ab2ing/L. PredCRncreased
betweerdepth of~0.5m and 1.25m and declined between ~1.25m aftin. PredCR declined
between ~50m and700mdistance from shorandwas higher fobottom compositiomf
unknown, grass, or shajrass, sediment size ofay, muddy sand, and sandy mud, and in the

Dare County strata

The spring and autumn standardized indices derived frofd@hgillnet surveywere
highly variablewith a stable or increasirtgend in relative abundance fra2001 to 2019Kigure
1.6). The standardizeand nominalndiceswere very similar except in 2014 in the autumn

survey

For the spring S@ammel indextide, bottom dissolved oxygen, depth, bottom

temperature, yeastrata, and bottom salinityere importantKigurel.11). PredCRwasvariable
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betweerhigherabove 45°C and ~33°(Figurel.12). PredCR declined between ~15ppt and
~22ppt salinity and then increased between ~23ppt and ~3&@olCR was highly variable
between ~0.2% and ~2ndepthandbetween ~4mg/L and ~8mgAdissolved oxygerPredCR

was higher fotate ebb tide, and in the Charlestdarbor and Cape Romain strata.

For the autumisCGtrammelindex,tide, depth, year, bottom salinity, bottom dissolved
oxygen, bottomdmperature, and stratgere important covariate§igurel.13). PredCR
increased betweerl0°C and ~32°QFigurel.14). PredCR declined between 1 and
~20pptsalinity and then increased betwee?20ppt and ~26ppt. PredCR was variable between
~0.25m and ~1.4m depth and then increased between ~1.4m and ~2m. PredCR was variable
below ~8mg/L and then increased between ~8mg/L~40dng/L. PredCR was @iher formid

ebb tide and in the Charleston Harbor and Cape Romain strata

The spring and autumn standardized indices derived frol@GHeammelsurvey were
highly variable with a stable or increasing trend in relative abundancel®6#to 2019 Figure
1.6). The standardized and nominal icewere very similar except in 2013 in the spring

survey

For the FWCGFIM Agel+ indexpottom vegetatioyshore typebottom temperature
month year,bottom salinity andstratawere importantKigurel.15). PredCRwasvariable
between ~18C and~30°C and then increased betwee30°C and~34°C(Figurel1.16). PredCR
declined from ~0.5ppnd ~20ppsalinity and increased between ~20ppt and ~40ppt. PredCR
was highein February and JuneDctoberin emergent and terrestrial shore tylmesubmerged

aguaticvegetationand in Indian River zon@~0 andTequesta strata.
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For theFWCGCFIM YOY index,bottom vegetationyear, bottomemperaturgbottom
salinity, month and strata were important covariateg(rel.17). PredCRwasvariable
between-20°C and~30°C and then increased between ~30°C and ~3&f@lire1.18). PredCR
decreased between ~Opband ~27ppsalinity and then increased between ~27ppt and ~40ppt.
PredCR was highen May, in submerged aquatic vegetatiamdinl ndi an Ri vedr zones

i Hstrata

TheAgel+ and YOY indicederived from th&eWCGC-FIM survey were highly variable
with an increasing trend at the beginning of the tiseeies followed by relativstablity until
2015for the YOY index and 2016 for the Agel+ indeken the indices indicated a decreasing
trend in relative abundan¢Eigurel.6). The standardizeandnominalindices were very similar
throughout the timeaeries The standardized index was also similar togreviously published
(Munyandorero et al., 201#)dex which, indicated a stable trend throughout the-8erees and
the assessment indicated that the stock was not overfished and overfishing was not occurring.
However, the trend presented ééndicated that the trend was decreasing since 2015,

emphasizing the need for an updatt¢he stock status.

Covariates that were important to the FL YOY in our study were also important to the

NC YOY in our analyses (UN@MS survey) and prior findings iather estuarine systems.

For theUNC-IMS surveyof YOY, depth, bottom salinity, season, habitat, bottom
temperature, and yeatere importantigurel.19). PredCRwasvariable between ~20°C and
25°C and then increased between ~25°C-8®C (Figurel1.20). PredCR was highlyariable
between ~30ppt and ~35pgalinty and declined between ~0.5m and ~1m depth with variable
PredCR between ~1m and ~2m depth. PredCR was highemmey in saltmarsh creek with

seagrass and seagrass saltmarsh intedacein2011 Similar to east coast FL and NC YOY
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data in our studykroeschke et al. (202@und that month (May and June were highest) and
salinity (<10 ppt) were important predictors for juvenile sheepshead digtntin Tampa Bay,
FL. Theseresults were similar tBaillie et al. (2015%indings on juvenile sheepshead who used
linear mixed effects models to analyze these data for habitat use information from samples
collected2010, 2011, and 2012 afmr evaluation of factors affecting nekton catch rates and
species diversity using regressioees This is not an unusual patternaberjuvenilefish that
hatch in the springlsofeed and grow in estuary nurser{esg., saltmarsh and seagrass)

throughout the summer (Jenning985).

Factors that were important to mean catch revesprisedime (month, seasongpace
(strata, distance from shor@)dhabitat factors such as temperature, salinity, dissolved oxygen,
depth, tide, sediment size, bottom composition, bottom vegetation, and shore type. Similar
factors were important to catch ratdguvenile sheepshead including temperature, salinity,
depth, seasonality, and habitat type with seaggalisnarsh interface and salt marshes with

seagrass being the preferred habitat for yeafape-year (YOY) sheepshead.

Spatial synchrony

We found strong evidence for spatial synchrony between surveys within and between
North and South Carolina and within Florida; however, we did not find evidence for spatial
synchrony between indices in Florida @ahdCarolinasNorth Carolina and South @dina
survey indices correlated stronghQ(®8) within and among survey§igure1.21). The Florida
survey indicesverestronglycorrelatedwvith each other (=0.82); however we foundweak
correlationgrO 0 .wih)the North Carolina and South Carolsarvey indicesJiao et al. (2016)
investigated asynchrony in eight Atlantic weakfish surveys and found 10.7% of the standardized

survey indices combinationshadneod at e t o high correlations (00
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wer e | ow o0 x<04)eandy42.9%had negatVe correlations. The spatial synchrony of
sheepshead indices was slightly better, with 46.7% of the correlation combinations with
moderatetohgh correl ations (00.4), 33.3%x<04), the co
and 20.0% with negative correlations. By separating the southern region (i.e., Florida) indices

from the northern region indices, the regional surveys were completelylgmatrechronous

(i.e., 100% moderate to high correlations).

Detailed descriptions of resulting correlations to the SEAMBAPsurvey are not
included with the spatial synchrony analy&s described ilmportant covariates for
sheepshead catch and standardization indices of abunphosever, these surveys tended to
correlate with the northern regias five of the eight correlation combinations resulted in
correlations between 0.2 and 0.44 whereas, the southern region correlations lé&@ These
results would be expected as the SEAMBR strata included in the analysis were those from

the northern region (S&&EAMARSA).

The sptial synchrony analyssuggest spatial heterogeneity in the southeast Atlantic
sheepshead stockdams et al. (2018 nd TeearsGhapter 2 found evidence for growth
differences along the US east coast that also provide support for stock structure within US
Atlantic sheepshead. The lengahage of sheepshead (a§el0, and 15 years) and
weight/length relationship parameters in Virginia, NC, and SC are more similar to each other
than for the FL AtlanticSeyoum et al. (2017pund evidence for a higher proportion of separate

groups in GA and FL sheepshead relative to SC and NC sheepshead.

Conclusion
Many of thesurveysstandardizedising RFandicated similarities in the covariates that

wereimportantfor predicting the catch rates of sheepshdadblel1.2). Temperature wasa
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importantcovariate in all the modelemphasizing the ecological importance of temperature on
the movement and behavior patterns of sheepsimadults and juvenilekikewise, salinity
also plays a pivotal role in the ecology of sheepshead as salinitynwapa@tant covariatéor

all the models except for one (i.8EAMAP-SA).

Other rabitat factorof dissolved oxygen, depth, tiddistance from shore, sedimesite,
bottom compositionand bottom vegetatiaif able1.2) werealsoimportant covariateghen
they were available however, several surveys lacked adequate data to include these covariates.
Cao et al. (2017Jemonstrated the importance of including both static and dynamic habitat
variables for explaining variability in the standardization modéd.recommend including
informationof these types when designing or updating surveys for similafisbespecies
designed to characterize relative abundance of sheepSpesuifically for the juvenile habitat
characterization, there was a preference for habitat with seagrass (i.@ssealgmarsh
interface and saltmarsh creek with seagrass), which was consistent with previous research where
seagrasbedshave been shown tbe important for fishery speciesspecially at juvenile stages

(CullenrUnsworth et al., 2014; Jackson et al., 2001; Nagelkerken, 2009; Scapin et al., 2016)

There were important temporal covariabésnonth and season that played a role in
annual abundance and juvenile habitat characterizatomver, three of the surveys were
modeled separately by season thereby, removing the need for including season or month as

factors.

Therewasalso an importarspatial component to predicting sheepshead as stratanwas a
important covariatéor all the models wheri was a potential covariat&€he effect of strata on
estimates of relative abundance has k@iiedin previous work on standardizing trawl

surveys in the southeast Atlantic @milar reeffish species such as southern flounfere et
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al., 2018) Hilborn and Walters (1992¢commend the use of stratification in survey design used
for developing relative abundance indicesdoaunt for spatial heterogenelty ensuring that

within stratum samples have similar levels of variabilgishop (2006 emphasizes the need for
defining strata that contain relative homogeneity in abundance by grouping sampling locations

with similarities in habitat covariates.

We found that indices of relative abundance of sheepgshatidcorporaed
environmental and sampling protocol information in a statistical standardizffiered from
the nominal valueNe assume the standardize annual estimates provide a better indication of
population size as has been shown by otti&esger et al., 2012; Cao et al., 120 Setyadji and
Fahmi, 2020)The resulting estimates indicate @rerallincreasing population abundance in
South Carolina and North Carolina while the trend in Florida indicated a stable and then
decreasing population morerecent yeas. The correhtions found between the South Carolina
and North Carolina indices confirmed that the surveys were showing similar trends whereas, the
Florida indices were dissimilar from the surveys conducted in the northern region of the stock.
Given the differences igpatial synchrony between Florida and the northern states (i.e., North
Carolina and South Carolina), along with differences found in grpatthmetergAdams et al.
2018 Teears(Chapter 3 we recommend thatlantic coaststock assessment modeling consider
a northern (VA, NC, SC) and southern (FL) stackl a sensitivity study to determine which

stock should include GA.
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Tables

Tablel.1: Resulting average root mean squared error (RMSE) ushiigid @rossvalidation for
generalized linear models (GLMs) arahdom forests (RFs).

10-fold Cross-Validation average

GLM RMSE
Survey Dispersion GLM RF

SEAMAP-SA spring 1.07 10.85 1.01
SEAMAP-SA autumn 1.11 1.10 1.09
NC- gillnet spring 1.15 3.47 0.77
NC- gillnet autumn 1.82 4.69 1.05
SCGtrammel spring 1.16 4.38 0.57
SG trammel autumn 1.05 0.70 0.71
FWCGFIM Agel+ 1.17 4.27 4.55
FWCGFIM YOY 0.65 3.99 4.98
UNC-IMS YOY 1.26 3.27 1.28
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Tablel.2: Potential ovariates from random forest standardization models by survey/s€as@riates are bottom temperature (Btm
Temp), bottom salinity (Btm Sal), bottom dissolved oxygen (BDO), dejntie of day (TOD)tide,month, habitat, season, distance
from shore (Dist Shore), shore type (Shore Type), sediment size (Sed Size), sediment type (Sed Type), bottom vegetaiipn (Btm
and StrataNA represents covariate dateerenot availableor not considered n @0 fir ersraewvariate that was evaluated but not
selected based on selection criteria.

Survey
Potential NC-gillnet NC-gillnet SCGtrammel  SGtrammel FWCGFIM FWCCFIM
Covariates spring autumn spring autumn Agel+ YOY UNC-IMS
Btm Temp X X X X X X X
Btm Sal X X X X X X X
BDO o} X X X
Depth X X X X X
Tide X X
TOD 0
Month X X
Habitat X
Season X
Dist Shore X X
Shore Type X o)
Sed Size X X
Sed Type o} o)
Btm Veg X X
Btm Comp X X
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Figures

Georgia (GA

Figurel.1: SEAMAP-SA trawl sampling locationgigurefrom SEAMAP-SA (2016).
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Figurel.3: South Carolina trammelet sampling loations.Figure from
JoseplBallenger (SCDNR).
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Abstract
The southeast Atlantic coast population of sheepshead have no farokahssessment for
management of this recreationally and commercially important species except in Florida. We
further characterized the latitudinal gradient in growth patterns in sheepshead and modeled
dimorphic growth patterns at various spatial scales péfformed a simulatiogstimation
experimento demonstrate the impacts of misspecifying growth and natural mo(i)iin a
metapopulation with spatial heterogeneity. éeformedan integrated assessmarith multiple
growth patterns to account foanation in biological processeél/e exploredrarious spatial
structuresandperformed a sensitivity oM (i.e., agespecificand ageconstant}o characterize
the uncertainty of a spatially heterogenous metapopulation. The results demonstrated a latitudinal
gradient in growth which was coupled with more pronounced dimorphic growth patterns for
southerlystates The simulation analysis indicated timaisspecifyingM resulted irthe
underestimation of spawning stock biomass (S8 recruitment andverestimation of fishing
mortality (F) whereasmisspecifying growtthad the oppositeesult Additionally, only when the
true recruitmentistribution wa known could the estimation mogebduce unbiased estimates
using a Zarea spatial model with arspecific growth patternghus,a coastwide modevasnot
appropriatedue tothe lack of adequate information on recruitment distributiah wouldinform
a spatial model that can handle these two stocks joiMyrecommend Atlantic sheepshead be

assessed and managed wittpatial structure consisg of two regionamodeledndependently
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and theappropriate structure to be defined as a northern region with all the states from Georgia
to Virginia while Florida would be modeled separately to make up the southern region. This
spatial structure indicated that for both regions, overfishing wasaeatring, and the stocks

were not overfisheloweverwe recommend thestocks be managed with caution due to
concerning population trend$his study emphasizes the importance of accounting for spatial
heterogeneity in vital rates such as grgwihand diferences in seasonal removals in stock

assessment for healthy and sustainable fisheries.
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Introduction

Defining unit stock
In order to correctly manage fish populations, a unit stock is defined whereby the
biologically reproductive stock dynamics are isolated from adjacent populations (no emigration
or i mmigration) and have fAsimil ar opetrt drhres riam
the defined stockHilborn and Walters 1992 adrin (2020provides some best practices for
stock identification which begin with exploring the distribution of thpyation at various life
stages and patterns of removals (i.e., fishery data and surveys), describing dispersal at various
life-stages and connectivity between spawning and nursery areasdrlerecapturedata), and
explain the extent of reproductiveolation, limited mixing, and demographic independence (i.e.,

genetics, lifehistory traits, morphometrics, abundance trends, and size/age composition).

Investigating these information sources can help in developing a basic conceptual model
to aid in creahg constraints obiological realityspecifically regarding spatial heterogeneity in
dynamic process such as spawning, recruitment, granthmortality(i.e., natural and fishing)

Stock assessments that conserve spatial structure can improve managemsute fisheries
are healthy and sustainalfl¢ilborn et al. 2003)Failure to capture the spatial structure in stock
assessment can lead to overfishing that can deplete local stocks and eventually the entire stock

may collapse with limited chance of recovéBerkeley et al. 2004; Ciannelli et al. 2013)

Management overview

The species being accessed is commonly called sheepgineladsargus
probatocecphalusSparideaand pior to April 2012, sheepshead along the Atlantic coast, like
many other species, were managed by the South Atlantic Fishery Management Council under the

snapper grouper management comgeXFMC 2011) Currently, Atlantic sheepshead are
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managed at the state level and have no formal stock assessment to inform management plans

with the exception of Florida.

Many longlived reef fish species with similar life histories to sheepshead that live
offshore are overfisheandbr overfishing is occurringNMFS 2017) Since sheepshead are
predominately found inshore, they might be expected to be more vulnerable to fishing pressure

and therefore, are imeed of a fomal assessment

The fishing regulations of Atlantic sheepshead have varied spatially, temporally, as well
as by fishery type (i.e., commercial or recreational). In 1996, Florida restricted gears-to hook
andline, cast net, beach and hagline gears (eftdively banning gill nets and trammel nets)
with a 50 Ib. bycatch limitonneaonf or mi ng gears, a 120 Fork Lel
limit, and a 16fish/person/day recreational creel liflMlunyandorero et al. 2017)n 1997,
Florida amended the regulations to allow &fi$/person/day recreational creel limit and
permitted speasi h i n g . Il n 2006, FIl orida modified the 1:
Length (TL) thereby reducing the size limit. In Georgia in 1957, gill nets were banned in
estuarine waters and i n 19 8 9fish/parson/@preeimit mi ni mu
were put into effect whi c h-fisWpesonady(GADNRDd i n 200
2017). I n 2012, South Carolina i mplemented a
fish/person/day creel limit not to exceedfgh/boat/day (SCDNR 2015). In kb Carolina,
regul ations were enacted in 2015 to include a
limit of 10-fish/person/day or trip if the trip covers more than one calendar day (NCDNR 2017).
Furthermore, North Carolina restricted commerfigiling to 300 Ibs./trip with two exceptions:
gig and spearfishing were limited to-fieh/person/day or trip if the trip covers more than one

calendar day and pound net fishing was exempt to the commercial restriction. In 2007, Virginia
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implemented a4ish/person/day creel limit for recreational fishing and a commercial trip limit

of 500 lbs. (VMRC 2007).

Stock structure

Sheepsheadifchosargus probatocephalus probatocephphre a marine and estuarine
reef fish of the family Sparidae commonly fourdray the Atlantic coast from Florida to
Chesapeake Bay, Virgin{&igure2.1) and are genetically distinct from the subspecies found in
the Gulf of Mexico A. p. ovicepswith a genetic boundary along the southeast Florida coast
between Palm Beach and Miami Beg8leyoum et al. 2017There is currently no evidence of
genetic differences among the Atlantic populatguggestingheepshead should be assessed as

asingle unit stock.

There are very few articles publishedtbe movement patterns of sheepshead. However,
Tremain et al. (2001) found that sheepshead movement in Florida in autumn and winter tended to
be towards inlets, demonstrating an easst pattern as opposed to a negtiuth migration.
Woodward et al. (20Qdndicated a maximum distance of 70 miles travelled by sheepshead in
GeorgiaMark-recapturedata from Virginia indicatgthree migrations to North Carolina from
2000 to 2014S. Musick, Virginia Institute of Marine Sciencergnal comnunication, 2017.

South Carolina data show similar results with a maximum distar@@rafuticalmiles from the
initial tagging locationFigure2.2) but, given theshorttermnature of returns (possibly because
of tag loss), it is uncertain if these dataxuratelycharacterize the seasonal migration for
sheepsheadiark-recapturedata in North Carolina indicated a maximum dispersal of
approximately80 miles from initial tagging site based on 25 acoustically tagged fish, 25 fish

tagged with satellite tagsize range for acoustic and satellite tagged fish @&®48.9cm FL),
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and approximately 600 fish tagged with conventional Floy tag€.(NaisbettJonesUniversity

of North Carolina PhD studenpersonal communicatio2027).

Thegeneraimovement patterns of sheepsheaael poorly understood dsely are a
structure associated species exhibitiadpitatdrivenmovementsn estuaries and coastal waters
for spawning and feedinttpat vary with lifestage(NCDENR, 2015; NCDENR, 2023; SCDNR,
2023) There is evidence of infgegient movement across management boundaries, but the data
suggests that movement is primarily localizedl that sheepshead are a-nugratory species

with negligible mixing between management ugB€DNR, 2023)

Fishingdynamics

In 2015, southeast Atlantic reef fish species such as red snapfjan(s campechanys
snowy grouperEpinephelus niveatyisand red porgyRagrus pagruswere considered
overfished and red snappéufjanus campechanysspeckled hindEpinephelus
drummondhayi and warsaw groupeEpinephelus nigrituswere subject to overfishingNMFS
2017) Subsequently, these popular reef fish species are being regulated moreesudilyg in

sheepshead becoming increasingly targeted

Over 97% of recrational harvest of Atlantic sheepshead are caught in the southeast
Atlantic (i.e., North Carolina, South Carolina, Georgia, and FIONGZDENR 2015)
Sheepshead are reported in commercial landings in the southeast Atlantic but are considered
bycatch in commercial fighies(INCDENR 2018a; NMFS 2017however, the recreational
harvest of sheepshead are substantially higher than commercial laffiguys2.3;

McDonough et al. 2011; Munyandorero et al. 2017; NCDENR 2018b
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Sheepshead are primarily caught byreationalanglerswith hook and line and in recent
years by spearfishingNCDENR 2017) Sheepshead are fraanily caught in estuarine waters
but, in the northern states of their range, they move offshore to overwinter and spawn in
nearshore continental shelf waters during late winter and early ¢peingings 1985; Moore and

Barkley 2005; Tremain et al. 2004)

Based on the Marine Recreatiotaiormation Program (MRIP) data and the commercial
landings data, sheepshead @aghtin January and February (MRIP waveriFlorida but not
from Georgia to VirginiaKigure2.4). This indicates a seasonal component to the sheepshead
fisheries in the northern region of their range where exploitation of sheepshead effectively
decreases to zero for several morathd spatiotemporal heterogeneity in removals along the US

southeast Atlantic coast.

Not only have sheepshead become a more popular reef fish species in the southeast
Atlantic, but the gear types to harvest sheepshead have become more dieargerasre using

gigs and spearfishing more frequentiygure2.5).

Vital rates

There is evidence of phenotypic variation in-lfistory traits in each state as evidenced
by thevon Bertalanffy(VB; von Bertalanffy, 1938jparameter estimates, max ages, and length at
%50 maturity from the published literatufBaple2.1). Sheepshead can grow quickly up to age
six (NCDENR 2015) and have been reported at lengths of up to 29 inches TL (73.7 cm) in North
Carolina (Schwartz 1990). In Chesapeake Bay, Ballenger (2011) found that on average
sheepshead reach a larger max size and age as compared to sheepshead from more southerly
states along the southeast Atlanfidams et al. (2018)Iso found evidence of spatial variation

of Atlantic sheepshead leng#itage data based on latitudinal gradig€figure2.6) which, is
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consistent withother reef fish species such as gray snappéjanus grSEUS) where a

latitudinal gradient was found for larval and juvenile growth as well as recruitment dynamics
(Denit and Sponaugle 2004 eographical differences in maturity have also been observed for
sheepshead along the southeast Atlaiitble2.1) howe\er, estimates from different states may
not be directly comparable due to differences in sample size at age and methodology (i.e.,
histology, whole mount, or macroscopyhese resulting differences in vital rates such as
maturity schedules, growth rates\d natural mortalityM) could create biases in the modeling
of population dynamicéGuan et al. 2013}urthermore, indicators of productivity such as
growth can impact estimates of fisheries reference p@uist and Hilborn 1997; Thorson et al.

2015)

Size composition

Fisheryindependent length frequency data from the Southeast Area Mogito
Assessment ProgranBouth Atlantic (SEAMAPSA) was used to investigate demographic
differences in southeast Atlantic sheepsh@&aeé spatial extent of the survey matches well with
the spatial extent of the Atlantic sheepshead populéigurel.1). This is important since the
sampling methods are consistent throughout the spatial and temporal extent of the survey which
meanghe size structure in each area and season are more representative of the population
structure and that differences in size structure are not due to differences in sampling gear
selectivity or population availability due to seasonal movement patteatmay occur when
comparing data from differing gears and/or sampling seasons. However, this survey operates
along the coast and does not sample in estuaries where sheepshead are commonly harvested,;

therefore, these data may not be completely representétireentirepopulationage structure
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The length distributions for Florida, Georgia, and South Carolina below Long Bay had
very low catch rateg< 3 fish per seasomnd were not considered representative and were
subsequently excluded. Themporally agregatedsize structure data from Raleigh Bay, Onslow
Bay, and Long Bay indicatiea latitudinal gradient with higher median length at higher latitudes
(Figure2.7a). Therewas also a seasonal component indicated by a higher median length in the
spring as compared to the auturkig(re2.7b). Since sheepsiad tend to be commonly found in
estuaries, sheepshead found in the ocean where SEAAM$amMpling occurs may be moving
offshore to spawn and, since sheepshead primarily spawn in the spring, offshore spawning

aggregations might be expected during thisoaitreproductive time in their life cycle.

Objectives

The genetical evidence from the Atlantic sheepshead population suggests a single unit
stock however, there are multiple indicatofspatial heterogeneiin fisherydynamics vital
rates, angize compositionFurthermore, the minimal mixing across mas@agnt units violates
the assumption that the population is walked The objectives of thigwvestigation were to
reconcile these conflicting evidence streamswaarck as follows: 1jurther characterization of
spatial heterogeneityy modelingvariatiors ingrowth patterndrom the various areas€., by
management units2) demonstrabn through a simulation study hoafferences in vital rates
over the stock rangaffect stock assessment resustisd 3) perform an integrated stock
assessmerfior the Atlantic sheepshead metapopulatieith the model structureldlased on

results from objectives 1 and 2
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Methods and Materials

Data

Available lengthat-age data of Atlantic sheepshead were obtained from various fishery
independent (FI) anfishery-dependent (FD) sources from Florida through Virginia up through
2019 including the North Carolina Division of Marine Fisheries (NCDMF; n=645 (Fl), n=992
(FD)), the Florida Fish and Wildlife Conservation Commission (FWCC; n=5,110 (Fl), n=116
(FD)), the Virginia Marine Resources Commission (VMRC; n=1,447 (FD)), the South Carolina
Department of Natural Resources (SCDNR; n=6,258 (FD)), and the Georgia Department of
Natural Resources (GADNR; n=2,397 (FD)). The otoliths from GADNR had not been
previouslyread and as such, were read by the primary author to provide additional data to
characterize population dynamics in Georgia waters. These otoliths were not read by a second

reader and thus, were not verified or agreed upon as protocols typically require.

Indices of relative abundance were developed from available fighdependent
surveys. A brief summary of sampling design, collection of data, and development of estimates
was described i€hapter 1 Available biological data was included in the integdadssessment
for use in development of length compositions, conditional leaggye compositions, and

estimation of growth parameteM, and weightat-length parameters.

Information on recreational hoendline catch was acquired from MRIP which eults
survey data (i.e., mail survey, phone survey, and angler intercept survey at fishing access sites) to
provide scientists important information on recreational fisheries catch and effort over time.
Specifically, MRIP provides estimates of landed fisé. (brought back to shore; called Type A),
fish caught but not brought back to shore (e.g., discarded dead, used as bait, filleted; called Type

B1), and fish released alive (called Type B2). Type A and B1 comprise the harvested catch and
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total catch cornists of all three types (A, B1, and B2). These estimates are available in numbers
and weight however, information on the fate of released alive fish (i.e., percent mortality) are not
typically available due to the nature of the survey methodology. Leagghislalso collected on

Type A fish which provides information on length composition over time. A detailed description
of this national program is availablehdtps://www.fisheries.noaa.gov/topic/recreatiefishing

data

In January of 2018, the MRIPqgram replaced the Coastal Household Telephone Survey
(CHTS) with the Fishing Effort Survey (FENOAA, 2022. As a result of this change,
estimates of recreational catch and discards were adjusted by an approximatétldhree
increase ands a precautionary measure in respaagbs changeMRIP landingsand discards
were down weighted in the integrated rabbly decreasing the lambdas on MRIP catch, discard,

and equilibrium catch to 0.1.

Length composition information from MRIP and the South Carolina Department of
Natural Resources (SCDNR) Volunteer Angler Tagging Program were used to develop length
composiions of recreational hoe&indline discards following methods frohee et al. (2018)
Length composition of the recreational discards (Type B2) was derived by first estimating the
length composition of the total catch, then subtracting the length composition of the harvested

catch.

The total catch length composition was estimated from lengths of tagged sheepshead
initially tagged along the southeast Atlantic coast by anglers in South Carolina during 1994
through 2019. These |l ength data ¢m @ Tim €1 26r
cm) comprised a total of 13,113 sheepshead across all years. Due to the very low numbers of

tagged sheepshead in some years and sedsalrie2.3), the tagged fish length data were

56



pooled across all years. The proportion of sheepshead tagged per 4 cm lengjtwiais (

calculated from these data such that:

o —2 (4)

where"Yj was the number of sheepshead tagged inyaad length binh and™Y was the total

number of sheepshead tagged in yed smoother was applied across the resulting proportion

data using the following centrally weightegpbint moving aveage:

Ya € Eh : (5

The smoothed length composition of the total catch per year and length pinvéas then

estimated as:

Yo €N . Ya €D 6, (6)

whered was the total catch numbers of sheepshead per year.

A dataset, derived from MRIBbservations, of the numbers of the southeast Atlantic
coast sheepshead harvested per year and 4 cm length bin (TL) was used as the harvested length

compositionsOp). A smoother was applied to the proportions, as described above, and the

numbers ofecreational discards per year and length Bi were then estimated as:
Op Yo e8XD ;, "Ya &0y, (7)

In some instances, this produced length bins with negative discard values. The negative values

were truncated to zero, and the dataset for each year was then rescaled theratgmal
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MRIP-derived total number of discards per year. The number of unique angler identifications per

year was used as a measure of effective sample size.

There was some potential for bias as the inadequate sample size may affect whether the
distribution of the sizes at initial tagging were representative of the total population. Tagging was
only performed by South Carolina anglers and the assumption that the sizes of sheepshead
available to anglers is uniform across states, and that anglersteattinta similar manner (i.e.,
uniform selectivity for total catch) may not be valid. Additionally, length measurements of
tagged sheepshead were performed by numerous anglers with varying degrees of accuracy and/or

precision.

Estimates of discards fromehecreational fishery were acquired from MRIP and a
mortality rate of 11% was applied to discard estimates based on-anadyais by Bartholomew

and Bohnsack (2005).

Commercial landings and corresponding expanded length composition data was acquired
from the NCDMF Trip Ticket Program (NCTTP) and the Florida Wildlife Conservation
Commission (FWCC) Marine Fisheries Information System Trip Ticket Program. Information
on commercial discards has not typically been collected as part of these programspfsinescke
and therefore, were not included in the integrated assessment model as they did not represent a
substantial proportion of the catch. Due to differences in selectivity for the North Carolina pound
net fishery compared to the other commercial geavgthNCarolina commercial fisheries were
assigned as either pound net (ANC Comm Pound?o
commer ci al fishery (AFL Commdo) was maintained
changes in 1996, for any integratedessment model that included years prior to the regulation

changes in 1996, the Florida commercial fleet selectivity was assigned a selectivity time block
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for years prior to 1996 to account for differences in selectivity. This is consistent with the
previausly published assessméhtunyandorero et al. 201ahd was only applied to the
coastwide model as the southern region models start year was in 1997 when the first relative

abundance index began.

Growthmodeling

Weightat-length
Biological cata wasnodeledassexaggregate@ndstateaggregatedor the weightat-

lengthrelationshipandmodeling was performed using rbnear least squares as:
®w ®20, 8

wherew and0 werethe weight (g) and length (mm) of individualrespectivelyanda andb

wereestimated parameters.

Hierarchical model
Growth rate parametergere modele@ds sexaggregated and stagpecificusingVB

growthfollowing methods from Mathes et al. (20243

wherej indexes th¢" subpopulation(i.e., state)Ls wasthe asymptotic length (cm) at which

growth is zeroK wasthe annual growth coefficient (Y, to represergthetheoretical agevhen

0 O p QwNU 0 Of A@Dg; h 9)

- RR* 0 T, (10

the average fish had a length of zarcndt; werethe length and age of each individual

respectively. A log normalistribution was assumed for the observed individual lebgth
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A Bayesian hierarchical model was used to estimate growth parameters with priors for
(Ls ,, Kj, andtoj) in the VB model that were hierarchically structured. Growth parameters were
assuned to vary across stfippulations but were constant over time. The logarithm of sub
populationspecific parameteiss , andKj were assumed to follow a multivariate normal
distribution MVN) andtoj was assumed to be normally distributed which, was cibexdrby

populationaverage parameters:
R, (11)

o 0 oh (12

wherel , 0, anddl are populatioraverage parameters with a unifdyrdistributed priot The

standard deviation alsohaduniformly distributedprior. Thet represents the variance

covariance matrix modeled with an invei&&shart distribution (Gelman and Hill 2007):

g & " E ey
L - (13
[ ~ I
L) € =E LI ¥
ue E . . U

where, . and, j are standard deviation$ In(Lp) and InK) across supopulations and

represent spatial variability in growth=  1J;é was the covariance of ling) and InK) across
subpopulations. To improve model convergence gitrenpotential fonegativecorrelaton in
Lp andK in the VB model, we jointly modeled these two parameters with a negative correlation

(Jensen 199Kimura 2008; Midway et al. 2015 illing et al. 2002

The posterior distributiwereobtained through the Metropolidasting algorithm using

Markov Chain Monte Carlo (MCMC) simulation (Hilborn et al. 1994; Hoff 2009). Three
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concurrent chains were run with aatbof 100,000 iterations for each chain. The first 70,000
iterations were discarded as bunrand every Q" of the remaining samples from each chain
were kept for analysis. THgayesian analysis was implemented usiAGS (Version 4.3).
Convergence was verified by examination of diagnostic plots and BfeelksanRubin statistic

close to 1(Brooks and Gelman 1998)

Mixture model

The hierarchical model described above enables comparison e$ptaiéc growth rates
to those provided bpdams et al. (2018keeVital ratesabove); however, the latitudinal
gradient observed previoustyggests the possibility afeaspecific growth trajectories possibly
due to spatial heterogeneity in environmental processedeasity dependendérancis 2016;
Lorenzen et al. 2016; Matthias et al. 2016; Shertzal. @017; Conover 1990a; Conover 1990b)
Also, the available biological data ftite coastwide Atlantic sheepshead displayed considerable
variation in lengthat-age. For example, sheepshead at age 1 ranged from 7.1 cm to 55.3 cm TL.
Furthermore, theehgthatage data suggests differences in growth parameters by area within an
individual state. Florida lengtht-age data indicated differences in growth between Atlantic
sheepshead sampled from the southern stratum from those sampled in the two stoatiaérn
both sexeg¢Figure2.8). This variability suggested that state was not an appropriate grouping
variable as the breakpoint between growth trajectories may not lie along state boundaries and

instead, may bktitudinally based.

Thus in order to testhe latitudinal gradient rel@nshipfurther without constraints by
management unit boundarjggowth morphs were identifiday fitting a mixture model
following methods outlined iBhertzer et al. (2017]his unsupervised classification of growth

morphs was performed usingayesian structutemixture modelwith the assumption that there
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were two morphs in thpopulation. We then fit the mixture model to assign growth morphs to
the lengthat-age datandthenevaluated the twonorph assumption by usingwso-by-two

contingency table of morphy-areawith a chisquaredestfor significance.

We assumed thatbserved lengthaereproduced frona mixture of two growth morphs

and the expected length § ) at aget) and growth morphn{) followed aVB growth equation

as:
0 Opfp p Q h, (14)
with parameters defined as above. The multinomially distributed latent (i.e., unobservable)

variablez; identified the morph assignment of fishs
O @00t ¢ LA (15)
with _ indicatingthe probability of assignment to a specdiowth morphand following a
Dirichlet distribution with_ and_ summing to oneHyperprior random variablgs and|
with gamma distributionsyere used to implicitlynodel the Dirichlet distributiaswith the

relationship:
(16)

with j indexing the morphvariability of lengthat-age by a normal distributiofor each morph

was modeled by:

(bS.DDFﬂ)X 6 GF] FL ’ (17)
with P characterizing thenorphspecific parameter$)(; 0 60 h, ) with uninformative

priors (uniformly distributed) on each parametpart frommaximum boundaries fahe priors

to ensureZ; would be identifiable as:
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0 7 Y& QB DD px YE DD  h (18)
thereby ensuringd  would be greater thain | .

The posterior distributions were obtained through the Metroptaising algorithm using
Markov Chain Monte Carlo (MCMC) simulation (Hilborn et al. 1994; Hoff 2009). Three
concurrent chains were run with a total76f000 iterations for each chain. The fit6;000
iterations were discarded as bunrand eveng™ of the remaining samples from each chain were
kept for analysis. The Bayesian analysis was implemented using JAGS (Version 4.0.5).
Convergence was verified by examinatiord@gnostic plots and BrookSelmanRubin statistic

close to 1I(Brooks and Gelman 1998)

Simulationestimation experiment

Overview
The potential for differences in vital rates over the spatial extent to vastly impact the

stock assessmerdsults was investigatedrough a simulation study conceptual overview of

the basic steps taken for the simulation study process are represdfitpda?.9.

Operating model development
Population dynamics were estimated for two selected management unitStaosikg

Synthesisrersion 3(SS3J to construct the underlying t r pogulation North Carolina and

Florida were chosen as the management units to be modeled as they comprigerifyeofritae
removals Figure2.4), have differing growth parametgfiSigure2.6, Adams et al. 2018)
representing the spieam of spatial heterogenejtgnd due to the distance between them, they
would be expected to have very low exchange of larval dispersion that could logadized
recruitment SS3 was fit to the actual daththese two states and the estimated parameters were

used to develop the underlying population.
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Data inputs for each stafier SS3consisted of fisherndependent surveys, lenggirage
compositions, length compositions, catch, and discards from 12898 €A catch per unit
effort (CPUE) index was included for Florida as was used in the most recent published
assessmerfMunyandorero et al. 2017pelectivity parameters were estimated externally using
input length frequency data and used as priors for estimation within the integrated SS3 model.
Steepness, standard deviation ofuément deviations,( ), weightat-length, maturityand
fecundityparameters were all fixed within SS3 at values fMunyandorero et al. (2017Age-
constanM was fixed within SS3 usintpeHamel and Cope (202&)axage(Tmax) based
estimator The growth parameters were estimated extermdtly the hierarchical Bayesian
model described aboyseeHierarchical mode)l usingcorrespondindength-atagedatafor
coastwide estimates or appropriate state level estimbtesed on the scenario. Beeestimated
growth parameters wegather fixed omused as pors forestimaion within SS3conditioned on

the scenario.

The operating model wakendevelopedn a similar manner as tlogerating model from
the R packages3sim(Anderson et al. 2014)om assessment modelskibrida and North
Carolina modeled i8S3 separately using input data as described above to genez&8sB,
recruitment, and exploitatiomhesederived quantities were generated by fitting the SS3 model
to the observed data with growth and natural mortéikgd at the externt estimatée values
Recruitment was modelaging theBevertonHolt spawneitrecruitfunctional relationship to
SSB and a deviation vectdrhesestates pe c i f i ¢ \Werertherecombined todoersthe
A c omb i nealdestepresenting the coadtle population Thebootstrap function in SS3

was utilized to simulate 100 datasets fribva operating model.
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Estimation method
SS3 with coaswide configurations was used as the estimation model. Therefmte pé

the simulated data setsforNoflar ol i na and FIl ori da wewiedemer ged
data setassuming therevzasno spatial heterogeneignd then population dynamiegere

estimated with SS3 to provide coagtle estimates which were compared to the combined true

values Relativebias was calculated between the combinedvaligesand the coaswide

estimateswhich would quantify the impacts of ignoring spatial heterogeneity on assessment

results

Scenarios
The simulatiorestimation experimeribllowed six scenariogocusing orhow M

and growthwere parameterized in simulating the underlying true populations and assumed in the
coastwide estimadr (Table2.2). In the first scenario, both the true population and the coast

wide estimator would be developed assuming a fixed, -wadst value for growth however, for

the true populationyl was fixed to a level appropriate for that staiéfor the coastide

estimator,M was fixed to a coastide value. It was hypothesized that this scenario would be

mis-specified only inM.

In the second scenario, both the true population and thewmbesestimator would be
developed assuming a fixed, coastle value forM however for the true populatiorgrowth
wasfixed at a level appropriate for the stat&lfor the coastvide estimatgrgrowth was
estimated by SS&ssuming there is no spatial heterogendtityas hypothesized that this
scenario would benis-specified only in growth parametesisice the operating model would
accuratelymodelthe distinctgrowth patterns othe two areas whereas, the ceagte estimator

would effectively beassuming that there was only one growth pattern over the two areas
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In thethird scenariosimilarly to scenario Ifpr thetrue populationM was fixed to a
level appropriate for that staé@d for the coastide estimatorM was fixed to a coastide
value.Growth wasdealt with in the same manner as in scenario 2 efoethe true population,
growth was fixed at a level appropriate for the state and for the waesestimator, growth was
estimated by SS3 assuming there is no spatial heterogdheitis hypothesized that this

scenario would be mispecified in bottM and growth

In the remaining three scenarios, the true population was simulated assumWatitat
growth parameters were argpecific, and the estimation models were configured with the aim

of explicitly accounting for the differences Wi and growth between the two areas.

In the fourth scenario, we assuntea growth patterns to accommodate modeling the
areaspecificM and growth parameters jointhp that the coastide estimator would be
consistent withlthe true populationEach growth pattern allows for the specificatioipf
growth, andassociatedecruitment distribution apportionmeiitarameters favl and growth
were specifiedi.e., fixed)at the areapecific values for the coagtide estimatarFor this
scenario, SSB was calculated by growth patteactruitment distributio@pportionment was

estimatecandconfigured to beéime-varyingin the estimation model

In the fifth scenario, a twarea model was implementedth separate growth patterns
for each area. Growth patterns were parameterized in the sanaes wathe fourth scenario
except the growth patterns were assigned to separatetdogasver, unlike the fourth scenario,
input data(i.e., catches, indices, size compositions, @nmtlitionallength-atage compositions
wereappropriately assigned to thesa with theorresponding growth patterRecruitment

distribution apportionment was dealt with in the same way as in the faariars.
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The sixth scenario was identical to fifth scenariowith the exception thahe
recruitment distribution apportionment waanfigured to be timeonstant and fixed at values
informed by the relative spawning stock biomass from the true papula@tie true recruitment
distribution apportionment may have been maweuratty modekd as timevarying since the
two stocks were simulated independently but, for this experiment, it was speciiiee-as

constant

Integratedassessment

Early surplus prduction models (Schaefer 1954) had only a few parameters and used
catch and relative abundance to estimate stock abundance and maximum sustainable yield
(MSY). Age structured models (Pope 1972; Laurec and Shepherd 1983) were later developed
that recreatethe abundance for each age. A key component of #ggsstructurednodels was
the relationship between spawning stock biomass and recruitment to estimate productivity.
Another approach termed integrated analysis (Fournier and Archibald 1982) draVidgly
flexible approach to modeling population dynamicsriggrating acrossultiple data sources.
SSa3is a highly developed integrated statistical cathge model with an extensive history and
has been used in stock assessments around the(Metliot and Wetzel 2013Yhis forward
projecting, lengtkbased, agstructured model affords extensive flekityiin incorporating
various data types including fishery catch, discards, catch per unit effort (CPUE), effort, survey
relative abundance, length composition, age composition, weight composition, -a#addaiyire

data SS3 wasselectedor use in assesg) southeast Atlantic shespead.

Due todifferences in spatial synchrony in survey derived relative abundance indices (see
Chapter ) and the latitudinal gradient in |Heistory parametersve chose to model the

metapopulation by separating the stodk inorthern and southern regioscoastwide model
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would likely provide biased estimates since it would not account for spatial heterogeneity;

however, we developed a coagtle model for comparison with the regional models

One challenge to this approach was to determine wheligitte the stoclbetween these
two regionsAs demonstrated i@hapter 1 abundance indices derived from North Carolina and
South Carolina were synchronous with each other but asynchronous wittaabeimdices
from Florida. Growth parameters estimated frAdams et al. (201&igure2.6) indicated that
the South Carolina mediaestimate folLp wasmore similar td\North Carolinathan Florida
Therefore, South Carolireould beincludedwith North Carolina and Virginia in theorthern
region however, there were no survey data from Georgia to inform stock dynamics and relative
abundance trends for comparison with other states. Furthermore, avaitaklieecapturedata
and previousnark-recaptue studies (se&tock structurgindicated very few latitudinal
migrations to inform stock dispersal. Consequently, aliysowvo matrix ofintegrated
assessmernmnodel scenarios were developed to test whether inclig@aggia with either the
northernor soutlernregion would impact the overall results. These four models were developed
asfollows: t h e ofmédelaomtdinthgo nl y F I or i dth GAOt hreocdiisStimgu t h wii
ofFIl ori da and Geor A0 amowitehllahe stdtes extept fomFlotida, ar@ the

ANorth wWdo trhadmplisi® ofSouth Carolina, North Carolina, and Virginia.

The integrated assessment models were strucideatcallyto make them more
comparableand we started with the simplest model and added complexity as appropriate.
Modelling was structured as saggregated withhie start yeaasthe first year when a survey
derived relative abundance index veamilable (i.e., 19Bfor the southerrregion,1994 forthe
northernregion, and 1994 for the coastwide mQdeth aterminal yeaiof 2019.No seasonal

component was implemented howevetative abundance indices were standard{zed
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Chapter ) as spmg and autumn with the exception of indices developed from Florida survey

data to mirror methods used in the last published asses@vhemtandorero et al. 2017)

Spawning occurred in January and a surplus age group was assigned as age 15+ (i.e., when most
sheepshead were closelis). Each model included rezationallandingsand discards

commercial catchi.g., Florida and North Carolinavailable at
https://www.st.nmfs.noaa.gov/commereisheries/commercidiandings), relative abundance

indices, corresponding length compositions, emaditionallengthrat-age compositions.

Each model was parameterized with identical methods to ensure the comparathity of
four scenariogseeAppendix BChapter 2 Supplementary Materi@r model parameter tables)
Each model was configured with no stock recruitment relationshipmidtial equilibrium
fishing mortality(F). Length-based, logistic selectivity was implemented for all flegtd MRIP
discards were entered as total didsavith a discard mortality selectivity vectéwge-specificM
(Lorenzen, 1996yvas fixedin the SS3 modealsingmorphspecific growth estimates from the
mixture model analyss and scaled to Bnaxbased estimator bilamel and Cope (2022t0.135
(Tmax= 40) and 0.216Tnax= 25)for the northern and southern region models, respectikghr
specificM in SS3 requires a selected age to forcd_threnzenM-at-agecurve to pass through a
reference ageAge threewas selected for this assessmesitvas done in the most recent
sheepshead assessment in FlofMdanyandorero etlg 2017) A sensitivity analysis was
performed to determine if applying the agenstantM in place ofthe agespecificM would

impact the stock status results.

Growth played an important role in developing the integrated assessiméeisand
based onthemixture modehlnalyss, if it was appropriate to model multiple growth morphs for

a given integrated assessment model (i.e., the Bayesian mixturecondetgedand the chi
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square test was significant for 18t Y then multiple growth patterns were utilized in the
integrated assessment madéultiple growth patterns in SS3 divide the stock witbrph
specific growth parameters], maturity, and fecundityparametersis well as recruitment
distribution apportionmergarametersGrowth parameters wefiged atmorphspecificvVB

parameter estimates from timexture modelnaly®s (seeMixture mode).

At the beginnig of each time step when recruitment occurs, SS3 assigns the proportion of
ageO recruits to each growth morph based on parameters for recruitment distribution
proportions. The initial and prior values for recruitment distribution proportions were sétequa
the estimated proportiors dimorphic growthifrom themixture modeknalygs and were then

estimated within the model.

A vector of maturityatagewasinput by averaging thestimated femaland malematurity
schedule from McDonough et al(2011). Tlese estimates weselected based dhe
methodology employed (i.e., histology) aheé sample sizan the analyse@males n=1,968,

females n=1,868).

Length and age compositions were weighted usingRtancis, 2011)uningmethod
which uses the fit of observed and expected length and aggosdions tacompute the
effective sample size by ensuring the arithmetic mean of the input sample size was equal to the
harmonic mean of the effective sample gidethot et al. 2020)A retrospective bias analysis
was conductedn each moddb identify possible retrospective bias caused by-trarging

population dynamics processes that are unaccounted for in the (8pdefalski et al., 2018)
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Results

Growth
The weightatlengthgrowth analysigesults (n=10,39(igure2.10) indicated thea and
b parameters for Atlantic sheepshead were estimate®@-Q5 (standard errorSE=6.18E07)

and 3.® (SE=7.07E03).

Hierarchical model

The lengthatagegrowth anaysisby stateresults demonstrat®rsiderable differences
betweerstates for the von Bertalanffy growth parameter estimatggyre2.11 Figure2.12, see
Appendix Bor table of estimat@sA discerniblepatterndemonstragd a latitudinal gradientor
Lp, K, andto with a northern/southern division indicatiegthe medianparameteestimatesFor
example, the parameteifsandto for Florida and Georgia wef@0.229a n d-1.29, respectively
and for South Carolina, North Carolina, and Virginia the estimatdé émdtowe r e O 0. 27 6 a
0-0.373, respectivelyThe estimates ofp showed that Georgia was more similar to the northern
states than Florida with estimates from north
estimate folLp of 462 mm.However, based dtie posterior distributions and estimated
confidence intervals, théB parameter estimates from Georgia indicated a higher degree of
uncertainty and, since the otoliths readings from Georgia were not verified by a second reader,

they maynot beadequatelyepresentative of the population.

Mixture model
For the growth morph analyses results,ghfmvth morph with the highdrp will be
referred to as morph 1 and the growth morph with the lawers morph 2Themixture model
analyss results for the southern regi@figure2.13; Table2.4) indicated two growth morphs

with 45.2%6 of the data points assignednmrphl and 54.8%0 morph 2 for the Florida model
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and 54.2% o morph 1 and 45.8%® morph 2 for the South with GA modehich, indicated a
higher proportion oflata were associatedth ahigherLp in the South with GA model

compared to the Florida model.

The northern regiofFigure2.14; Table2.4) indicatedtwo morphs for the North with GA
model with 90.2%of the data assigned toorph 1 and 9.8% morph 2 however, the North
without GA model indicated only one morph as the-twarphmixture model did not converge
and the chsquare test was not significant. The -wnerph mixture model for the North without
GA did have convergence griike the otheiintegratedmodels, the/B parameter estimates
were used as initial values and priarghe integrated assessment madelell as in developing
estimates oM for input into the assessment madéiese results indicatedvary high
proportion of the daté> 90%)were associated withhigherLp for the northern region model.
Thecoastwide analysi@-igure2.15; Table2.4) indicatedtwo morphs with79.4% of the data
points assigned to morph 1 and 20.6% to morphd@similar to the northern region model, the
larger proportion of the data points were associatedthéiigheiLs however, not to such a

high proportion as theanthern region model.

The estimates dp for morph 2 for the North with GA model and the coastwide model
were exceptionally low, possibly due to the mixtore d einalilisy to distinguish between

growth morphs at the younger ages to informtglparameter.

Simulationanalysis

The resulting estimates of SSB, recruitment, and exploitatereportedas mean
relative bias'Y g Figure2.16). For the first scenariga misspecification irM resulted in the
underestimation of SSB36.7%) and recruitmen{-59.6%)and the overestimation of

exploitation rat€75.8%) Converselythe misspecification of growth the second scenario
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indicated the overestimation of both SGB.6%)and recruitmenf27.4%)and the
underestimation oéxploitation ratg-29.7%) Theseopposing effects resulted in less relative
biaswhen bothM and growthwere misspecifiednithe third scenariavith the overestimatiorof
SSB(28.7%) theunderestimatiof recruitment(-36.6%) andvery lowrelative bias for

exploitation rat€1.93%)

In the fourth scenario, thaultiple growth morphsvith time-varyingrecruitment
distributionapportionmenestimatedvithin SS3resulted in the overestimation 86B(82.6%
Figure2.16), the underestimation @xploitation rate-£9.3), andecruitment showed very low
relative bias (2.01%). By specifying aaPea modein the fifth scenariavith multiple growth
patterns antime-varying recruitment distributioapportionmenéestimated within SS3, the
relative bias persisted withverestimation 06SB(68.3%)and recruitmen{55.5%) and the
underestimation of exploitation ratel {.2%).The most optimal results weaequiredn the
sixth scenario whichwas identical to the-area model in the fifth scenamxcept forhaving
recruitment distribution apportionment informed by the operating model and fixed within SS3.
The sixth scenaricesulted in theinderestimation of SSB10.2%) and recruitment0.1%) and

the overestimation of exploitation rate (14.5%).

Integratedassessment

Age-specificM (Lorenzen, 1996Jlerived from the morplpecific growth estimates from
the mixture model analyses and scaled Taabased estimatandicatedlarger difference
between growth pattern specifitin the southern region compared to the northern region and

the coastwide modeF{gure2.17).

The integrated assessmembdeling resultprovidedsuitable estimates of SSB,

recruitment, andr as evidenced by the fits to the input data, estimated selectivity curves,
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predicted numberat-age,parameter estimates, and retrospective dmady€s result{see

Appendix BObased on the rulef-thumbfor acceptable retrospectitéasprovided byHurtadoe

Ferro et al. (2015)All models converged with a gradiemtf 1E€ and a positive definite
hessianThere were a parameters close the preseboundaries exceptthe initial equilibriumF
parameters for theommerciaffisherieswere approaching the lower boundafrhis was not an
unexpected result as the recreational fishery was substantially larger than the commercial
fisheriesand they would be expected to be relatively low by comparisign, the recruitment
distribution apportionmenparameters$or the coastwide model were hitting the upper bound
(0.99) for growth pattern one and the lower bound for growth pattern two (0.01). This could be

indicative ofSS3attempting to reconcile some misspecficaiiothe assessemt model

The respective estimatesmbrph 1 to morph 2ecruitment distribution proportiorier
theFlorida and South with GAodel respectivelywere estimated &2.3%6 to47.7%6 and
56.1% to43.96 which indicated that a higher proportionfafh were associated with a higher
Le in the South with GA modelhereaswith the Florida modela higher proportion was
associated with a lowé. These results are consistent with thigture modebnalyss above

(seeMixture model.

Estimates of throughout thesouthern moddime-series indicated a slightly increasing
trendwhich, was more pronounced between 2@irough 2019Figure2.18). TheFlorida and
South with GA respective me&s were 0.655(range0.0369-0.0973 and 0.@55 (range
0.08390 0.130). The Floridaand South with GAnodek respectiveestimatederminal year
fishing mortalites (F2019) of 0.0638and 0.0883verebelow the 40%spawning potential ratio

(Fspriow) based reference poguf 0.135and 0.148s werethe estimates d¥: for the entire
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time-series Based on the results and the selected reference pghat&pridaand South with

GA modekindicated thabverfishing was not occurring the terminal year

Theestimates 06SB and recruitmetfior the southern modshoweda decreasing trend
over time with a more noticeable decline from 204 2019(Figure2.18). TheFlorida and
South with GArespective mean SSBsnmetic tons(MT; note that all SSB values are reported
in MT hereaftey were indicated a$6,200 (rangel1,60019,10Q and17,700 (rangell,100-
20,000) and respective mean recruitmasi7,500 (ranges,730-31,000) and 6,100 (range
7,460-28,400). Themodels estimated consistently lowecruitment from 2014hrough2019 K
20,000)providing evidence that thearked decline in SSB from 2810 2019was partiallydue
to a lack of strong recruitment the last 5 yearof the timeseries The FloridaandSouth with
GA modek respectiveestimats of SSBo190f 11,600 and 11,10Qvereabovethe SSBspraow0f
8,190 and 9,190Based on the results and the selected reference pgbmEpridaand South
with GA modek indicated that the southern region steasuld be considered not overfishied

the terminal year

The respective estimates of morph 1 to morph 2 recruitment distribution proportions for
theNorth with GA modelwere estimated &7.3% t02.54% and the Nott without GA model
was developed with only a single growth pattern based on the criteria desciiegjiated
assessmenihe northern regiomdicated that anuchhigher proportion of fish were associated
with a higherLp (  97.5% for both modelsY.hese results are consistent with the mixture model

analysis above (sédixture mode).

Estimates of throughout the northemegionmodel timeseries indicated stabletrend
(Figure2.19) except from 2000 and 2001 whéfencreased above 0.2 for both moddlke

North with GAandNorth without GA respectiveestimates oF2o10were0.0657and0.0946
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which, were below theelected reference poirtiswever the estimates oF: in 2000 and 2001 in
the North with GA model were estimated ab&¢ers0%(0.140)and30.8%of the timeseries
wasaboveFspra40%(0.0981) The North without GA model indicate8#.6% of tle timeseriesF
estimates were aboWeprr3o%(0.138)and61.5% of the timeseriesk; estimates were above
Fsprao%(0.0976) The North with GA meaf over the timeserieswas 0.0928 (range 0.0449
0.233) which, was just below tk&pr40% The North without GA meak was 0.133 (range
0.06230.403) which, was above tepr40% Based on the model results and the selected
reference pointghe North with GA and North without GAodels indicated thatverfishing

was not occurring in theorthern regionn the terminal year

The estimates of SS#Br the northern modehdicateda declining trend until 200&hen
the North with GA and North without GA respective SSB estimates w86® and 1,620 which,
were below theespectiveestimates of SSd3rsoo 0f 4,450 and 2,84(Figure2.19). After 2002,
SSB in the northern region showediacreasing trend throughout the remainder of the-time
seriesand climbed to estimated values of 12,900 and Gy72019for North with GA aml North
without GA, respectivelyThe respective mean SSB for North with GA and North without GA
were 7,58(range 3,86€12,900)and 3,90(range 1,6265,720)which, like SSBo19 Were above
the respective SSBraowvalues of 5,930 and 3,790he estimatesf recruitment showed
relatively stablérendwith strongerrecruitment events occurring after@0for the North with
GA model and after 2000 for the North without GA matthalt contribute to the increasing trend
in SSB after 2002The North with GA and North without GAespective mearecruitmentwvere
indicated as8,53 (range709-11,200) and2,430 (range341-7,93)). Based on the results and the
selected reference points, therthernstock would be considered not overfismedhe ternnal

year
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The estimate of morph 1 to morph 2 recruitment distribution propdiictie coastwide
modelwas estimated &88.6% to4.4% which similar to the northern region modeldicated
that amuchhigher proportion of fish were associated withigherLp. These results wereot
consistent with the results from theastwidemixture modelanalysis which estimated a ratio of

79.4% to 20.6% recruitment distribution proportion for morph 1 to morph 2

Estimates of throughout theoastwidemodel timeseries indicated marked decline
from 1995 to 199@nd then stable trendvith some variability throughout the remainder of the
time-seriegFigure2.20). The meark wasestimated as 007 (range0.0675-0.227) which,was
below Fsprzo%0f 0.134 and abovEspraox0f 0.0943 In 1994, 1995, and 201B; was above
Fsprao%and57.7% of the timeseries were abovésprao% The Fao10estimateof 0.101wasabove
Fspraonand belowFsprsos Based on the model results and 8RR reference point
overfishing was not occurring the terminal yeafor the Atlantic coastwide stodiowever,

based on the SRR reference point, overfishingasoccurringin the terminal year

The estimates of SSB for tikeastwidemodel indicatea slightlydeclining trend from
1994 to 1996 witlan SSBogs0f 11,700 which, was below SSkzo%0f 13,800(Figure2.20).
Then SSB slowly increasenhtil 2016when SSB wag1,500andabove SSBrrao%0f 18,400.
From 2016 until the terminal year, SSB slightlgaasedo an SSBoigof 19,300yet, remaining
above SSBrrao% The mearSSBof 17,800 was abov8SEspraonand below SSErraow The
estimates of SSB weteelow SSBspraowfor 46.26 of the timeseries andbelow SSBprsowfor
15.4% of the timeseries.The estimates of recruitment showed relatively stable recruitnmgiht
2012 when recruitment begins to indicate an overall decBased on the model results and the
selected reference points, tttantic coastwidestock would be considered not overfishiecthe

terminal year
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The sensitivity analyes results indicatethatthe stock status regardifkgwould be
unchangedi.e., overfishing was not occurrintpr the Florida(Figure2.21), South with GA, and
North with GA (Figure2.22) models. However, for the North without GA modelgiefrom the
ageconstantM model wa€.111which, exceeded thEspraow(0.0948)indicating that
overfishing was occurring based Bgrraoviwhereas, the aggpecificM model previously had
not For the coastwidemodel(Figure2.23), F2010from the ageconstan™M modelwas0.130
which, exceeded thEsprox (0.129)indicating that overfishing was occurring based~epr30%
whereas, the aggpecificM modelindicated thabverfishing was occurring based solely on

FsPraow

The stock status regarding S8R., not overfishedyvould be unchanged for the Florida
(Figure2.24), South with GA North with GA(Figure2.25), and North without GA models.
However, br thecoastwidemodel(Figure2.26), SSBo1g9from the ageconstan™M model of
15,100was lower than th8 SBspra0%(19,400)indicating that the stock was overfished based on

the SSBrraowwhereas, the aggpecificM modelindicated that the stock was not overfished.

Discussion

Growth

The latitudinal gradient in von Bertalanffy paramefersAtlantic sheepsheashown in
this study(seeHierarchical model is consistent with the findings of Adams et al. (20d8well
as other marine species with latitudinal gradients (DenitSamhaugle 2004nd should be
considered when identifying the stock ui@adrin 2020 Punt, 2019Jor stock assessmerithe
dimorphic growth has been demonstrgtgeeMixture model to varying degrees within the
metapopulation at various scales as indicated by dimorphic growth within an individual

management unit (i.e., Florida), within regions, as well as coastwide.
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The dmorphic growthpatterns folloveda latitudinal gradient with more pronounced
dimorphic growth in the more southerly statiesthe southern region, the percentage of each
morph is approximately 50% however, in the northern region, the relative proportion of morphs
indicated approximately a 90% to 10% ratio and a 100% to 0% ratio for theotthrnspatial
structuresUnaccaunted for \ariationin growth carhave magnified effects on integrated
assessment results since growth also impestimates ohgespecificM, subsequently resulting
in biazedestimates of biomass, exploitation, and recruitm@fg demonstrated through
simulation thatthe msspecification of gpwth parametersaused the overestimation of SSB and
recruitment and the underestimatiorFofvhich, can result in a management strategy that would
lead to overexploitation of the populatid@@onversely, thenisspedication of M caused the
underestimation of SSB and recruitment and the overestimati®mbich, can result in a
management strategy that would underutilize the resoMiisspecification of both growth and
M also resulted in biasl estimateghat would likely lead to overexploitatioRrom a riskaverse
standpoint, this suggests that misspecifying growth would have more determinantal results to

ensuring healthy and sustainable fisheries.

Assessingand managing metapopulation with spatiotenal heterogeneity cabe
difficult due tocomplexty caused byariation in vital ratesind localized depletiofPunt, 2019)
The areasasfleets approach has been usedtiwdelspatial variation in agena size
compositionfrom removals(Punt, 2019}hereby,implicitly accounting forocalized depletiom
the assessment modeit, this approactioes not address variation in vital raféise difficulty in
dealing with growth variation within an assessment can be reduced by incorporating multiple
growth patterns however, recruitment distribution apportionment needs to be considered to

ensure appropriate numbers at age modeledor each growth pattern. lHewe used a mixture
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model to estimate growth parameters for each growth patterth@amesulting proportion of fish
in each morph assignment was used as a prior foetnaitment apportionment in the integrated
assessmenthis approach is effective in dealing with more localized variation however, more
regional variation in both growth amdl can bedealt with by developing regional assessments
and management strategiassuming there is little or no movement between regibiis has
been demonstrated as an effective stratedis research as well agth Atlantic red drum

(SEDAR, 2a5)and Southern floundd€Lee et al., 2018)

Variation ingrowth patternganbefurtherconsidered in the context séveral potential
processeand can impact the decisions made regarding how to appropriately model growth
variability in an integrated stock assessmErdncis (2016provides a desgstion of growth
variation by phenotypby suggesting that fagfrowers experience higher selectiityhen
selectivity is sizebased}Yhus, mean lengtht-age varies over time for a cohort however, fast
growth (i.e., higher values &B K) may be only one, among several, possible explanations for
variation in growthor mean lengttat-age, over timeavithin a cohortFurthermore, a population
consists of multiple cohorts and as fishing intensity varies by year, the meandeagthvaries

for the population.

As an alternative to fastgrowth, wecanconsidera hypotheticalscenaridbased orthe
assunption thateach uniquespawning eventriginates a lengtlatage distribution due to
inherent variation inthe offspring of individual spawnesrandamong a group of spawning
individuals spawning at a given location and tiff@&een 2008)We assumehat all individuals
are from the same population with identical growth parametiéhsno migration and therefore,
aresubject to the same environmerftadtorsand densitydependent changes in growth this

localized cohortlarger individualggrowing at the same rate as smaller individwadsild be
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subject to higher levels &f before smaller individualdue to sizebased selectivityTherefore,

the apparentlifferences irmean lengtkat-age over time for a coharbuld not be attributedo

variation in growth parameters kthe interaction of variability in size within a cohort eside

based selectivityThus, modeling multiple growth pattem®uld not be appropriatm this

scenario as the maximum likelihood methogsically used inanintegrated assessment are

designed to account for variability withinacohdértn S S3, model | i ng fApl at oo
segmentation of fish within a growth pattern into platothias arespawned at the same time but

represent the variability within a spawning event and these platxpesience different growth

trajectories while maintaining identical growth parametBraMethot, National Oceanic and

Atmospheric Administration (NOAA), penal communication 2021This allows the larger

platoons to experience an increased cumulative effect ebaied selectivity.

Another possible conceptualization of variation in growth within a cohort could be due to
multiple spawning events within among seasorsnd t hi s fis eR.Métlmtment spr e
NOAA, personal communication 20Q24ould alsobe expected toausdarger fish within a
cohortto experiene more severe sizeased- butlikely in amore pronouncethanner As
earlier born fish have a head start on their later born siblings, they have distinctly greater lengths
than their later born siblings and the cohort can appear to have multiple growth morphs even
thoughdimorphic growth may not accurately representioimgrterm growth pattern of the
cohort Settlement spreachn beappropriaty modeled (assuming the data is adequate) by
accounting fomultiple recruitments for a cohort in SS3 by establishing multiple recruitment
settlement&nd ensuring a small enoutiime-step tocapture changes in mean lengtrage over
time for each cohoifMethot et & 2020) One diagnostic to aid in determininglife variation in

growth is due to seasonal spawning evastspposed tdiffering growth parameters is thikte
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growth of thecohort shoulcconverggoward a commohp and thestandard deviation of letiy
at-age should decline as the cohort agjase settlement spread will be the most severe during

early ages when growth rates are the higfiesMethot, NOAA, personal communication 2021

Francis (2016) offerthealternative explanatioto sizebased selectivitjor variation in
mean lengthat-ageof environmental variation and densdgpendent effect3hese processes
canexhibit spatial heterogeneity in a mgtapulationand their effect owital rates such as
growthandM can substarally impact stock assessment outcontast (2019suggests that
biological parameters such klsand growthare not typically modeled to differ spatiadycept
for Kerr et al. (201%who conducte@ simulationstudy to compare modeling the management
unit to modeling the biological unit which, demonstrated that modeling the management unit
gave overly optimistic outcomes for Atlantic Cofi New Englancdcompared to the biological

unit.

Spatial and temporal differences in remowetsrtingvaryinglevels of fishing pressure
with lengthbased selectivithetween management unilike those indicated by Atlantic
sheepshead (s&&shing), can further complicate thmodeling proces by impactindife-history
parameter¢Enberg et al 2012)ishinginduced evolution has been shown to impact growth
(Conover et al. 2009; Conover and Munch 2082yvell asM (Jgrgensen and Fiksen 20H0d
as shown byhte simulation study above (s8enulationanalysig, can impact stock assessment

derived quantities used for management decisions.

Integratedassessment
Sheepshead aeestructure associated species that exhilmitsly understoodeasonal
migration and their spawning and feeding behavibialsitatdriven Geneticalevidence

suggestda coastwide model would be appropriate for assessing Atkrggpshead as a single
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unit stock however, spatial heterogeneity &wpparentn the fishery dynamics, vital rates, and
size compositionMoreover the assumption that the population was weiked was violated by
the minimal mixing across management siihus, theravereseveral conflicting lines of
evidence supporting both a single stock assessmemaltigle independent subtock

assessments

Dividing the stock into regions was relatively straight forward with the exception of
Georgia. Virginia, North Carolina, and South Carolina share similar growth parameters (see
Hierarchical modéel and North Carolina surveys were synchronwit South Carolinaurveys
(Chapter ] yet,asynchronous with Floridd@he challenge of whether to include@giain the
northern or the southeregion proved to be difficult for multiple reasons. There was inadequate
information such as mankecapture data to inform movement patte8iwe compositions and
relative abundance indices were not available for inference of spatial synchrony inusizees
and abundance trends. For both regions, includiegr@ain the assessment gave less optimistic
results and affectegrowth andMVl rates which, also impact assessment resultsSiselation
analysi9. This underscores the importance of having adequate data to appropriately characterize
the spatial structures within and throughout the spatial exteatefore, we explored regional

models with anavithout Georgia and report a coastwide model for comparison.

The coastwide model indicated a stock status of overfishing may be occurring depending
on the selected reference point (i.e., &2Rr SPRo%) and the method d#l implemented (i.e,
ageconstant or agspecific) with stable levels ¢f since 1996 that fluctuate around #ra0%
reference point. Estimated SSB showed a steady incline for the majority of theeties
moving from below SS&rsou% in the beginning yars to above SSBrio%in SSBo1s However,

the coastwide estimates may not be as representative of each of the managenukrd tmits
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misspecificationn vital rates such as growtll, and recruitment distribution apportionment

indicated in this study éeSimulationanalysig and other studies (Adams et al. 2018).

Furthermore, our findings demonstrate how assessing a stock on a coastwide scale without
accounting for spatial heterogeneity may prevent the detection and characterization of localized
depletion within a region or single management uné (eapter ) related to seasonal and/or

spatial differences in removals (deishing) and spatially varying recruitment trendsis

becomes evident when considering that the SSB of the northern stock indicated an opposite trend
of the southern stock, which would not be detectable in a coastwide asse3$mgnt.was

appropriate and necessary to implement a regional strudtviging the metapopulation into

substocks and assessing each separatdhyis case

Theresults from the southern region indicated overfiskwmagnot occurringandthe
stock wasot overfishedhowever, both southern models indicated progressivelyehkghkince
2013which, coupled with a series of low recruitment events, resultdddlining SSB since
2010.The lower recruitment events after 2013 appear to be environmentally driven since the
SSB declines very slowly due to the increaBethereas theecruitment decline in 2014 is
dramatic This is further evidenced by the very low recruitment in 2003 while SSB was still
relatively high These results were similar to the most recent published Florida stock assessment
(Munyandorero et al. 201 hpwever, the magnitude of the estimates are not comparable due to
changes MRIP estimated catch methodology liseegratedassessmehtBoth the souther
regionmodels and the northern region modetficated low levels of uncertainty and could be
appropriate for management however, siteeFlorida Fish and Wildlife Conservation
Commission FWCC) has routinely performed formal stock assessments on stesabor

Florida inthe Atlantic and Gulf of Mexico stocKMunyandorero et al. 201,7/jor management

84



purposes we recommend the regional spatial structure with Georgia included in the northern
region and Floridaontinue to bessessed as a separate stock. Furthermemjggesthe
southern stock to amaged with caution akhe evidence indicatezbncerning trends in
relative abundance indiceSl{apter } and in assessment derived quantities ljstagrated

assessmepin the more recent years of the thseries

The northern region model indicated that the stock was not overfishbdth regional
structuresand the North with GA model indicated that overfishing was not occurring however,
the North without GA model indicated that overfishing was occutvasged on th&spraowwhen
the ageconstantM was appliedThis result may be of concesmce whether €axgiais included
in the region or not directly impacts the stock staius even thougBSBo19is well above
SSBspraoy this appears to dargelydue to strong recruitment events since 2012 that have aided
in the rebuilding of the stock since the ovdréd level of SSk1. We recommend the northern
stock to beassessed to include Georgia amahaged with cautiosince the integrated
assessment suggests the high fishing pressure has only been countered by strong recruitment
events. Recruitment is nobnly impacted by the magnitude of spawning stock biomass due to
densitydependence, it can also be impacted by unpredictable environmental @idedtush et

al., 2019)

As general guidance on how to deal with spatial vammain biological processes
assessmenive offer several suggestiotiat were applied in this stu@yd refer the reader to
Cadrin (20®) andPunt (2019¥or morecomprehensivstudies We recommenddentifying and
characteriing spatial structurdy framing the investigation inddogical realismand
investigading genetical evidence to describe genetic coherence throughout the spatial extent of

the populationSpatiotemporal movement patterns from rg&aptureshould beconsidered
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and spatial synchrorghould benferred using relative abundance indieesl/or length
compositionsSpatial variationn life-history parametershould be exploreldy characterizing
latitudinal gradients in vital rateRemoval dynamics and trends should be examined to explore

the potential for localized depletion.

One optiorto modeling a metapopulation with spatial variation in biological processes is
to developa multrarea spatial modélowever this requires areapecific data sources and
information on recruitment distribution apportionmefternatively, gatial variaton in
biological processes coupled with localized depletion and inadequate information-on area
specific recruitment as seen with Atlantic sheepshead were dealt with by dividing the
metapopulation into sustocks and assessed independehrtbwever, this gategy is only
possiblevhenmovemenbetween regions negligible. Here, we utilized SS® model multiple
growth patternsvith recruitment distribution apportionment estimatddch, aidedn
accounting fowariability in growth parameters withinsabstock We implemened multiple
growth patterns withitsS3 by externally estimatirdimorphic growth using mixture modsb

inform the dimorphic growth parameters.

We recommend further research be performed to fill gaps in data to inform population
spatial structure bgerforming areaspecific research in areas without information on movement
patterns, relative abundance indices, and length compositions. Thisdakgpaportant for
Georgia as this would help to distinguish boundaries between the tvgbosikis Additionally,
there is a lack of information on recruitment in the northern region and should be a focus of
further researchnd data collectiothat coutl have benefits for sheepshead and other similar

reetfish speciesWe also recommend further research on developing the apprdpakngical
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reference poirgt(seeTrijoulet et al. 2022 for guidance on M&ased reference poinias these

influence stoclstatus outcomes and subsequently, critically impact management decisions

Conclusion
The differing outcomes from tressessmemhodels presented in this studgn impact
management decisions aachphasize the importanceadcounting for spatial heterogsty in
stock assessmer8pecifically, accounting fdatitudinal gradientsn vital rates such as growth
andM, dimorphic growth within and among management units, and localegdtionand
subsequent relative abundarace crucial foldeveloping accurate estimatepivpulation trends
andshould be considereghirefullyto ensure the health and sustainability of important

recreational and commercial fislegalongthe southeasAtlantic coast.
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Tables

Table2.1 Length at 586 maturity (so) in fork length (FL) of female and male sheepshead.
Lengthbased von Bertalanffjvon Bertalanffy, 1938yrowth coeficient (k), asymptotic length
(Lp), theoretical age when average length equals rg@r@afd max ageltax) of sheepshead for
each state from FIl or i da 6 sgroathparanmeters listeccas ast t o
females/males. Sources: Florigdunyandorero et al. 201,7/Georgia(Fortuna et al.
(Unpublished)in McDonough et al. 201, 3South CarolingMcDonough et al. 2011)North
Carolina(NCDENR 2015NCDENR 202}, and Virginia(Liao et al. 209; J. Ballenger,
personal communicatic2019for Tmax).

Lso, Females/ Males

State (FL. mm) k (yr?) 4 (mm) to Tmax
FL > 354, 276 0.232 421.7 -2.019 25
GA > 282/ >393 0.218 498 18
SC 250 (both) 0.297 498 -1.10 23
NC 333(both) 29
VA 252/ 278 0.28, 0.31 556, 537 -0.90,-0.77 40
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Table2.2: Simulation analysis scenariéscusing on the parameterization of natural mortay &nd growth for two areas (i.e.,
Florida and North Carolina) combined in a singgimationmodel(EM) with various configuration® produce coaswide estimates
to compae with truevaluesfrom the operating model (OMAII parameters fixed unless spically defined as estimated.

M and growth parameterization

Scenario . True Population Coastwide Estimator , .
4 Scenario Name (OM) (EM) SS3 Configuration(EM)

1 Misspecification. ir areaspecificM coastwide M Singlearea and single growth patte
M coastwide growth coastwide growth

2 Misspecification. ir coastwideM coastwide M Single-area and single growth patte
growth areaspecific growth coastwide growth

(estimateql

3 Misspecification ir areaspecificM coastwide M Single-area and single growth patte

M and growth areaspecific growth coastwide growth
(estimated)
4 Growth morphs areaspecificM morphsasarea M Singlearea, two growtlpatterns, anc
areaspecific growth morphsasareaggrowth time-varying recruitment
apportionment estimated

5 2-areas areaspecificM areaspecificM 2-areas, two growth patterns (one

areaspecific growth areaspecific growth area), and tim@arying recruitment

apportionment estimatedreaspecific

input data

6 2-areas (true areaspecificM areaspecificM 2-areas, two growth patterns (one [

recruitment areaspecific growth areaspecific growth area), and timeonstant recruitment

distribution known apportionment fixed based on true

relative spawning stock biomass (frc
OM), areaspecific input data
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Table2.3: Heat map of numbers of tagged sheepshead by year and length bin (total I@ngth in
cm incrementsjrom the South Carolina Department Natural Resources (SCDIN#R)nteer
AnglerTagging Pogram

Year 10 14 18 22 26 30 34 38 42 46 50 54 58 62 66+ Totals
1994 2 11 58 176 123 125 24 19 9 3 3 0 2 0 0 555
1995 2 22199 319 113 96 48 54 27 11 6 4 1 1 0 902
1996 0 14 109 275 150 152 87 92 22 7 1 3 1 1 0 913
1997 0 10 74 133 64 98 69 97 53 14 11 2 1 0 0 626
1998 2 3 26 189 119 153 138 182 88 31 20 4 5 0 O 960
1999 0 1 22 91 104 95 81 98 69 90 44 32 7 1 0 734
2000 0 7 40 121 69 114 49 8 24 16 8 3 1 0 0 538
2000 0 0 1 7 64 122 55 41 18 15 6 4 0 0 0 333
2002 0 0 1 4 45 170 86 87 36 35 11 6 0 3 0 481
2003 0 0 2 0 9 26 32 46 17 13 5 4 0 0 0 154
2004 0 0 10 27 18 55 18 17 13 13 2 3 1 2 0 177
2006 0 0 O 1 2 32 4 13 3 4 0 210 0 62
2006 0 0 5 8 20 21 18 26 16 10 6 2 0 1 0 132
2007 0 0 O 6 6 65 18 40 14 11 6 2 1 1 0 169
2008 0 0 O 22 9 26 13 43 2 3 0 1 0 1 0 99
2009 0 0 O 0 2 19 7 4 2 1 0 000 0 35
2000 0 0 O 0 0 0 4 2 1 2 0 0000 9
20011 0 2 17 19 46 33 46 29 15 8 8 7 0 0 0 230
2012 11025 50 67 52 34 14 6 0 1 1 0 0 0 261
2013 0 0 43 /283 253 224 76 59 24 12 9 6 0 1 0 989
2014 0 1 18271 307 293 97 67 16 4 5 1 2 0 0 1082
2005 0 1 2 152 246 199 108 43 14 5 1 2 0 0 0 773
2006 2 2 15 168 133 149 72 25 14 3 0 0 0 1 0 583
2017 1 0 2 [268 283 302 155 107 33 7 S5 1 0 0 0 1164
20018 0 0 0 79 119 175 8 35 11 5 3 2 2 0 0 511
2009 0 2 2 8 99 151 101 118 50 13 7 2 3 1 0 632

Totals: 10 86 671 2733 2470 2947 1520 1444 597 336 168 94 28 14 0 13118
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Table2.4: Mixture model analyss results with proportion of morph assignments, von Bertalanffy growth parameter estinhates of
K, andto, and median Brook&elmanRubin statisticThe 95% confidence intervals are presented in parentheses.

Median BGR
Model Morph Proportion Lp K to Statistic
Florida 1 45.2% 519 0.242 -0.849 1.001

(509, 529) (0.223, 0.260) (-1.06,-0.658)

2 54.8% 402 0.232 -1.75
(393,412 (0.209, 0.258) (-2.08,-1.45)

South with GA 1 54.2% 526 0.244 -1.1 1.001

(511, 538) (0.221, 0.266) (-1.17,-0.988)

2 45.8% 390 0.289 -1.35
(380,401 (0.257, 0.328) (-1.77,-0.780)

North with GA 1 90.2% 600 0.236 -0.426 1.009

(596, 605) (0.229, 0.243) (-0.515,-0.339)

2 9.8% 595 0.108 -4.87
(582, 601) (0.0940, 0.122) (-6.26,-3.88)

North without GA 1 100.0% 587 0.235 -0.514 1.001
(584, 591) (0.228, 0.241) (-0.585,-0.446)
Coastwide 1 79.4% 593 0.232 -0.433 1.001

(504, 602) (0.217, 0.247) (-0.627,-0.256)

2 20.6% 572 0.074 -6.97
(506, 595) (0.0609, 0.101) (-8.89,-05.30
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Figure2.1: US southeast Atlantic coastide distribution of
sheepsheadi\(chosargus probatocephalus probatocephplus
extends fromMiami, Florida to the Chesapeake Bay, Virginia.
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Figure2.23: Coastwide ansitivity results of fishing mortality to agmnstanM and age
specificM (Lorenzen, 1996) scaled to agenstantM that was used in the diagnostic
models. Includes SPR30% (dashed lines) and SPR40% (dotted) reference points.
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CHAPTER 3. SIMULATION TESTING AND APPLICATION OF DATA-LIMITED
ASSESSMENTMETHODS TO SOUTHEAST ATLANTIC SHEEPSHEAD
Authors: T. Teearfs S.Allen?, J. Ballenget; J. Caé, L. Le€, A. Markwith?, J. Buckel

INorth Carolina State UniversityFlorida Fish and Wildlife Conservation Commission
3College of CharlestarfNorth Carolina Division of Marine Fisheries

Abstract
The southeadilS Atlantic coast population of sheepshead i@ formal stock assessmeat
assist i'tmanagement of this recreationally and commercially important species except in
Florida. We tested the predictive performaatestimating the overfishidgnit (OFL) for the
southern(i.e., Florida)and northerrfi.e., Georgia, South Carolina, North Carolina, and Virginia)
regions of Atlantic sheepshead sstbcksof the followingcatchbaseddepletionbased, and
lengthbased datéimited method via simulation analysisatchmaximum sustainable yield
(CatchMSY), only reliable catch stocks (ORCS), depletimsed stock reduction analysis (DB
SRA), depletion corrected average catch (DCAC), langthbased integrated mixed effects
(LIME). We also used these methods to estimate OFL on observed luatsuite of data
limited methods provided a broad perspective of the potential range of OFL in each region and in
both regionsPB-SRA demonstrate the best performance with ORCS performing moderately
well. Application of the datdimited methods indicated that the catch in the terminal year was
below the OFL for both regions using the {3BA method and this result was confirmed by the
Stock Synthds (SS3) integrated assessment results@éepter 3. We recommend the use of
the integrated assessment for managemmanever, vinen an integrated stock assessment is not
feasible, applyingnultiple datalimited approaches such as thgsesented hereen provide

guidance for managers for achieving sustainable fisheries.
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Introduction

In 2006, an amendment to the U.S. MagnuStavens Fishery Conservation and
Management Act established annual catch limits (ACLS) for federally managed fisheries to
prevent @erfishing. In order to set an ACL, an overfishing limit (OFL) must first be identified
which, represents the annual catch given the current abundance with fishing mortality at the
maximum sustainable yieldFsy;, NOAA 2022;NSG 2009)Once an OFL is determineiihe
acceptable biological catch (ABC) is set to at or below the OFL to account for scientific
uncertainty and then, finally, the ACL is set to at or below the ABC to accoumizizeigement
uncertainty in how effectively the ACWill be implementedThis process would be directly
applicable only to federally managed species yet, these guidelines presasistentemplate

for managing fisherieamong various managemauntits.

In order to properly set an OFL, a formal stock assest is needed to provide estimates
of abundancestock productivityand exploitation with corresponding estimatesméertainty of
thesederived quantities used for management decigiBA® 2022 NOAA 2022. This is
typically, if possible, accomplishday performingan integrated stock assessm@wriso et al.,

1985; Fournier and Archibald, 1982; Methot, 199@)ereby the use of statistical distributions

are used to model observation erfirom multiple data sets and various data tytpesiprove
prediction accuracy and estireaincertaintyfor populationand fisherieslynamicg(Dichmont et

al., 2016) Many stocks that are oftene f er r e d-p b or a s-b i cha(énd lllde

referred to hereafter as ddimited) lackthe necessary components that give rise to an integrated

stock assessment.

Cope et al. (2023uggestdthat the term dathmited not only refers to limitationef

data(i.e., type, quality, and quantifyas the name impliebutalsocan include limitations of
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resourcegi.e.,time, funding, and capacityThis is an important distinction & many cases,
there may be adequate dadgerforman integrateéissessmeniut the resources may not be

available tceffectivelydevelop and complete an assessnebe adopted for management

Hence, hesdimitationsprovideamplereasoning for whynlyh al f of t he wor |l d
have reliable quantitative stock assessmgtlitborn et al., 202Q)FurthermoreHilborn et al.
(2020)indicated thatglobd regions with less fisheries management (i.e., without assessments)
have 3fold higherexploitation rates and half the abundance as assessedatddket it is vital
to exploremethodologythat will improvefisheries with poorlycharacterizedtock stéus This
emphasizes theemand for thexploration ofdatalimited stock assessment methedth the
aim of developingustainable fisheries usiedfective fisheries management and conservation

(Carruthers et al. 2014)

Datalimited stock assessment approachesude catchbased methods thatilize the
recent catch time-seriesand follow the assumption that the catch gmpulation relative
abundance trends are proportiof@eromont and Butterworth, 201®)Ithough, these techniques
require only aecenttime-series of catchthis is often difficult to obtain for sma#icale fisheries
where multiple species are caught simultaneouslly multiple gearsand te lower economic
contributionthese fisheries provide to the region easult in a lack of interest for governing
bodies to prioritize data collectiqhrysafi and Kuparinen, 20163dditionally, the assumption
of proportionality of catch and rela& abundance may not be appropriate as catch can be affected
by either fluctuations in fishing effort, stock productivity, or confounding between these factors;
however, catcibased methods may still providgeneral indication of stock stat(Ghrysafi and

Kuparinen, 2016)
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Recognizing the need for more stesyecificknowledgeto inform the estimation of stock
statuscatchbased methodsvolvedto incorporate lifehistory informatiorusing a method called
fistock reduction anali® (SRA; Kimura et al., 1984; Kimura and Tagart, 1982IRA uses a
delaydifference equation that takes into account how growth and recruitment adfeetss over
the timeseriesandwas later adapted iacorporate stochasticitfValters et al., 2006 MacCall
(2009)developed anethod that estimates depletion using catch dalted fidepletioncorrected
aver ag dDCAQ®) which, was based on the potential yield form#&verson and Pereyra,
1969; Gulland, 1970pick and MacCall (201were able to merge SRA with DCAC whéddding
flexibility in the productivity curvevi t h a met hod r e-basedsteckireduationas fd

anal ys-BERAD ( DB

These depletiotvased methods can be thought of as a further extension ofbzetet
methods as they also rely heavily on catch informmatlmwever, they also utilize a minimal
number of other inputs that inform relationships between productivity, lkéd reference
points, and depletion levels and require a historical catch-d@ries to estimate historical
depletion Another method thattilized different types of inputs to accomplish similar results was
developed for estimating MSY from cat@artell and Froese, 2018)at utilized resilience and

population abundance.

However, even these minimal inpuise sometimesnot availableand in these cases
Restrepo (1998ecommended the use of scal@stween 25% to 75%hat are multiplied by the
average catch during a period when the stock abundance did not appear to be {Berksan
et al., 2011) This methodology depends on qualitatiyedgementbased estimates b the
relationship between current biomass MfalY-related benchmark8erkson et al., 2011; Patrick

et al.,, 2009; Restrepo, 1998; Restrepo and Powers, .18@@jtionally, more quantitative
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techniquesuch as catch ratios (i.e., recent year catch relative to maximum catch in the time series;

Froese and Kesnéteyes, 200Rhave also been applied to deal with these data gaps

Another type of datéimited approach ishelengthbasedapproactthatutilizes length
frequency data for one or more years of the {s@meesBeverton and Holt, 1957) time-series
of length compositionare typically easier to collect than age composition dataangrovide
importanthistorical information on multiple aspectsppulation and fishery dynamidsength
frequency data provide valuable information on gear selectivity and fishing pressure for stocks
where selectivity is lengthasedPunt et al., 2014)Thesedata also contaimdications of
recruitment events and productivapdHordyk et al. (20153eveloped a lengthase& spawning
potential ratioq LBSPR)model thaprovides an indication of stock status using length frequency
data.Rudd and Thorson (2018gveloped an extensiof lengthbased models that allows for
time-varying recruitment anfishing mortalityusing mixedeffectsto account forandom
variation inthesetime-varying processes e f err ed tHasas fibeegtrlat ed

(LIME).

This study focused otine Atlantic coast metapopulation dfeepsheadArchosargus
probatocephalusseeStock structurg Sheepshead aes importantommercialandrecreational
reef fish specieandare currently managed at the state level with no formal stock assessment
except for the state of Florida (Sé@nagement overviewAtlantic sheepshead demonstrated
spatial heterogeneity as indicatedlaytudinal gradient# vital ratessuch as growth and naal
mortality (M), dimorphic growth within and amonganagementinits, and localized depletion
(seeVital rates Growth, andSpatial synchrony In order to appropriately captuités spatial
heterogeneityn assessment and managemére Atlantic sheepshead metapopulati@s

consideredwo, latitudinally separated, stdtocksspatially structured with two regional sub
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stocks with the northern region to include all the states from Virginia to Georgia and the southern

region with only the state of Florida assessed as a separate stock.

Objectives

The objectives of this research were as follows: 1) to test the performance of various
datalimited approaches (i.e. catttased, depleticbased, and lengtbased) for estimating an
OFL for sheepsheadsing a simulation studgnd?2) to apply thoseatalimitedapproaches to
the Atlantic sheepshead metapopulation and compare with-andaterate approach (see

Chapter 2

Methods

Selectedlatalimited approaches

The most commonly implementéatalimited catchbased methods used in the United
States to set ACLs are scalar approaches that were first develoBegdtbgpo (199&p set total
allowable catci{TAC; Berkson and Thorson 2014A scalar approach is employed by applying
a summary statistic (e.g. average, medial,[@@centile) to a designated portion of the catch
series (e.g. last ten years, last three yeatie seriesBerkson and Thorson 2014)hese scalar
approaches have been found to have poor performance with high probabilities idloagr
and were unable to rebuild depleted sta€karuthers et al. 2014}herefore, catclbased scalar

approaches were not includedire analyses presented

The AOnly Reliable Catch SBeksokeaal 200RCS) me
another catclibased method for setting the O&hdwas included in th analyses presented
ORCS is based on thiestrepo (1998 calar approach but with more of a biological foundation.
The dynamic application of@ntrol rule that wasimilar tothe methods described Berkson et

al. (2011)wasevaluated byCarruthers et al. (2014ndwas found to have intermediate levels of
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performance at lovstock sizes in regasdo oveffishing and yield with improved performance

at moderate stock levels.

A simple catchbased method biylartell and Froese (2013\hich will be referred to as
ACaMSHl 0 heg has bekn shown by the authors to be relatively robust by producing
similar estimates of MSY to full stock assessments. This method was included in thesanalys
presentedhowever,Chrysafi and Kuparinen (2016aution that CatcMSY can perform poorly

for lightly exploited stocks.

One of the depletiobased approaches that was included in the aasglyssenteavas
the DCAC method(MacCall, 20®) that has been shown to be sensitive to assumptions regarding
depletion estimates yet yields conservative harvest |é€alsuthers et al. 2014; Wetzel and
Punt 2011)Carruthers et al. (2014)sofound that DCAC performs well for intermediate levels
of depletion and for species with lotiged life history typesMacCall (2009)warns that DCAC
is not appropriate for stoglebuilding programs anélrnold and Heppell (2014pund that
DCAC underesiates harvest levels. Howevé@rysafi and Kuparinen (201Suggest that
DCAC is easy to use, requiring little informatifor estimating MSY and is valuable where

catch data is not available in a detailed catch series.

DB-SRA (Dick and MacCall, 2011y another depletioibased methodresente@nd its
performance has been shown to be similar to DCAC inittiesensitive to misspecification of
depletion(Carruthers et al. 2014; Wetzel and Punt 20DB-SRA also performs well for
species with londived life history typegCarruthers et al. 2014Arnold and Heppell (2014)
found that DBSRA can underestimate harvest levels, howeverysafi and Kuparinen (2015)
suggest that DEBRA can be useful for providing information on stock status and setting catch

limits for stocks with an accurate catséries available.
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The LIME model(Rudd and Thorson, 2018j)as also included in the analyses presented
andrequires at least one year of length data and biological information but can also incorporate
multiple years of length data as well as catch and abundanc€tatay et al. (202Qgsted the
performance of various lengtiased methodsnd found that LIMEas well as LBSPR, length
based Thompson and Bell, and leng#sed risk analysisiad difficultieswith shortlived
species, with identifying recruitment overfishing in heavilplexed stocks, and with
identifying growth overfishing with lightly exploited stockaurthermore, LIME was considered
better when there were multiple years of dBtans et al. (202@valuatedrariouscatchbased
methods (CatciMSY, simple Stock Synthesis, and an extension of CEt8IY) with various
lengthbased methods (LBSPR, LIME, and lengised Bayesian) and found that LIME

performed as well as catdtased rethods in many scenarios.

Catch timeseries

A time-series of catch in metric tons (MT) for sheepshead was estimated for the years
corresponding to the same years used in therdatierate assessment for each regien
19942019 for the northern stoand 199-2019 for the southern stock). The catch tisegies
was developebtly adding commercial landings from Atlantic Coastal Cooperative Statistics
Program (ACCSP), recreational harvest from the Marine Recreational Information Program
(MRIP), andrecreationatliscard mortalityseeData). Data from each statdong theAtlantic
coastaccording to the regional sidbock definitionwere pooled for each yeand the MRIP
harvest data (Types A + B1,; sBatafor brief description of the MRIP program and catch type
definitions) was acquired in metric tod%tal MRIP discards (Type B2) were acquired in
numbers anthenmultiplied by 11% from aiscard mortalitymetaanalysis(Bartholomew and

Bohnsack 2005)p give theyearspecificnumber of dead discard3his valuewasthen
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multiplied by theyearspecificaverage weight of harvested fisNe acknowledge that released
fish would likely include smaller fish than landings and may be biased however, this was
performed as an approximationlieu of more informed estimates of the compositibreleased

fish. The number of dead discards in yg&DNy) was calculated as

o6 Y T p (19

where'’Y was the number of releases in ygaand 0.11 was thEl% estimate from a meta
analysigBartholomew and Bohnsack 2009he weight of the average harvested individaal

yeary "'Ow was then calculated as

06— (20)

where'O0 was the total harvested number in ygandOw was the total harvested weight in

yeary. The weight of dead discards in yggdDW,) was then calculated as

06 'Ok 00 1)

Catchbased

ORCS applies scalar multipliers to catch patterns of exploitation levestackl risk with
precautionary buffers to account for management and scientific uncertainty. First, a catch
statistic must be chosen such as mean, mediartf'qrefBentile of the catch series and then a
scalar is applied based on exploitation level to asphe OFL. The levels of exploitation are
defined as undegxploited, fullyexploited, and oveexploited with scalars of 2, 1 and 0.5
respectively. The ABC is calculated by applying a scalar to the OFL based on stock risk and

productivity.
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For the apptation of ORCS{o determine the exploitation leyetock riskand the catch
statistic thatvould berepresentative of the typicahtchvalue temporal trends in the historical
catchwerevisually evaluated This was done with carefabnsideation ast has been showthat
fishery-dependent data is often not a good indication of abundance due to bias caused by changes

in fleet efficiency, targeting, and fleet dynam({d4aunder et al2006)

The totalremovalin the northern regiorHgure3.1) indicated an increasing trend with a
median 0f235 MT (coefficient of variationCV = 101). Conversely, the southern region
indicated a more stable trend with a much highediameemovalof 650MT (CV = 0.931)
which, was2.76 timeghe melian from the northern regioifthe determination of exploitation
level poses multiple challenges duethe subjective nature of the analyaisl Berkson et al.
(2011) suggestvaluating trends inatch and effort jointlyHowever, effort data from the MRIP
program is not broken down by species due to the nature of recreational fishing and thus, we
make theassumption thatargetedeffort for sheepshead is proportional to effort as defined by
the MRIP prograni.e., nonspecific effort) This assumption may be biased however, it can
provide some approximation of effort in lieu of more detailed datsheerpshead effoMRIP
data Figure3.2) indicated similarincreasingrends in catch and effdidr the northermegion
and the southemegion indcated stable catch and effort with a slight decreasing trend in effort
after 2009 with catch remaining stable. These trends demonstrated stock resilience whereas, a
decrease in catch with increasing effort would be an indication of dep{B&okson et al.,

2011)

Since the catctime-seriesfor each region indicateab longterm decreasing tresdlue
to excessive removalhe catch data provide no evidertbat the fisheries might be over

exploited.However,some fishstocks have been showndemonstrate hyperstabilify.e., catch
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rates remain high while the population declinggrticularly when spawning aggregations are

targeted in fisherie@Erisman et al., 2011; Harley et al., 2001)

Sheepshead are reported in commercial landings but oblycatch(NCDENR 2018a;
NMFS 2017)and the magnitude of the recreational harvest is substantially higher than
commercial landingéFigure3.1). Sheepsheadreprimarily found and harvestad estuarine and
coastal waters around natural and artificial structMteDonough et al. 2011; Munyandorero et
al. 2017;NCDENR, 2015NCDENR 2018bwhereas spawning migrations haeen observed
in continental shelf wateiong the coast of North Carolina in the spring as water temperature
rises . Teearspersonalobservatior018). Therefore, theres little evidenceto suggesthat
sheepshead spawning aggregationdaneg specifically targetelly the recreational fisheip
the northern regiarin the southern regigrsome literature suggests that spawning may occur in
estuaries (Render and Wilson, 1992) which, may call in to question whether the spawning

aggregationsre being targeteget thiswasonly speculative

For Atlantic sheepshead, we found no evidence to suggest that these stocks were over
exploited at high risk due to habitat Ias& more highly targeted compared to other similar
speciesand as a precaohary approach, we considered the regional sheepshead stocks to be
fully exploitedand the risk level was considered medium with the median value tiinigse

series used as the selected statistithe ORCS implementation

The CatchiMSY model is fittedo the catch series between the endpoints of initial and
final biomass, which are based on respective catch scaled to maximum catch to estimate the ratio
of biomass to carrying capacitg/K). The model draws random valueskofbounded by the
maximum cath and 100 times the maximum catch) arfchaximum rate of population increase;

bounded by Aresilienceodo) from uniform distri
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annual biomass using a Schaefer production m@itdlaefer 1954)f the finalB/K is within the
specified bounds, the modeitainsthe values to form distributions oandK with estimates of

uncertainty for each parameter.

For the application of CateMSY to the northern region catch dati@e initial year scaled

catch was < 0.6f the maximum catchthusthe initialB/Kwas bounded by 0.5 ° (
final year scaled ¢eh was > 0.5, hendee finalBIKwas bounded by 0.3 ° 0.7
Martell and Froese (2013yor the southern region, the initial year scaled catch was > 0.5 of the
maximum cé&ch, thus the initalB/Kwas bounded by 0.3 ° 0.6 and ¢t
was > 0.5, hence the finBlIKwas bounded by 0.3 ° OThe just as
resilience from FishBad@ttps://fishbase.se/search.pmpas consi deuved forbe il
sheepshead and the parameterta s bounded by 0. 2Martelldnd Rroeses s ugg

(2013)

DCAC is based on the Potential Yield Form(Adverson and Pereyra 1969; Gulland
1970)and it provides an estimate of potential yield with the advantage of propagating
uncertainty using Monte &lo exploration. DCAC takes into account the reduction in biomass
due to historical fishing removals to provide an estimate of a sustainable annual yield. The inputs
required for the modetere the sum of the catch series and the number of correspoyehing;
M, the relative reduction in biomass during the caiitie-series ¥), the ratio ofFusyto M
(Fmsy: M), and the ratio oBusyto K (Busy. K). The DCAC model was downloaded from the

NOAA Fisheries Toolbox dtttps://www.nefsc.noaa.gov/nft/DCAC.html

DB-SRA merges SRA with DCAC to provide an OFL. I3RA uses a delaglifference
model with a productivity function in a Monte Carlo approach toehtrdjectories of biomass

fit to match the relative stock depletion in the target year. The model removes any trajectories
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t hat produce a negative biomass and the remai

estimates provide posterior distributionsrr a Bayesian framework &f;, Busy, MSY, Fusyand

the catch resulting from fishing Bissy (Crmsy). DB-SRA uses the same inputs as DCAC except
that it also requires a catch series by year, an estimate of length at %50 niafg)rignfian
estimateof ageatmaturity. Additionally, instead of usiny as theDCAC model doesthe DB

SRA model uses relative depletion levg}:(K), which is the ratio of biomass at tirigBr) to K
whereT is set to the terminal year of assessméhé DB-SRA model was implemented by

using the Datd.imited Methods Toolkif A DLM Tool kit 6; Carruthers

package iR (R Core Team 282).

For the application of DCAC and BBRA, the input ofM waslog-normally distributed
andestimated byisingthe maximum age of sheepshedthin the respective regiofi able3.1)
and applying th@maxbased estimator bdgamel and Cope (2022}) 0.135 Tmax= 40) and 0.216
(Tmax= 25) for the northern and southern region models, respectiMaystandard deviation in

log-spacagivenby Hamel and Cope2022)of 0.31 was used as the input of uncertaintyMor

The input ofFusy. M waslog-normally distributed andstimated using several sources of
guidanceWalters and Martell (2004uggest thaEwvsy. M is based on when fish become
vulnerable to fiking in relation to agatmaturity. For stocks that are fished before they reach
maturity, Walters and Martell (2004)ecommendrusy: M 1@ but for stocks that spawn at

least once before they become vulnerable to fishimey suggestmsy: M e p3t

In order to estimate when sheepshead become vulnerable to fishing in relatioato age
maturity, estimates of femaleo in each Atlantic coast state from Florida to Virginia were
compared with the most recent size limit for that state. If the size limit was equal to or below the

estimate of femalgso, the stock in that state was assumeldetdished before reaching maturity
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The value otso was estimated by averaging the published values for each Atlantic coast state
from Florida to Virginia Table3.2). If separate values were reported for males and females, then
those values were averaged to represent the estimate for that state prior to calculating the overall

regional averagel he estimate of agat-maturity was set at age 2 (Rendek\dlson 1992).

The majority of the management areas in the southeast Atlantic have allowed harvest of
sheepshead prior to reaching maturity, which would indicate, accordiglters and Martell
(2004) Fusy: M should be set at O.6lowever, thé=usy: M for other similar reef fish species in
the southeast Atlantic are typically much higfraany>1; N. Klibansky, NOAA fisheries pers.
comm.)as many of these fisheries are targetingaaiits as opposed to depleting the older age
classesFurthermore, in a met@nalysis byZhou et al. (2012)the authors founBusy: M for
teleost to be 0.866 (CV of G For the DCAC and DEBRA analysesa value of 0.8 was

adopted with a CV of 0.2 as recommendedvacCall (2009)

The input ofBusy: K followed a béa distribution and a valugf 0.4 has typically been
used(Dick and MacCall 2011; MacCall 20Q9¥hich corresponds to 40% of the unfished

biomass; therefore, 0.4 was adopted fordipletionbased modelwith a CV of 0.2

MacCall (2009)acknowledgd how challenging estimating can be and even suggest
conferring with experiencefishersor expert opinion and with noformation at all, settiny to
a precautionary value of 0.5. As was done to determine the exploitation level for ORCS, the
catchand effort timeseries wagvaluatedo help guide the determination ¥f Sincethese data
showed naevidence of depletion due overexploitation or habitat reductiothen the

precautionary of 0.5 was adoptefibllowing a beta distributiowith a CV of 0.2
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The relative depletion leveBf: K) was estimated in a similar fashion¥as these two
parameters are very closelyad. TheY is a measure of the fraction of biomass compared to an
unexploited stock that has been removed via historical fishing, whereas thés a measure of
how much of the stock is left after removals have depleted a fidbiekyand MacCall (2011)
caution against overestimatiBg: K as it can result in large relative absolute errors in estimated
biological reference points; thereforeBa K of 0.5 was adoptefbllowing a beta distribution

with a CV of 0.2

LIME is an agestructured population dynamics model that uses length cotigposf the
catch and an input estimate of Hestory parameters while accounting fone-varying fishing
mortality and recruitment. The Ifieistory parameters includé, the lengtkat-age relationship
the weightatlength relationshipand length &50 maturity. The LIME model thgorovides
estimates o$electivityatlength and annual tirageries estimates of recruitmefishing

mortality, spawning potential ratio (SPR), mean length, and relative spawning biomass

Region(northern and southerspeific life-history parametensereused in the analgs.
M was parameterized astheDCAC and DBSRA approache®ther life-history parameters
were implemented by averaging the estimates from the literatabde@3.2, Table3.3, & Table
3.4). Length compsitionsfor removals (harvestiscardsandlandings)wereacquiredby the
same methodas in the integrated assessmaeeChapter 3. Fishing motality penalty standard
deviation was set to 0.1 bmprove convergence asiggested by theuthorsConvergence
criteria were defined as max gradien0.001, a positive definite Hessiaandlog(Ro) < 12.0 to

ensure estimates of population size were not unreasaiitlode et al., 2021)
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Simulation analysis

The objective of the simulation analysis was to test how closely varioutirdedéal
approaches can estimate the OFL fimulated data with known parameters (referred to as the
Atr ue p obased oa the regiomal) assessment presentédapter 2 Simulated data was
generated usingné bootstrap function in Stock Synthesis version 3 (§&3hot and Wetzel
2013 to create 30@ewdatasetsor the northern and southern sheepshead stodke same
manner as in the simulation experimenCimapter 2(seeOperating model developméntith
one caveafThe operating model was developed using catch in weight since thignmutegd
methods require catch to be input in weight instead of numbleese datasets were then apgbli
to each datdimited method to estimate an OFLhe LIME method does not output an estimate
of OFL andthus,thefishing mortality athe spawning potential ratio of 30% §pr3o% as was
used in the most recent Florida assessment of sheepdhaaindorero et al. 20) Wwas used
in conjunction withan estimate ofurrent biomasbased on current catch anshing mortality
(Carruthers et al., 20149 estimate OFL following the equat®n

6 "0b 6 zp Q b (22
5 8 ip Q (23

where OFL was the overfishing limig, ¢ ; i was the terminal year biomas®, ; ; ; was the
terminal year fishing morality, anak, , ; | Was the terminal year toteemovals We compared
the estimates of OFL from the ddiaited methods to the known OFL using relative error

calculated as:

YO 0 00 0 00 j O 00 (24
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whereREwas relative errotQFLre was the OFL from the true population, @@BLestwas the

OFL estimated from the datenited method applied.

Results

Simulation analysis

Results from the simulation analy¢iggure3.3) indicated thaall the methods had 100%
convergence except for the LIME method which, had convergence of 47%8%nfdrthe
southern and northern regions, respectively. Alsel tIME methodwas the only method that
overestimated the OFL fdaoth the southern and northern regianth high variability and
relative errof 31.2% (coefficient of variationCV=0.40) and109% (CV=050), respectively
The CatchMSY methodunderestimatthe OFL forboththe southern and northern regions
with high variabilityand indicatedelative error 0£58.7%%6 (CV=0.62) and-61.9% (CV=0.64),
respectivelyand the distributions for both regions had a bimodal shape wittafigrouping of
higher estimates from the meditmat were closer to the true OFLhe depletiorbased
estimates indicated that the EEBRA was the best performing method for both regiang
undeestimated th©FL for boththe southerrand northern regicawith relative error 0£5.58%
(Cv=0.12) and-21.7%(CV=0.12), respectively. The DCAC method underestimated the OFL for
boththe southern and northeregions with relative error 687.%% (CV=0.096) and-50.7%
(CV=0.11), respectivelyThe ORCS methodnderestimated the ORbr both the southern and

northern regionwvith relative erroof -25.7%%6 (CV=0.12) and-38.4% (0.12).

Application to observed data
A summary of results from the vari®datalimited approaches appli¢d thecatch and
lengthdataare presented iRigure3.4 (seeAppendix Cfor plots associated with LIME results

and table of OFL estimated'he CatchMSY approactprovided the highest estimate of Ofelr
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the southern and northern regi@2,230MT (CV=0.25)and 1,20(0MT (CV=0.28),
respectively. Converselyheé DCAC provided the lowedDFL and the lowest associated
uncertaintyat 1,320MT (CV=0.24) and 58 MT (CV=0.24) for the southern and northern
regions, respectivelylhe results foORCS approachndicatedan estimate of an OFL 4630
MT and898 MT for the southern and northern regions, respecti@BtSRA indicatedan OFL
of 1,990 MT (CV=0.47) and 937 MT (CV=0.47) for the southern and northern regions,
respectivly. The LIME approach indicated an OFL of 1,920 MOV=0.42) and 803 MT
(CVv=0.36) for the southern and northern regions, respectiValy results from the integrated
assessmentwesented ilChapter 2were anOFL of 2,120MT (CV=0.061) and1,120MT

(CVv=0.036) for the southern and northern reggprespectively

Theterminal year catch in the southern region was belovD#ie estimatesor all data
limited methodswith theexcepion of theDCAC method. However, in the northern region, the
terminal year catch was below the CaMBY, DB-SRA, and SS3 met hodsd OF

ORCS, DCAC, and LIME methods.

Discussion

The results from these analyses may not be informative for all specidsgstdey types,
oceanic regions, and historical exploitation levels. However, other US southeast Atlantic,
moderate to longjved reetfish species similar to sheepshead may befrefin the application
of datalimited methods such as those presented here where no formal stock assessment may be
feasible Pons et al. (202®valuated the perfmance of CatciMSY, a more developed version
of CatchMSY (CMSY; Froese et al., 201,7DB-SRA, simple Stock Synthesis (SSSpe,
2013, LBSPR, LIME, and lengtibased Bayesian (LBB-roese et al., 20)&nd found that,

overall, bias was higher for stocks that werehdligdepleted compared to those that were highly
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depleted and bias was higher for longer lived species compared to-$ikedepecies. Thus,
application of these methods may differ between regions where exploitation level and expected

life-span may ditér.

Simulation analysis

In the simulation analysish¢ CatchMSY methoddid not perform as well as the other
datalimited methods except for the LIME model in the northern region. Furthermore, the
resulting bimodal distribution may be an indication otabdity in the modefor these data
Martell and Froese (2018Eveloped CateMSY and suggest that the method is robust and can
provide similar resultso full stock assessmentdowever, the authors acknowledge tGatch
MSY overestimated and undereghatedr when compared witFusy but not when compared
with Fo.1 (F at 10% of the slope of the yiefgerrecruit curve at the originBouch et al(2021)
evaluatedCMSY andwhen compared taccepted agbased assessments from the International
Council for the Exploration of the Seas (ICESMSY had a tendency to overestim&tand
underestimate biomaddowever CMSY wasdemonstratetdy Pons et al. (202ap havebetter

performance than catdbased methods, including BBRA

Datalimited methods, such as catbhsed methods, can fall short of having the ability to
directly track changes in population dynamics such as recruitment variation due to the lack of
data in which to derive this information. However, lerg#sed, datéimited methods have been
able to incorporate more data sources that may be able to derive this inforfiRredese et al.,

2018; Hordyk et al., 2015; Rudd and Thorson, 2018)

In this study, he LIME methodperformed moderately well for the southern region
although, with high variability, and poorly for the northern region with more severe levels of

uncertainty A large portion of the models did not converge (> 50865siblydue to the low
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contrast and monotonic treriddicating model instability for these dafiche authors of LIME
(Rudd and Thorson, 2018uggest that LIME is sensitive to misspecification oldmgical
parameters and recommend performing local studies on growth rates to improve model
performanceFurthermorelike all datalimited methodsthere are several assumptions behind
the lengthbased approach, e.g., asymptotic selectivity, growth isdestribed by von
Bertalanffyparameterizationa single growth curve can be used to describe the population,
length-atage is normally distributed, natural mortality is constant across age, growth rates are
constant across the cohorBased on resul{seeGrowth andAdams et al., 200)8the

assumptions regarding growth are not supported by theaddtae likely negatively impacting

the performance of LIMEThis may be especially important fother reeffish specieshat

exhibit similarly high spatial variability igrowth

Choosing wether to use a lengtiased approach over an dggsed method can often be
dictated by the type of data available to the assessmemtiedit is also important to ensure the
corresponding assumptions of $edected analysire ideally, being mein atransparent
manner For example, if population dynamics are driven by age or lémaghd processés.g.,
age or lengtibased ontogenetic movementsgn this shouldhelpguide the choicemvolved in

how to assess the population (Punt et al., 2014).

Another consideratiowith comparing catciinased methods to lengbfased methods is
that these methods focus on fundamentally different aspects of the stock status (i.e., biomass and
fishing mortality).Pons et al. (202@ompared exploitation rate from both catwdsed and
lengthbased methods amid&monstrated that LIME, in many scenarios, performed equally with
the catchbased methodand should be considered a gagdion when the underlying

assumptions of LIME are met
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The ORCS method performed moderately well for both reggigmich, would be
expected since the key assumption of cdtabed methods was met for both stocks as there was
a moderate correlation betweestch and abundané®m the SS3 integrated assessment
(southern r=0.30 and northernx29. However, Free et al. (201 ested the performance of
ORCS at predicting stock status for 193 dath stock assessments and found that it had poor
predictive ability of stock status and recommend that the ORCS method not be used for
management and recommend a refined version @®Be usedrhisrefinedmethod has not
been extensively tested due to the subjective nature of the arsatgisisreliance on the
assessment teambébs ability to objectively judg
population dynamicand stockstatug(Carruthers et al., 2014yurthermoreCarruthers et al.
(2014)caution that this method may lead to frequent depletions of stock below the overfished
threshold of 509Busy (the biomass that produces maximum sustainable yield; M$Xyever,
based on thpositive results of the simulation regarding the application of ORCS on sheepshead,
we echo the suggestion Ghrysafi and Kuparinen (201@)at catchbased methods can offer a

broad perspective of stock status if implemertejgctively.

The results indicated that D8RA provided the best estimates of OFL for both regions.
Previous research testing the performance ofltatted methods suggested that £HRA and
DCAC were found to be sensitive to estimates of deplé@amnruthers et al. 2014; Chrysafi and
Kuparinen 2015; Wetzel and Punt 20ahy tended to underestimate harvest lefAisold and
Heppell 2014; Chrysafi and Kuparinen 2015; Wetzel and Punt 280rigld and Heppell (2015)
demonstrated that DBRA performed better when depletion levels were low (0.2) as compared
to when they were high (0.4)nexpectedly,ite depletion levels for the truempulations were

0.55 and 0.95 for the southern and northern models respeatikigly, wouldnot help explain
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the improved performance of BBRA. Additionally, Wetzel and Punt (201Hemonstrated that

DB-SRA was robust to bias in biological parameters

In our study DCAC was outperformed by ORCBCAC wasconsidered to be
inappropriate ab & Tdue to the depletion correction becoming negligible with high values
of M (Berkson et al. 2011Chrysafi and Kuparinen (2016uggest that DEBRA is an
improvement on DCAC anavith robust estimates of catatgn provide good information on

stock status for catch restricted management strategies.

Based on these results, we suggestiBaSRA can providémprovedestimateof OFL
compared to the other methods tested and that other methods also be implemented to provide a

morefully -developedepresentation of the possilsenge ofOFL.

Application to observed data

A statistical agestructured integrated assessmmodelshould provide a more robust
estimate of stock stattis datalimited methodss itenables the flexibility to utilize multiple
data sources and types while simultaneously propagating uncertainty directly from observed data
(Fournier and Archibald, 1982; Maunder and Punt, 2013; Methot, 1990; Methot and Wetzel,
2013) Furthermore, integrated assessments ftntandex(or multiple indicespf relative
abundance which, provide an indication of the impact of removals on the population biomass and
the use of selectivity curves provide a mechanism to ensure thatrtbeals in the estimated
population are taken at the appropriate.9hpe compositions also reinforce the estimated
population dynamics as they provide a direct estimation of age class (cohort) strength without the

necessity of converting sizes to ages.
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By applying the various dadanited methodgo the observed sheepshead dataroad
perspective of the range thfe OFL began to emerger each of the regionsn terms of stock
status, the datlmited methodwith the best performance in the simulat{oe., DB-SRA)
indicated that the terminal year catch was slightly belowDiRE in the northern region and well
below the OFL in the southern regidrhe SS3integrated assessmeaarbvided confirmation of
the DB SRAresuls. Based on our simulation ressiand the similarities between the integrated
assessment and ddiaited estimates of OFL, the dalienited methods applied to sheepshead

data provided mostly robust information on stock status.
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Tables

Table3.1: Maximum agestgay of sheepsheaand sourcdoreachst at e from Fl ori da
coast to Virginia.

State tmax Source

Florida 25 (Munyandorero et al. 2017)
Georgia 18 Fortuna et al. (Unpublished) (McDonough et al. 2011)

South Caroline 23 (McDonough et al. 2011)
North Carolina 29 (Pers. comm. Markwith, A., 2017)
Virginia 40 (Pers. comm. Ballenger, J., 2019)

Table3.2: Length at %50 maturityLég) in fork length (FL) of female and male sheepshea
andsourcé or each state from FI| withisizk#indits. SiZetlirhita
refers to minimum legal size in that state. Size limits in bold indicate sheepshead in the
are being harvested prior to females reaching sexual maturity.ordtak length (TL, FL)
size limitsin inchesconverted to E in mm.

Lso, Females/ Size Limit Size Limit Size Limit

State Males (FL, mm) Publication (TL, In.) (FL, In.) (FL, mm)
FL oL X¢ X @ (Munyandorero et al. 201" 12 285
GA ¢ Y& o wo (Music and Pafford 1984) 10 237
SC ¢ ufit v T  (McDonough et al. 2011) 14 332
NC Cuff qut (NCDENR 2015) 10 254
VA C LUIC X W (Liao et al. 2008) None None None

*FL size limit calculated from TL size limit using following equatio®d p& ¢ T80 & "YU
(McDonough et al. 2011).
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Table3.3 Lengthbased sexaggregatedon Bertalanffy (1938yrowth coefficient§),
asymptotic lengthL{p in fork length; FL), time or age when average length equals z
(to), and length at first capturé (i Q& Qg GQpsizelimit on Table3.2) of
sheepshead for each state from FIl or.i
information for growth parameteksLp, andto. Virginia parameters listed as females
males and weraveraged prior to computing overall regional means.

State k(yr) 4 3400 to Publication Lc

FL 0.232 421.7 -2.019 Munyandorero et al. (2017) 0.69

Fortuna et al. (Unpublished i

GA 0218 498 McDonough et al. 2011) 0.48
SC 0.297 498 -1.10 McDonough et al. (2011) 0.67
NC

VA 0.28,0.31 556,537 -0.90,-0.77 Liao et al. (2008)

Table3.4: Sexaggregated weighdt-l e ngt h par ameter esti mates f or
Atlantic coast to Virginia from the standard weidgngth equation:
OQWN Oz "0¢ 1@ EMO

State a b Publication
Virginia 2.10E05 3.047 Ballenger (2011)
North Carolina 2.96E05 3.045 Schwartz (1990) *
South Carolina 5.47E05 2.997 McDonough et al. (2012)
Florida 2.80E05 2.98 Munyandorero (2017)

* Estimates reported in standard length from source.
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Figure3.1: Time-series stimates in metric tons (M With standard erroof recreationa
harvest andecreationatiead discard@s calculated i€atch timeserieg from the
Marine Recreational Information Program (MRIP), commertgaidingsfrom the

Atlantic Coast Cooperative Statistics Program (ACCSP), and total com{omadhercie
and recreationalptal removals (harvest plus dead discalysjegion

152



North i South

2500
Metric
~= Catch (MT)
- Effort (100,000 Trips)

2000

1500

500
1994 1999 2004 2009 2014 2019 1999 2004 2009 2014 2019

Year

Figure3.2: Time-series estimates oémovalgharvest and dead discards as calcul;
in Catch timeserie9 and effort from the Marine Recreational Information Program

(MRIP).
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Appendix A: Chapter 1 Supplemental Material
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Figure A.1:Sample rate by strata for SEAMABA spring survey.
51 53 55
2.
0.81 61
" 0.4 A_ 34
o-\—/"'-—“—'“‘“— 0.0 o A A A
. . : J 041, : : d ' : '
1990 2000 2010 2020 1990 2000 2010 2020 1990 2000 2010 2020 Strata
57 59 &1 - 51
3

L I O R
LS}
o
w

— 57

Nominal Catch Rate (Fish / Hour)

| N
1] A A A f\ 5] — 59
o4 04 - 61
01 — 63
1990 2000 2010 2020 1990 2000 2010 2020 1990 2000 2010 2020| — g5
63 65 67 — 67
s 15 15
107 101 10

(2]
o
(5}

0 0 o]

1990 2000 2010 1990 2000 2010 1990 2000 2010
Year

Figure A.2:Nominal catch rate by strata for SEAMAFA spring survey.
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Figure A3: Diagnostic plots for SEAMAFSA spring survey.
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Figure A4: Sample rate by strata for SEAMAPRA autumn survey.
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Figure A5: Nominal catch rate by strata for SEAMAFA autumn survey.

Figure A6: Diagnostic plots for SEAMAFSA autumn survey.
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