
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 as Sheepshead (Archosargus probatocephalus, Sparidea) and this highly sought after reef-

fish species has no formal assessment except for Florida. I explored multiple stock assessment 

strategies to inform management decisions for southeast US Atlantic sheepshead. I began by 

standardizing abundance trends and characterizing juvenile habitat. Spatial and temporal 

information played a vital role in the standardization of catch rates as well as multiple habitat 

factors. Juvenile habitat was characterized by a preference for habitat with seagrass. Increasing 

population abundance trends from South Carolina and North Carolina were synchronous with 

each other and asynchronous with Floridaôs trend of being stable and then decreasing in more 

recent years. I then accounted for spatial heterogeneity such as latitudinal gradients in vital rates 

like growth and natural mortality (M), dimorphic growth within and among management units, 

and localized depletion when estimating population trends using an integrated assessment. I 

recommend a spatially-structured assessment and management strategy consisting of two 

independently modeled regions defined as a northern region with all the states from Georgia to 

Virginia while Florida be modeled separately to make up the southern region. This spatial 

structure indicated that neither stock was overfished, and overfishing was not occurring however, 

population trends showed signs for concern and management actions should be considered 

cautiously. Finally, using a simulation experiment, I explored data-limited methods as an 

alternative for estimating stock status and informing management decisions when an integrated 

assessment would not be feasible. Findings suggest the DB-SRA method can provide improved 

estimates of an overfishing limit (OFL) for sheepshead compared to the other methods tested. 



Furthermore, implementing multiple data-limited methods and method types can provide a broad 

perspective of the range of the OFL for management purposes. This research explores multiple 

methods for characterizing population trends and provides valuable strategies for responsibly 

assessing and managing fisheries with spatial heterogeneity such as southeast US Atlantic 

sheepshead and other similar reef-fish species. 
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Figure 3.2:  Time-series estimates of removals (harvest and dead discards as calculated in Catch 

time-series) and effort from the Marine Recreational Information Program (MRIP).
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Figure 3.3:  Estimates of overfishing limit (OFL) relative error to true OFL (solid red line) for 

data-limited 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 
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Figure 3.4:  Estimates of overfishing limit (OFL) for data-limited methods applied to observed 

Atlantic sheepshead data along with estimates of OFL from the integrated Stock 

Synthesis (SS3) presented in Integrated assessment are presented for both northern 

and southern regions. 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 the terminal year of the catch time-series. ........................ 155 
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Abstract 

We used generalized linear (GLM) and random forest (RF) modeling to standardize trends in 

relative abundance of southeast US Atlantic sheepshead (Archosargus probatocephalus) from 

available fishery-independent survey data. RF modeling was found to be superior to GLM based 

on cross-validation 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 habitat factors 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, seasonality, and habitat type with seagrass-salt marsh interface and salt marshes with 

seagrass being the preferred habitat for young-of-the-year (YOY) sheepshead. We found an 

increasing trend in relative abundance of sheepshead in the North (North Carolina and South 

Carolina) but a stable and then decreasing trend in the south (i.e., Florida). Northern indices were 

spatially synchronous with each other, but the Florida indices were asynchronous with the 

northern region suggesting the need for assessing these regions as 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). 
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Introduction  

Fishery-independent surveys are performed to gather data for estimating indices of relative 

abundance as opposed to relying solely on catch and effort data from fishery-dependent sources. 

Fishery-dependent data can have bias from changes in fleet efficiency, targeting, and fleet 

dynamics (Maunder et al., 2006; Palomares and Pauly, 2019). Indices of relative abundance of 

multiple ages within a stock from well-designed fishery-independent sampling programs can 

provide an indication of population dynamics and the impacts of removals on the underlying 

population structure over time. Further, juvenile abundance indices (JAI) can provide important 

information on annual variability in recruitment and are useful for projections of future 

population size and year class strength in the fishery and spawning stock dynamics (Bacheler 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) other than population dynamics (Maunder 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 the species of interest (Hilborn and Walters, 1992). 

Sheepshead (Archosargus probatocephalus, Sparidea) is a reef-fish species that is highly 

sought after by commercial and recreational fishers along the southeast US Atlantic coast (SE-

US; NCDENR, 2015). This species is commonly found in estuarine and coastal waters around 

various forms of structures that are natural (e.g., rock, wood, vegetation, shellfish beds) and 

artificial (e.g., jetties, pier pilings, navigation markers, seawalls, breakwaters) and use their 

powerful incisors and molars to collect, break apart, and consume invertebrates (e.g., shellfish 

and sea urchins; NCDENR, 2015). Sheepshead range from Nova Scotia to Florida in the Atlantic 

Ocean with the majority of recreational harvest occurring from Virginia to Florida with 



3 

 

commercial landings primarily in North Carolina (NC) and Florida (Jennings, 1985; Wenner and 

Archambault, 2006). 

Currently there are no stock assessments of sheepshead for the Virginia to Georgia portion 

of the US east coast. However, the state of Florida conducts a stock assessment of sheepshead for 

its waters only (Munyandorero et al., 2017). There are multiple fishery-independent surveys 

coordinated by state agencies, and universities from NC to Florida in which sheepshead are 

commonly sampled. These surveys provide a source of information for developing indices of 

relative abundance and characterizing juvenile habitat. Additionally, recent analyses of growth in 

sheepshead provide evidence of stock structure within the US Atlantic coastline (Adams et al., 

2018) and our analyses of fishery-independent data have the potential to provide further 

information on stock structure. 

Here, we analyzed existing fishery-independent survey data from the SE-US to 

characterize trends in sheepshead abundance, determine if there were spatial synchrony that 

might inform stock structure, and characterize juvenile sheepshead habitat. The latter objective 

was to inform recommendations for expansion of North Carolina Division of Marine Fisheries 

(NCDMF) sampling programs for a juvenile abundance index (JAI) for sheepshead. Resulting 

annual predictions were used to examine trends in relative abundance and for use in an integrated 

stock assessment of sheepshead (Chapter 2). 

Methods 

We examined multiple fishery-independent surveys in the SE-US for records of 

sheepshead. We examined surveys that occurred from Florida to Virginia where the bulk of 

sheepshead landings occur. These surveys cover different spatial scales and habitat types (i.e., 

coastal and estuarine), use different gear types, and sample different life-stages. This allows for a 
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more complete representation of sheepshead stock abundance trends for the SE-US. There were 

multiple surveys that caught sheepshead; however, some surveys had very low catch rates or had 

too low sample size for our standardization models to converge (see Development of estimates 

below); these surveys included NCDMFôs program 195 and program 120 and were not 

considered further. Below, we provide brief information on the methods of each survey that 

consistently caught (i.e., multiple positive observations in each year and strata included) 

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

SEAMAP-SA 

 The Southeast Area Monitoring and Assessment Program - South Atlantic (SEAMAP-

SA) coast-wide trawl is a random stratified survey utilizing paired mongoose-type Falcon trawl 

nets (22.9-m each) and is executed in the spring (April-May) and autumn (October-November) 

and spans from Cape Canaveral Florida to Cape Hatteras North Carolina (Figure 1.1). Further 

details on data collection is outlined in SEAMAP-SA (2016). For many species, SEAMAP-SA is 

typically used to index juvenile fish production coming out of estuaries in the autumn however, 

for sheepshead, catches primarily consist of adults since it does not operate in estuaries where 

juvenile sheepshead are commonly found. Therefore, SEAMAP-SA is unlike the other surveys 

described below that operate in estuaries where both juvenile and adult sheepshead are 

commonly found. Catch rates for sheepshead were very low for all strata south of Long Bay, 

South Carolina and impacted standardization; therefore, SEAMAP-SA data from south of Long 

Bay (including Georgia and Florida) were excluded from the analyses. Thus, the SEAMAP-SA 

sheepshead index represents the northern-most coastal ocean waters of South Carolina and the 

mid- to southern most coastal areas of North Carolina. 
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NC-gillnet (P915) 

 The North Carolina Division of Marine Fisheries (NCDMF) Program 915 Pamlico Sound 

independent gillnet (NC-gillnet) is a random stratified survey conducted in all estuaries in North 

Carolina (Figure 1.2). This survey is performed using a pair of multi-panel nets that are each 

comprised of eight 27.4 m panels of 7.6, 8.9, 10.2, 11.4, 12.7, 14.0, 15.2, and16.5 cm stretched 

mesh. The two multi-panel nets are set in close proximity with one being a deep set and the other 

being a shallow set. Further details on this surveyôs methods are outlined in Lee et al. (2018). 

SC-trammel 

 The South Carolina Department of Natural Resources (SCDNR) trammel-net (SC-

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 Basin (Figure 1.3). The trammel net used is 184-m long by 2.1-m deep with 

177-mm outer mesh and 63-mm inner mesh. This survey is conducted using methods outlined in 

SCDNR (2018). 

FWCC-FIM 

 The Florida Fish and Wildlife Conservation Commission Fisheries-Independent 

Monitoring (FWCC-FIM) program caught sheepshead in haul seine and bag seine surveys. These 

two surveys are random stratified and indices were developed using catches from the Atlantic 

coast (Figure 1.4). The post-YOY survey (sheepshead  100-mm standard length were 

considered Age-1+) uses a 183-m haul seine and is conducted in the Indian River Lagoon and St. 

Johns River throughout the year. The YOY survey (sheepshead  40-mm standard length were 

considered to be Age-0) uses a 21.3-m bag seine conducted in the Indian River Lagoon and is 

conducted during the Florida sheepshead recruitment window from April-June. Both the haul 
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seine and bag seine surveys were designed as multi-species surveys and sheepshead are 

encountered relatively consistently in each. Further information about the two sampling 

programs can be found in Munyandorero et al. (2017). 

UNC-IMS 

 The University of North Carolina Institute of Marine Sciences (UNC-IMS) estuarine 

trawl survey is conducted in Back and Core Sounds during late spring, summer, and fall months 

using a 5-m otter trawl with a 4-seam balloon design (Figure 1.5); tows are at fixed sites and 

conducted in various shallow water estuarine habitat types during periods that corresponded with 

the presence of most shallow water estuarine juveniles as detailed in Baillie et al. (2015). 

Development of estimates 

All analyses were performed using the R statistical language (R Core Team, 2020). The 

nominal relative abundance time-series estimates for random stratified surveys were developed 

following methods from (Cochran, 1977) as: 

where the stratified mean catch-per-unit-effort (CPUE; ώ) was calculated as the summation of 

the products of the stratum-specific weights (ὡ ; based on area) and stratum-specific mean 

CPUEs (ώ) for the total number of strata L. 

 We compared generalized linear models (GLMs) and random forests (RFs) in their fits 

and predictions for the sheepshead surveys described above. Modeling using GLMs present 

constraints due to statistical assumptions not applicable to RFs and should be considered 

carefully when standardizing relative abundance indices. Highly influential values were removed 

based on residuals versus leverage plots (threshold at Cookôs distance=1). Collinearity can cause 

ώ ὡ ώ  (1) 
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inflation of P-values when using GLMs due to correlation between covariates; therefore, 

potential covariates were evaluated for collinearity with variance inflation factors. For the 

standardization of sheepshead survey data, we compared the performance of GLMs and RFs 

using root mean square error (RMSE) of the response variable and 10-fold cross-validation of the 

predictive capacity to select the best modelling approach. RMSE was calculated as: 

ὙὓὛὉ ὙὩίὴέὲίὩ ὺὥὶὭὥὦὰὩ ὙὩίὴέὲίὩ ὺὥὶὭὥὦὰὩ  (2) 

Cross-validation is a common method for comparing models with differing assumptions 

regarding the distributional functions generating the data by evaluating model performance via 

the estimation of predictive performance (Geisser and Eddy, 1979; Sivula et al. 2020). Cross-

validation was implemented by splitting the data into ten, approximately equal sized datasets or 

ñfoldsò, by randomly sampling the data without replacement. For each model run, one fold was 

withheld for testing the predictive capacity while the remaining nine folds were used for 

ñtrainingò the model. Then, the trained model was used to predict the response variable on the 

testing fold. This process was repeated with a different fold being withheld each time until all ten 

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

predictions was used for comparing performance among models. 

The Poisson and negative binomial distributions can be used when applying GLMs to 

model count data with the assumption that the mean and the variance are approximately equal 

(equidispersion). For the Poission distribution, overdispersion is characterized by a variance 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, non-linear relationships, and not modeling spatial or 
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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 were avoided, when possible, by carefully specifying an appropriate error 

distribution and including suitable covariates. For data with excessive zeros, zero-truncated 

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, zero-inflated models were applied (Minami et al., 2007). 

Any stratum with fewer than five positive observations was removed. 

GLMs (implemented for negative binomial using the R package MASS; Ripley (2011); 

implemented for zero-inflated and zero-altered using the R package pscl; Jackman et al. (2015)) 

were fitted initially with all available covariates that were considered important for impacting 

relative abundance based on biology, ecology, and life-history of sheepshead and then evaluated 

relative to reduced models. To find the best-fitting and most parsimonious model, an initial 

model was fitted with all potential covariates and each covariate was tested for significance using 

a likelihood ratio test (‌ πȢπρ) following the methods from Lee et al. (2018) and covariates 

that were not significant were removed using backwards selection. Only models 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 types. The response variable (Y) was number of sheepshead caught and if there 

were differences in survey effort among sampling units, the natural logarithm of effort (ln(f)) 

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

ὣͯ ‍ὢ ‍ὢ ‍ὢȣ ‐  (3) 
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where ‍ȟȟȟȣ were the coefficients for the potential predictor variables (ὢȟȟȟȣ) and ‐ was 

random error. When the selected model was a zero-inflated or zero-altered model (a.k.a., hurdle 

model), estimates of relative abundance and standard error were developed by bootstrapping 

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

The random forest algorithm (implemented using the R package randomForest; Liaw 

and Wiener, 2002) is a supervised learning classifier that applies an ensemble of decision trees 

(Breiman, 2001; Díaz-Uriarte and Alvarez de Andrés, 2006). RFs provide robust predictions and 

are less susceptible to overfitting as each decision tree randomly samples (with replacement) 

from the dataset (i.e., bootstrap aggregation or ñbaggingò) and each tree can only utilize a 

random subset of features to model, further increasing the model diversity (and reducing 

dependence) between individual trees (Siroky, 2009). 

RFs were fitted initially with all available covariates that were considered potentially 

important (i.e., explained variability in observed data) for impacting relative abundance based on 

biology, ecology, and life-history of sheepshead. Numerical missing values were imputed by 

weighted moving average (window width of k=4; implemented in the R package imputeTS; 

Moritz and Bartz-Beielstein, 2017). Highly influential values were removed based on residuals 

versus leverage plots (threshold at Cookôs distance=1). Covariates were evaluated for predictive 

performance using the Boruta algorithm (implemented in the R package Boruta; Kursa and 

Rudnicki, 2010), which calculated covariate importance based on accuracy loss in classification 

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

The Boruta algorithm accomplishes this evaluation by randomly reshuffling each 

covariate in the data frame to create what are termed ñshadowò covariates. The importance of 

potential covariates and shadow covariates are calculated and the shadow covariates with the 
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lowest, median, and highest importance contribute to the minimum (ñshadowMinò), mean 

(ñshadoMeanò), and maximum (ñshadowMaxò) shadow covariate distributions, respectively. 

This process is repeated over many iterations (i.e., for each new bootstrap model fit) to develop 

importance distributions for potential covariates as well as shadowMin, shadowMean, and 

shadowMax. These three shadow importance distributions can be used as criteria for whether to 

include a potential covariate with upper, intermediate, and lower thresholds for predictive 

performance. Typically, potential covariate importance distributions with a mean below the 

shadowMin mean would 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 preference of the analyst. For our analyses, we chose to exclude any 

potential covariate with an importance distribution mean below the shadowMax mean to develop 

the most parsimonious model. However, all three shadow covariate distributions are provided for 

completeness. 

In fitting the RFs, we followed the random forest tuning process by Liaw and Wiener 

(2002) where multiple bootstrap datasets (ntree=500) were sampled from the data and then 

decision trees were developed from the bootstrapped data with a subset (mtry={2, 3, or 4}) of 

randomly selected potential covariates at each node. The hyperparameter mtry was set using ñout-

of-bagò predictive accuracy for each survey.  The split at each node with the highest predictive 

accuracy was chosen and final predictions were made by averaging over all the decision trees. 

Standard deviation was estimated using bootstrapping. 

Methods for developing indices using the FWCC-FIM survey data were accomplished by 

evaluating potential covariates previously used in the standardization process outlined in 

Munyandorero et al. (2017). To remain consistent with Munyandorero et al. (2017), seasonal 



11 

 

indices were not developed for FWCC-FIM Age-1+ or for FWCC-FIM YOY data sets; these 

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

Tests of spatial synchrony 

Correlation analyses using Pearsonôs correlation (Benesty et al., 2008) were applied to 

each pair of indices combinations to test for spatial synchrony between geographically-distinct 

indices. Seasonal indices developed from specific surveys were linked in the same year i.e., 

autumn was linked to the previous spring of the 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.  

Results/ Discussion 

Generalized linear and random forest model comparison 

 Quantitative fisheries scientist have often used GLMs (McCullagh and Nelder, 1989) for 

the standardization of relative abundance indices (Maunder and Punt, 2004). However, we found 

the performance of RFs to be superior or approximately equivalent (i.e., < 2% difference in 

RMSE) to performance of GLMs in seven of the nine surveys (Table 1.1). Similarly, Li et al. 

(2015) compared the performance of RFs, among other machine learning algorithms, with GLMs 

for the standardization of relative abundance indices for Japanese Spanish mackerel in the gillnet 

fishery and recommended the use of either RFs or support vector machines (SVMs) over GLMs 

based on their superior performance demonstrated using 10-fold cross validation. RFs have also 

been used to develop species distribution models for 21 marine dispersal species for bottom trawl 

data sampled from the coastal waters of Shandong Peninsula, China (Luan et al., 2020). Given 

the outcome of our analyses and work by others, we used RFs to develop relative abundance 
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indices and to characterize juvenile habitat for sheepshead in estuarine and ocean habitat of the 

SE-US. 

Important covariates for sheepshead catch and standardization indices of abundance 

The relative importance of covariates to sheepshead catch are presented in 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 range (i.e., there may be very few 

data points on the ends of the data range to inform the 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 SEAMAP-SA data were 

highly variable with no discernible trend in relative abundance from 1994 to 2019 (Figure 1.6). 

The spring and autumn standardized indices differed from the nominal indices in 32% and 29% 

(respectively) of the years modeled; that is, the nominal annual abundances often fell well out of 

the error range of the RF-standardized estimated abundance. These differences may be a result of 

low sample sizes of positive tows with sheepshead ( 8 tows per stratum per year; see Appendix 

A); this allowed individual observation variability to have a large influence on predicted 

abundance. Furthermore, the SEAMAP-SA survey demonstrated temporal and spatial 

inconsistency in catch rates of sheepshead (see Appendix A) and may not be representative of 

sheepshead abundance in the southeast Atlantic. For these reasons, SEAMAP-SA may not be 

appropriate for use in stock assessment and was not used in the spatial synchrony analysis 

described below. 

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

bottom depth) and dynamic (e.g., temperature) covariates. For the spring NC-gillnet index, 
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bottom salinity, sediment size, strata, bottom temperature, bottom composition, distance from 

shore, depth, and year were important (Figure 1.7). The predicted response of catch rate 

(PredCR) was variable between ~10°C and ~30°C (Figure 1.8). PredCR declined between 

~21ppt and ~27ppt salinity and increased above ~27ppt. PredCR declined between ~0.5m and 

~2m depth and increased above ~2m. PredCR indicated an increasing trend between ~50m and 

~1000m from shore and was higher for bottom composition of grass, shell, or shell-grass, 

sediment size of hard sand or unknown, and in the shallow strata in Dare County. 

For the autumn NC-gillnet index, bottom dissolved oxygen, sediment size, bottom 

composition, bottom temperature, year, bottom salinity, distance from shore, depth, and strata 

were important covariates in the NC-gillnet (Figure 1.9). PredCR declined between ~10°C and 

~21°C and increased between ~21°C and ~30°C (Figure 1.10). PredCR indicated an increasing 

trend between ~10ppt and ~22ppt salinity. PredCR declined between ~6mg/L and ~8.2mg/L 

dissolved oxygen and then increased between ~8.2mg/L and ~12mg/L. PredCR increased 

between depth of ~0.5m and ~1.25m and declined between ~1.25m and ~2m. PredCR declined 

between ~50m and ~700m distance from shore and was higher for bottom composition of 

unknown, grass, or shell-grass, sediment size of clay, muddy sand, and sandy mud, and in the 

Dare County strata. 

The spring and autumn standardized indices derived from the NC-gillnet survey were 

highly variable with a stable or increasing trend in relative abundance from 2001 to 2019 (Figure 

1.6). The standardized and nominal indices were very similar except in 2014 in the autumn 

survey. 

For the spring SC-trammel index, tide, bottom dissolved oxygen, depth, bottom 

temperature, year, strata, and bottom salinity were important (Figure 1.11). PredCR was variable 
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between higher above ~15°C and ~33°C (Figure 1.12). PredCR declined between ~15ppt and 

~22ppt salinity and then increased between ~23ppt and ~36ppt. PredCR was highly variable 

between ~0.25m and ~2m depth and between ~4mg/L and ~8mg/L dissolved oxygen. PredCR 

was higher for late ebb tide, and in the Charleston Harbor and Cape Romain strata. 

For the autumn SC-trammel index, tide, depth, year, bottom salinity, bottom dissolved 

oxygen, bottom temperature, and strata were important covariates (Figure 1.13). PredCR 

increased between ~10°C and ~32°C (Figure 1.14). PredCR declined between ~10ppt and 

~20ppt salinity and then increased between ~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 and ~10mg/L. PredCR was higher for mid 

ebb tide, and in the Charleston Harbor and Cape Romain strata. 

The spring and autumn standardized indices derived from the SC-trammel survey were 

highly variable with a stable or increasing trend in relative abundance from 1994 to 2019 (Figure 

1.6). The standardized and nominal indices were very similar except in 2013 in the spring 

survey. 

For the FWCC-FIM Age1+ index, bottom vegetation, shore type, bottom temperature, 

month, year, bottom salinity, and strata were important (Figure 1.15). PredCR was variable 

between ~10°C and ~30°C and then increased between ~30°C and ~34°C (Figure 1.16). PredCR 

declined from ~0.5ppt and ~20ppt salinity and increased between ~20ppt and ~40ppt. PredCR 

was higher in February and June - October, in emergent and terrestrial shore type, in submerged 

aquatic vegetation, and in Indian River zone ñFò and Tequesta strata. 
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For the FWCC-FIM YOY index, bottom vegetation, year, bottom temperature, bottom 

salinity, month, and strata were important covariates (Figure 1.17). PredCR was variable 

between ~20°C and ~30°C and then increased between ~30°C and ~34°C (Figure 1.18). PredCR 

decreased between ~0.5ppt and ~27ppt salinity and then increased between ~27ppt and ~40ppt. 

PredCR was higher in May, in submerged aquatic vegetation, and in Indian River zones ñFò and 

ñHò strata. 

The Age1+ and YOY indices derived from the FWCC-FIM survey were highly variable 

with an increasing trend at the beginning of the time-series followed by relative stability until 

2015 for the YOY index and 2016 for the Age1+ index when the indices indicated a decreasing 

trend in relative abundance (Figure 1.6). The standardized and nominal indices were very similar 

throughout the time-series. The standardized index was also similar to the previously published 

(Munyandorero et al., 2017) index which, indicated a stable trend throughout the time-series and 

the assessment indicated that the stock was not overfished and overfishing was not occurring. 

However, the trend presented here indicated that the trend was decreasing since 2015, 

emphasizing the need for an update of the stock status. 

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

NC YOY in our analyses (UNC-IMS survey) and prior findings in other estuarine systems. 

 For the UNC-IMS survey of YOY, depth, bottom salinity, season, habitat, bottom 

temperature, and year were important (Figure 1.19). PredCR was variable between ~20°C and 

25°C and then increased between ~25°C and ~30°C (Figure 1.20). PredCR was highly variable 

between ~30ppt and ~35ppt salinity and declined between ~0.5m and ~1m depth with variable 

PredCR between ~1m and ~2m depth. PredCR was higher in summer, in saltmarsh creek with 

seagrass and seagrass saltmarsh interface, and in 2011. Similar to east coast FL and NC YOY 
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data in our study, Froeschke et al. (2020) found that month (May and June were highest) and 

salinity (<10 ppt) were important predictors for juvenile sheepshead distribution in Tampa Bay, 

FL. These results were similar to Baillie et al. (2015) findings on juvenile sheepshead who used 

linear mixed effects models to analyze these data for habitat use information from samples 

collected 2010, 2011, and 2012 and for evaluation of factors affecting nekton catch rates and 

species diversity using regression trees. This is not an unusual pattern as other juvenile fish that 

hatch in the spring also feed and grow in estuary nurseries (e.g., saltmarsh and seagrass) 

throughout the summer (Jennings, 1985). 

 Factors that were important to mean catch rates comprised time (month, season), space 

(strata, distance from shore) and habitat factors 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, seasonality, and habitat type with seagrass-salt marsh interface and salt marshes with 

seagrass being the preferred habitat for young-of-the-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 and the Carolinas. North Carolina and South Carolina 

survey indices correlated strongly (rÓ0.48) within and among surveys (Figure 1.21). The Florida 

survey indices were strongly correlated with each other (r=0.82); however, we found weak 

correlations (rÒ0.2) with the North Carolina and South Carolina survey indices. Jiao et al. (2016) 

investigated asynchrony in eight Atlantic weakfish surveys and found 10.7% of the standardized 

survey indices combinations had moderate to high correlations (Ó0.4), 46.4% of the correlations 
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were low or very low (0Òx<0.4), and 42.9% had negative correlations. The spatial synchrony of 

sheepshead indices was slightly better, with 46.7% of the correlation combinations with 

moderate to high correlations (Ó0.4), 33.3% of the correlations with low or very low (0Òx<0.4), 

and 20.0% with negative correlations. By separating the southern region (i.e., Florida) indices 

from the northern region indices, the regional surveys were completely spatially synchronous 

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

Detailed descriptions of resulting correlations to the SEAMAP-SA survey are not 

included with the spatial synchrony analysis (as described in Important covariates for 

sheepshead catch and standardization indices of abundance) however, these surveys tended to 

correlate with the northern region as five of the eight correlation combinations resulted in 

correlations between 0.2 and 0.44 whereas, the southern region correlations were  0.13. These 

results would be expected as the SEAMAP-SA strata included in the analysis were those from 

the northern region (see SEAMAP-SA). 

The spatial synchrony analysis suggests spatial heterogeneity in the southeast Atlantic 

sheepshead stock. Adams et al. (2018) and Teears (Chapter 2) found evidence for growth 

differences along the US east coast that also provide support for stock structure within US 

Atlantic sheepshead. The length-at-age of sheepshead (age-5, 10, and 15 years) and 

weight/length relationship parameters in Virginia, NC, and SC are more similar to each other 

than for the FL Atlantic. Seyoum et al. (2017) found evidence for a higher proportion of separate 

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

Conclusion 

Many of the surveys standardized using RFs indicated similarities in the covariates that 

were important for predicting the catch rates of sheepshead (Table 1.2). Temperature was an 
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important covariate in all the models, emphasizing the ecological importance of temperature on 

the movement and behavior patterns of sheepshead as adults and juveniles. Likewise, salinity 

also plays a pivotal role in the ecology of sheepshead as salinity was an important covariate for 

all the models except for one (i.e., SEAMAP-SA). 

Other habitat factors of dissolved oxygen, depth, tide, distance from shore, sediment size, 

bottom composition, and bottom vegetation (Table 1.2) were also important covariates when 

they were available however, several surveys lacked adequate data to include these covariates. 

Cao et al. (2017) demonstrated the importance of including both static and dynamic habitat 

variables for explaining variability in the standardization model. We recommend including 

information of these types when designing or updating surveys for similar reef-fish species 

designed to characterize relative abundance of sheepshead. Specifically for the juvenile habitat 

characterization, there was a preference for habitat with seagrass (i.e., seagrass-salt marsh 

interface and saltmarsh creek with seagrass), which was consistent with previous research where 

seagrass beds have been shown to be important for fishery species, especially at juvenile stages 

(Cullen-Unsworth et al., 2014; Jackson et al., 2001; Nagelkerken, 2009; Scapin et al., 2016). 

There were important temporal covariates of month and season that played a role in 

annual abundance and juvenile habitat characterization however, three of the surveys were 

modeled separately by season thereby, removing the need for including season or month as 

factors. 

There was also an important spatial component to predicting sheepshead as strata was an 

important covariate for all the models where it was a potential covariate. The effect of strata on 

estimates of relative abundance has been applied in previous work on standardizing trawl 

surveys in the southeast Atlantic on similar reef-fish species such as southern flounder (Lee et 
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al., 2018). Hilborn and Walters (1992) recommend the use of stratification in survey design used 

for developing relative abundance indices to account for spatial heterogeneity by ensuring that 

within stratum samples have similar levels of variability. Bishop (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 sheepshead that incorporated 

environmental and sampling protocol information in a statistical standardization differed from 

the nominal value. We assume the standardize annual estimates provide a better indication of 

population size as has been shown by others (Berger et al., 2012; Cao et al., 2017; Setyadji and 

Fahmi, 2020). The resulting estimates indicate an overall increasing population abundance in 

South Carolina and North Carolina while the trend in Florida indicated a stable and then 

decreasing population in more recent years. The correlations 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 in spatial synchrony between Florida and the northern states (i.e., North 

Carolina and South Carolina), along with differences found in growth parameters (Adams et al. 

2018; Teears (Chapter 2) we recommend that Atlantic coast stock assessment modeling consider 

a northern (VA, NC, SC) and southern (FL) stock and a sensitivity study to determine which 

stock should include GA. 
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Tables 

Table 1.1: Resulting average root mean squared error (RMSE) using 10-fold cross-validation for 

generalized linear models (GLMs) and random forests (RFs). 

  

GLM  

Dispersion 

10-fold Cross-Validation average 

RMSE 

Survey 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 

SC-trammel spring 1.16 4.38 0.57 

SC- trammel autumn 1.05 0.70 0.71 

FWCC-FIM Age1+ 1.17 4.27 4.55 

FWCC-FIM YOY 0.65 3.99 4.98 

UNC-IMS YOY 1.26 3.27 1.28 
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Table 1.2: Potential covariates from random forest standardization models by survey/season. Covariates are bottom temperature (Btm 

Temp), bottom salinity (Btm Sal), bottom dissolved oxygen (BDO), depth, time 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 vegetation (Btm Veg), 

and Strata. NA represents covariate data were not available or not considered and ñïò represents a covariate that was evaluated but not 

selected based on selection criteria. 

 Survey 

Potential 

Covariates 

NC-gillnet 

spring 

NC-gillnet 

autumn 

SC-trammel 

spring 

SC-trammel 

autumn 

FWCC-FIM 

Age1+ 

FWCC-FIM 

YOY UNC-IMS 

Btm Temp X X X X X X X 

Btm Sal X X X X X X X 

BDO ð X X X NA NA NA 

Depth X X X X NA NA X 

Tide NA NA X X NA NA NA 

TOD NA NA NA NA NA NA ð 

Month NA NA NA NA X X NA 

Habitat  NA NA NA NA NA NA X 

Season NA NA NA NA NA NA X 

Dist Shore X X NA NA NA NA NA 

Shore Type NA NA NA NA X ð NA 

Sed Size X X NA NA NA NA NA 

Sed Type NA NA NA NA ð ð NA 

Btm Veg NA NA NA NA X X NA 

Btm Comp X X NA NA NA NA NA 
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Figures 

  

Figure 1.1: SEAMAP-SA trawl sampling locations. Figure from SEAMAP-SA (2016). 
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Figure 1.2: North Carolina Pamlico Sound gillnet (P915) sampling locations. Figure 

from Anne Markwith (NCDMF). 
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Figure 1.3: South Carolina trammel net sampling locations. Figure from 

Joseph Ballenger (SCDNR). 



28 

 

  

Figure 1.4: Florida Fishery Independent Monitoring program sampling 

locations. Figure from FWCC (2021). 
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Figure 1.5: UNC-IMS sampling locations in Back Sound and southern Core 

Sound, North Carolina. Figure adapted from Baillie et al. (2015). 
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Figure 1.6: Mean-centered RF-standardized indices of relative abundance (with standard 

error intervals) derived from fishery-independent surveys with nominal or previously 

published indices for comparison. SEAMAP-SA spring survey years 1997-1999 and 2005 

and SEAMAP-SA autumn survey in 2018 excluded due to very low catch rates. 
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Figure 1.7: Variable importance distributions for potential and shadow covariates for the 

NC-gillnet spring survey including bottom temperature (ñBTempò), bottom salinity 

(ñBSalò), bottom dissolved oxygen (ñBDOò), sediment size (ñSedSizeò), bottom 

composition (ñBtmCompò), and distance from shore (ñDistShoreò). Shadow covariates are 

in blue and covariates with mean variable importance above the mean of the best shadow 

covariate distribution (shadowMax) are in green. Covariates in red have mean variable 

importance below the mean of shadowMax. 
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Figure 1.8: Predicted response (red) to bottom temperature (a; °C), bottom salinity (b; ppt), depth (c; m), distance from shore (d; 

m), bottom composition (e; i.e., unknown (ñUnkò), algae (ñAò), bryozoan (ñBò), detritus (ñDò), grass (ñGò), grass-algae (ñGAò), 

grass-algae-detritus (ñGADò), grass-detritus (ñGDò), no grass (ñNGò), shell (ñSò), shell-algae (ñSAò), shell -detritus (ñSDò), shell-

grass (ñSGò), shell-grass-algae ("SGAò), and tunicate (ñTò)), sediment size (f; i.e., unknown (ñUnkò), cemented hard bottom or 

rock (ñCeò), clay (ñClò), hard mud (ñHMò), hard sand (ñHSò), mud (ñMò), muddy sand (ñMSò), sand (ñSò), sandy mud (ñSaMò), 

and soft mud (ñSoMò)), and strata (g; i.e., Dare County-shallow (ñWANC1ò), Dare County-deep (ñWANC2ò), Hyde County-

shallow (ñWASH1ò), and Hyde County-deep (ñWASH2ò)) with rug plots on continuous y-axes (depth rug plot jittered) for the 

NC-gillnet spring survey. 
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Figure 1.9: Variable importance distributions for potential and shadow covariates for the 

NC-gillnet autumn survey including bottom temperature (ñBTempò), bottom salinity 

(ñBSalò), bottom dissolved oxygen (ñBDOò), sediment size (ñSedSizeò), bottom 

composition (ñBtmCompò), and distance from shore (ñDistShoreò). Shadow covariates are 

in blue and covariates with mean variable importance above the mean of the best shadow 

covariate distribution (shadowMax) are in green. 
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Figure 1.10: Predicted response (red) to bottom temperature (a; °C), bottom salinity (b; ppt), dissolved oxygen (c; mg/L), depth (d; 

m), distance from shore (e; m), bottom composition (f; i.e., unknown (ñUnkò), algae (ñAò), bryozoan (ñBò), detritus (ñDò), grass 

(ñGò), grass-algae (ñGAò), grass-algae-detritus (ñGADò), grass-detritus (ñGDò), no grass (ñNGò), shell (ñSò), shell-algae (ñSAò), 

shell-detritus (ñSDò), shell-grass (ñSGò), shell-grass-algae ("SGAò), and tunicate (ñTò)), sediment size (g; i.e., unknown (ñUnkò), 

cemented hard bottom or rock (ñCeò), clay (ñClò), hard mud (ñHMò), hard sand (ñHSò), mud (ñMò), muddy sand (ñMSò), sand 

(ñSò), sandy mud (ñSaMò), and soft mud (ñSoMò)), and strata (h; i.e., Dare County-shallow (ñWANC1ò), Dare County-deep 

(ñWANC2ò), Hyde County-shallow (ñWASH1ò), and Hyde County-deep (ñWASH2ò)) with rug plots on continuous y-axes (depth 

rug plot jittered) for the NC-gillnet autumn survey. 
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Figure 1.11: Variable importance distributions for potential and shadow covariates for the 

SC-trammel spring survey including bottom temperature (ñBTempò), bottom salinity 

(ñBSalò), and bottom dissolved oxygen (ñBDOò). Shadow covariates are in blue and 

covariates with mean variable importance above the mean of the best shadow covariate 

distribution (shadowMax) are in green. 
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Figure 1.12: Predicted response (red) to bottom temperature (a; °C), bottom salinity (b; ppt), depth (c; m), bottom dissolved 

oxygen (d; mg/L), tide (e), and strata (f; i.e., ACE Basin (ñABò), Ashley River (ñARò), Charleston Harbor (ñCHò), Cape Romain 

(ñCRò), Lower Wando River (ñLWò), Port Royal Sound (ñPRò), and Winyah Bay (ñWBò)) with rug plots on continuous y-axes 

(depth rug plot jittered)  for the SC-trammel spring survey. 
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Figure 1.13: Variable importance distributions for potential and shadow covariates for the 

SC-trammel autumn survey including bottom temperature (ñBTempò), bottom salinity 

(ñBSalò), and bottom dissolved oxygen (ñBDOò). Shadow covariates are in blue and 

covariates with mean variable importance above the mean of the best shadow covariate 

distribution (shadowMax) are in green. 
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Figure 1.14: Predicted response (red) to bottom temperature (a; °C), bottom salinity (b; ppt), depth (c; m), bottom dissolved 

oxygen (d; mg/L), tide (e), and strata (f; i.e., ACE Basin (ñABò), Ashley River (ñARò), Charleston Harbor (ñCHò), Cape 

Romain (ñCRò), Lower Wando River (ñLWò), Port Royal Sound (ñPRò), and Winyah Bay (ñWBò)) with rug plots on 

continuous y-axes (depth rug plot jittered)  for the SC-trammel autumn survey. 
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Figure 1.15: Variable importance distributions for potential and shadow covariates for the 

FWCC-FIM Age1+ survey including bottom temperature (ñBTempò), bottom salinity 

(ñBSalò), bottom vegetation (ñBottomVegò), sediment type (ñSedTypeò), and shore type 

(ñShoreTypeò). Shadow covariates are in blue and covariates with mean variable 

importance above the mean of the best shadow covariate distribution (shadowMax) are in 

green. Covariates in red have mean variable importance below the mean of shadowMax. 
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Figure 1.16: Predicted response (red) to bottom temperature (a; °C), bottom salinity (b; ppt), month (c), shore type (d; i.e., 

emergent vegetation (ñEmeò), other, and terrestrial managed (ñTerò)), bottom vegetation (e; i.e., other and submerged aquatic 

vegetation (ñSAVò)), and strata (f; i.e., Indian River (ñIR-ñ), Northeast (ñJX-ñ), and Tequesta (ñTQ-ñ)) with rug plots on 

continuous y-axes for the FWCC-FIM Age1+ survey. 
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Figure 1.17: Variable importance distributions for potential and shadow covariates for the 

FWCC-FIM YOY survey including bottom temperature (ñBTempò), bottom salinity 

(ñBSalò), bottom vegetation (ñBottomVegò), sediment type (ñSedTypeò), and shore type 

(ñShoreTypeò). Shadow covariates are in blue and covariates with mean variable 

importance above the mean of the best shadow covariate distribution (shadowMax) are in 

green. Covariates in red have mean variable importance below the mean of shadowMax. 
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Figure 1.18: Predicted response (red) to bottom temperature (a; °C), bottom salinity (b; ppt), month (c), bottom vegetation (d; 

i.e., other and submerged aquatic vegetation (ñSAVò)), and strata (e; i.e., Indian River (ñIR-ñ), Northeast (ñJX-ñ), and 

Tequesta (ñTQ-ñ)) with rug plots on continuous y-axes for the FWCC-FIM YOY survey. 
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Figure 1.19: Variable importance distributions for potential and shadow covariates for the 

UNC-IMS survey including bottom temperature (ñBTempò), bottom salinity (ñBSalò), and 

time of day (ñTODò). Shadow covariates are in blue and covariates with mean variable 

importance above the mean of the best shadow covariate distribution (shadowMax) are in 

green. Covariates in red have mean variable importance below the mean of shadowMax. 
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Figure 1.20: Predicted response (red) to bottom temperature (a; °C), bottom salinity (b; ppt), depth (c; m), season (d), habitat 

(e; i.e., unknown (ñUnkò), seagrass-saltmarsh interface (ñIò), mudflat (ñMFò), saltmarsh creek without seagrass (ñSMò), 

seagrass meadow (ñSGò), and saltmarsh creek with seagrass (ñMXò)), and year (f) with rug plots on continuous y-axes for the 

UNC-IMS survey. 
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Figure 1.21: Correlations (r) between standardized survey indices. The red lines correspond to column labels and the blue 

lines correspond to row labels. 
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2 CHAPTER 2. INTEGRATED STOCK ASSESSMENT 

Authors: T. Teears1, S. Allen2, J. Ballenger3, J. Cao1, L. Lee4, A. Markwith4, J. Morley5, J. 

Buckel1 

1North Carolina State University; 2Florida Fish and Wildlife Conservation Commission, 
3College of Charleston, 4North Carolina Division of Marine Fisheries, 5East Carolina University 

 

Abstract 

The southeast Atlantic coast population of sheepshead have no formal stock assessment 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. We performed a simulation estimation 

experiment to demonstrate the impacts of misspecifying growth and natural mortality (M) in a 

metapopulation with spatial heterogeneity. We performed an integrated assessment with multiple 

growth patterns to account for variation in biological processes. We explored various spatial 

structures and performed a sensitivity on M (i.e., age-specific and age-constant) to 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 

southerly states. The simulation analysis indicated that misspecifying M resulted in the 

underestimation of spawning stock biomass (SSB) and recruitment and overestimation of fishing 

mortality (F) whereas, misspecifying growth had the opposite result. Additionally, only when the 

true recruitment distribution was known could the estimation model produce unbiased estimates 

using a 2-area spatial model with area-specific growth patterns. Thus, a coastwide model was not 

appropriate due to the lack of adequate information on recruitment distribution that would inform 

a spatial model that can handle these two stocks jointly. We recommend Atlantic sheepshead be 

assessed and managed with a spatial structure consisting of two regions modeled independently 
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and the appropriate 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 was not occurring, and the stocks 

were not overfished however, we recommend these stocks be managed with caution due to 

concerning population trends. This study emphasizes the importance of accounting for spatial 

heterogeneity in vital rates such as growth, M, and differences 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 immigration) and have ñsimilar patterns in growth, migration, and dispersalò over the range of 

the defined stock (Hilborn and Walters 1992). Cadrin (2020) provides some best practices for 

stock identification which begin with exploring the distribution of the population 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 areas (i.e., mark-recapture data), and 

explain the extent of reproductive isolation, limited mixing, and demographic independence (i.e., 

genetics, life-history traits, morphometrics, abundance trends, and size/age composition). 

Investigating these information sources can help in developing a basic conceptual model 

to aid in creating constraints of biological reality specifically regarding spatial heterogeneity in 

dynamic process such as spawning, recruitment, growth, and mortality (i.e., natural and fishing). 

Stock assessments that conserve spatial structure can improve management to ensure fisheries 

are healthy and sustainable (Hilborn 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 recovery (Berkeley et al. 2004; Ciannelli et al. 2013). 

Management overview 

The species being accessed is commonly called sheepshead (Archosargus 

probatocecphalus, Sparidea) and prior 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 complex (SAFMC 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 long-lived reef fish species with similar life histories to sheepshead that live 

offshore are overfished and/or overfishing is occurring (NMFS 2017). Since sheepshead are 

predominately found inshore, they might be expected to be more vulnerable to fishing pressure 

and therefore, are in need of a formal 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-

and-line, cast net, beach and haul-seine gears (effectively banning gill nets and trammel nets) 

with a 50 lb. bycatch limit on non-conforming gears, a 12ò Fork Length (FL) minimum size 

limit, and a 10-fish/person/day recreational creel limit (Munyandorero et al. 2017). In 1997, 

Florida amended the regulations to allow a 15-fish/person/day recreational creel limit and 

permitted spearfishing. In 2006, Florida modified the 12ò FL size limit to be defined as 12ò Total 

Length (TL) thereby reducing the size limit. In Georgia in 1957, gill nets were banned in 

estuarine waters and in 1989, an 8ò TL minimum size limit and a 25-fish/person/day creel limit 

were put into effect which was altered in 2001 to 10ò TL and 15-fish/person/day (GADNR 

2017). In 2012, South Carolina implemented a 14ò TL minimum size limit and a 10-

fish/person/day creel limit not to exceed 30-fish/boat/day (SCDNR 2015). In North Carolina, 

regulations were enacted in 2015 to include a 10ò FL minimum size limit and a recreational creel 

limit of 10-fish/person/day or trip if the trip covers more than one calendar day (NCDNR 2017). 

Furthermore, North Carolina restricted commercial fishing to 300 lbs./trip with two exceptions: 

gig and spearfishing were limited to 10-fish/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 a 4-fish/person/day creel limit for recreational fishing and a commercial trip limit 

of  500 lbs. (VMRC 2007). 

Stock structure 

Sheepshead (Archosargus probatocephalus probatocephalus) are a marine and estuarine 

reef fish of the family Sparidae commonly found along the Atlantic coast from Florida to 

Chesapeake Bay, Virginia (Figure 2.1) and are genetically distinct from the subspecies found in 

the Gulf of Mexico (A. p. oviceps) with a genetic boundary along the southeast Florida coast 

between Palm Beach and Miami Beach (Seyoum et al. 2017). There is currently no evidence of 

genetic differences among the Atlantic population, suggesting sheepshead should be assessed as 

a single unit stock. 

There are very few articles published on the 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 east-west pattern as opposed to a north-south migration. 

Woodward et al. (2000) indicated a maximum distance of 70 miles travelled by sheepshead in 

Georgia. Mark-recapture data from Virginia indicated three migrations to North Carolina from 

2000 to 2016 (S. Musick, Virginia Institute of Marine Science, personal communication, 2017). 

South Carolina data show similar results with a maximum distance of 90 nautical miles from the 

initial tagging location (Figure 2.2) but, given the short-term nature of returns (possibly because 

of tag loss), it is uncertain if these data accurately characterize the seasonal migration for 

sheepshead. Mark-recapture data in North Carolina indicated a maximum dispersal of 

approximately 30 miles from initial tagging site based on 25 acoustically tagged fish, 25 fish 

tagged with satellite tags (size range for acoustic and satellite tagged fish were 36.5-48.9 cm FL), 
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and approximately 600 fish tagged with conventional Floy tags (L. C. Naisbett-Jones, University 

of North Carolina PhD student, personal communication, 2021). 

The general movement patterns of sheepshead are poorly understood as they are a 

structure associated species exhibiting habitat-driven movements in estuaries and coastal waters 

for spawning and feeding that vary with life-stage (NCDENR, 2015; NCDENR, 2023; SCDNR, 

2023). There is evidence of infrequent movement across management boundaries, but the data 

suggests that movement is primarily localized and that sheepshead are a non-migratory species 

with negligible mixing between management units (SCDNR, 2023). 

Fishing dynamics 

In 2015, southeast Atlantic reef fish species such as red snapper (Lutjanus campechanus), 

snowy grouper (Epinephelus niveatus), and red porgy (Pagrus pagrus) were considered 

overfished and red snapper (Lutjanus campechanus), speckled hind (Epinephelus 

drummondhayi), and warsaw grouper (Epinephelus nigritus) were subject to overfishing (NMFS 

2017). Subsequently, these popular reef fish species are being regulated more strictly resulting in 

sheepshead becoming increasingly targeted. 

Over 97% of recreational harvest of Atlantic sheepshead are caught in the southeast 

Atlantic (i.e., North Carolina, South Carolina, Georgia, and Florida; NCDENR 2015). 

Sheepshead are reported in commercial landings in the southeast Atlantic but are considered 

bycatch in commercial fisheries (NCDENR 2018a; NMFS 2017); however, the recreational 

harvest of sheepshead are substantially higher than commercial landings (Figure 2.3; 

McDonough et al. 2011; Munyandorero et al. 2017; NCDENR 2018b). 
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Sheepshead are primarily caught by recreational anglers with hook and line and in recent 

years, by spearfishing (NCDENR 2017). Sheepshead are frequently 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 spring (Jennings 1985; Moore and 

Barkley 2005; Tremain et al. 2004). 

Based on the Marine Recreational Information Program (MRIP) data and the commercial 

landings data, sheepshead are caught in January and February (MRIP wave 1) in Florida but not 

from Georgia to Virginia (Figure 2.4). 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 months and 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 diverse as anglers are using 

gigs and spearfishing more frequently (Figure 2.5). 

Vital rates 

There is evidence of phenotypic variation in life-history traits in each state as evidenced 

by the von Bertalanffy (VB; von Bertalanffy, 1938) parameter estimates, max ages, and length at 

%50 maturity from the published literature (Table 2.1). 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 Atlantic. Adams et al. (2018) also found evidence of spatial variation 

of Atlantic sheepshead length-at-age data based on latitudinal gradients (Figure 2.6) which, is 
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consistent with other reef fish species such as gray snapper (Lutjanus griSE-US) where a 

latitudinal gradient was found for larval and juvenile growth as well as recruitment dynamics 

(Denit and Sponaugle 2004). Geographical differences in maturity have also been observed for 

sheepshead along the southeast Atlantic (Table 2.1) however, 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 macroscopy). These resulting differences in vital rates such as 

maturity schedules, growth rates, and natural mortality (M) could create biases in the modeling 

of population dynamics (Guan et al. 2013). Furthermore, indicators of productivity such as 

growth can impact estimates of fisheries reference points (Punt and Hilborn 1997; Thorson et al. 

2015). 

Size composition 

Fishery-independent length frequency data from the Southeast Area Monitoring 

Assessment Program - South Atlantic (SEAMAP-SA) was used to investigate demographic 

differences in southeast Atlantic sheepshead. The spatial extent of the survey matches well with 

the spatial extent of the Atlantic sheepshead population (Figure 1.1). This is important since the 

sampling methods are consistent throughout the spatial and temporal extent of the survey which 

means the 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 patterns that may 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 representative of the entire population age structure. 
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The length distributions for Florida, Georgia, and South Carolina below Long Bay had 

very low catch rates (< 3 fish per season) and were not considered representative and were 

subsequently excluded. The temporally aggregated size structure data from Raleigh Bay, Onslow 

Bay, and Long Bay indicated a latitudinal gradient with higher median length at higher latitudes 

(Figure 2.7a). There was also a seasonal component indicated by a higher median length in the 

spring as compared to the autumn (Figure 2.7b). Since sheepshead tend to be commonly found in 

estuaries, sheepshead found in the ocean where SEAMAP-SA sampling occurs may be moving 

offshore to spawn and, since sheepshead primarily spawn in the spring, offshore spawning 

aggregations might be expected during this critical reproductive time in their life cycle. 

Objectives 

The genetical evidence from the Atlantic sheepshead population suggests a single unit 

stock however, there are multiple indicators of spatial heterogeneity in fishery dynamics, vital 

rates, and size composition. Furthermore, the minimal mixing across management units violates 

the assumption that the population is well-mixed. The objectives of this investigation were to 

reconcile these conflicting evidence streams and were as follows: 1) further characterization of 

spatial heterogeneity by modeling variations in growth patterns from the various areas (i.e., by 

management units), 2) demonstration through a simulation study how differences in vital rates 

over the stock range affect stock assessment results, and 3) perform an integrated stock 

assessment for the Atlantic sheepshead metapopulation with the model structured based on 

results from objectives 1 and 2. 
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Methods and Materials 

Data 

Available length-at-age data of Atlantic sheepshead were obtained from various fishery-

independent (FI) and fishery-dependent (FD) sources from Florida through Virginia up through 

2019 including the North Carolina Division of Marine Fisheries (NCDMF; n=645 (FI), n=992 

(FD)), the Florida Fish and Wildlife Conservation Commission (FWCC; n=5,110 (FI), 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 

previously read 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 fishery-independent 

surveys. A brief summary of sampling design, collection of data, and development of estimates 

was described in Chapter 1. Available biological data was included in the integrated assessment 

for use in development of length compositions, conditional length-at-age compositions, and 

estimation of growth parameters, M, and weight-at-length parameters. 

 Information on recreational hook-and-line catch was acquired from MRIP which collects 

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 fish (i.e., 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 consists 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. Length data is also collected on 

Type A fish which provides information on length composition over time. A detailed description 

of this national program is available at https://www.fisheries.noaa.gov/topic/recreational-fishing-

data. 

In January of 2018, the MRIP program replaced the Coastal Household Telephone Survey 

(CHTS) with the Fishing Effort Survey (FES; NOAA, 2022). As a result of this change, 

estimates of recreational catch and discards were adjusted by an approximately three-fold 

increase and as a precautionary measure in response to this change, MRIP landings and discards 

were down weighted in the integrated model by 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 

compositions of recreational hook-and-line discards following methods from Lee 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 length data in 4 cm floored size bins (e.g., 22 cm bin ſ 22 cm Ò TL < 26 

cm) comprised a total of 13,113 sheepshead across all years. Due to the very low numbers of 

tagged sheepshead in some years and seasons (Table 2.3), the tagged fish length data were 
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pooled across all years. The proportion of sheepshead tagged per 4 cm length bin (ὸ) was 

calculated from these data such that: 

where Ὕȟ was the number of sheepshead tagged in year y and length bin l and Ὕ was the total 

number of sheepshead tagged in year y. A smoother was applied across the resulting proportion 

data using the following centrally weighted 5-point moving average: 

The smoothed length composition of the total catch per year and length bin (ὅȟ) was then 

estimated as: 

where ὅ was the total catch numbers of sheepshead per year. 

A dataset, derived from MRIP observations, of the numbers of the southeast Atlantic 

coast sheepshead harvested per year and 4 cm length bin (TL) was used as the harvested length 

compositions (Ὄȟ).  A smoother was applied to the proportions, as described above, and the 

numbers of recreational discards per year and length bin (Ὀȟ) were then estimated as: 

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 to match the original 
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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 anglers catch them in a 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 from the recreational fishery were acquired from MRIP and a 

mortality rate of 11% was applied to discard estimates based on a meta-analysis 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 programs for sheepshead 

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 gears, North Carolina commercial fisheries were 

assigned as either pound net (ñNC Comm Poundò) or other (ñNC Comm Otherò). The Florida 

commercial fishery (ñFL Commò) was maintained as a single fleet however, due to regulation 

changes in 1996, for any integrated assessment 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 

previously published assessment (Munyandorero et al. 2017) and was only applied to the 

coastwide model as the southern region models start year was in 1997 when the first relative 

abundance index began. 

Growth modeling 

     Weight-at-length 

Biological data was modeled as sex-aggregated and state-aggregated for the weight-at-

length relationship and modeling was performed using non-linear least squares as: 

where ὡ  and ὒ were the weight (g) and length (mm) of individual i, respectively, and a and b 

were estimated parameters. 

     Hierarchical model 

Growth rate parameters were modeled as sex-aggregated and state-specific using VB 

growth following methods from Mathes et al. (2020) as: 

where j indexes the j th sub-population (i.e., state), LÐ was the asymptotic length (cm) at which 

growth is zero, K was the annual growth coefficient (yr-1), t0 represents the theoretical age when 

the average fish had a length of zero, Li and ti were the length and age of each individual i, 

respectively. A log normal distribution was assumed for the observed individual length Li,j. 

ὡ ὥz ὒ,  (8) 

ὒȟ ὒȟ ρ Ὡὼὴὑ ὸȟ ὸȟ ÅØÐ‐ȟȟȟ  (9) 

‐ȟȟͯ ὔπȟ„ȟ   (10) 
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 A Bayesian hierarchical model was used to estimate growth parameters with priors for 

(LÐ,j, Kj, and t0,j) in the VB model that were hierarchically structured. Growth parameters were 

assumed to vary across sub-populations but were constant over time. The logarithm of sub-

population-specific parameters LÐ,j and Kj were assumed to follow a multivariate normal 

distribution (MVN) and t0,j was assumed to be normally distributed which, was controlled by 

population-average parameters: 
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where ὒ , ὑ, and ὸӶ are population-average parameters with a uniformly distributed prior. The 

standard deviation „  also had uniformly distributed prior. The ɫ represents the variance-

covariance matrix modeled with an inverse-Wishart distribution (Gelman and Hill 2007): 
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where „
ȟ
 and „ȟ are standard deviations of ln(LÐ) and ln(K) across sub-populations and 

represent spatial variability in growth, j = 1éJ; • was the covariance of ln(LÐ) and ln(K) across 

sub-populations. To improve model convergence given the potential for negative correlation in 

LÐ and K in the VB model, we jointly modeled these two parameters with a negative correlation 

(Jensen 1997; Kimura 2008; Midway et al. 2015; Pilling et al. 2002). 

The posterior distributions were obtained through the Metropolis-Hasting algorithm using 

Markov Chain Monte Carlo (MCMC) simulation (Hilborn et al. 1994; Hoff 2009). Three 
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concurrent chains were run with a total of 100,000 iterations for each chain. The first 70,000 

iterations were discarded as burn-in and every 10th 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 examination of diagnostic plots and Brooks-Gelman-Rubin statistic 

close to 1 (Brooks and Gelman 1998). 

     Mixture model 

The hierarchical model described above enables comparison of state-specific growth rates 

to those provided by Adams et al. (2018) (see Vital rates above); however, the latitudinal 

gradient observed previously suggests the possibility of area-specific growth trajectories possibly 

due to spatial heterogeneity in environmental processes and density dependence (Francis 2016; 

Lorenzen et al. 2016; Matthias et al. 2016; Shertzer et al. 2017; Conover 1990a; Conover 1990b). 

Also, the available biological data for the coast-wide Atlantic sheepshead displayed considerable 

variation in length-at-age. For example, sheepshead at age 1 ranged from 7.1 cm to 55.3 cm TL. 

Furthermore, the length-at-age data suggests differences in growth parameters by area within an 

individual state. Florida length-at-age data indicated differences in growth between Atlantic 

sheepshead sampled from the southern stratum from those sampled in the two northern strata for 

both sexes (Figure 2.8). 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 be latitudinally based. 

Thus, in order to test the latitudinal gradient relationship further without constraints by 

management unit boundaries, growth morphs were identified by fitting a mixture model 

following methods outlined in Shertzer et al. (2017). This unsupervised classification of growth 

morphs was performed using a Bayesian structured mixture model with the assumption that there 
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were two morphs in the population. We then fit the mixture model to assign growth morphs to 

the length-at-age data and then evaluated the two-morph assumption by using a two-by-two 

contingency table of morph-by-area with a chi-squared test for significance. 

We assumed that observed lengths were produced from a mixture of two growth morphs 

and the expected length (ὒȟ ) at age (t) and growth morph (m) followed a VB growth equation 

as: 

with parameters defined as above. The multinomially distributed latent (i.e., unobservable) 

variable Zi identified the morph assignment of fish i as: 

 with ‗ indicating the probability of assignment to a specific growth morph and following a 

Dirichlet distribution with ‗ and ‗ summing to one. Hyperprior random variables (‌ and ‌ 

with gamma distributions) were used to implicitly model the Dirichlet distributions with the 

relationship: 

with j indexing the morph. Variability of length-at-age by a normal distribution for each morph 

was modeled by: 

with Ᵽ□ characterizing the morph-specific parameters (ὒȟὑ ὸȟȟ„ ) with uninformative 

priors (uniformly distributed) on each parameter apart from maximum boundaries for the priors 

on ὒȟ  to ensure Zi would be identifiable as: 
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thereby, ensuring ὒȟ would be greater than ὒȟ. 

The posterior distributions were obtained through the Metropolis-Hasting algorithm using 

Markov Chain Monte Carlo (MCMC) simulation (Hilborn et al. 1994; Hoff 2009). Three 

concurrent chains were run with a total of 70,000 iterations for each chain. The first 10,000 

iterations were discarded as burn-in and every 3rd 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 examination of diagnostic plots and Brooks-Gelman-Rubin statistic 

close to 1 (Brooks and Gelman 1998). 

Simulation estimation experiment 

     Overview 

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

stock assessment results was investigated through a simulation study. A conceptual overview of 

the basic steps taken for the simulation study process are represented in Figure 2.9. 

     Operating model development 

Population dynamics were estimated for two selected management units using Stock 

Synthesis version 3 (SS3) to construct the underlying ñtrueò population. North Carolina and 

Florida were chosen as the management units to be modeled as they comprise the majority of the 

removals (Figure 2.4), have differing growth parameters (Figure 2.6, Adams et al. 2018) 

representing the spectrum of spatial heterogeneity, and due to the distance between them, they 

would be expected to have very low exchange of larval dispersion that could impact localized 

recruitment. SS3 was fit to the actual data of these two states and the estimated parameters were 

used to develop the underlying population. 

ὒ ȟͯ ὟάὭὲȟάὥὼȟὒ ȟͯ ὟάὭὲȟὒȟ ȟ   (18) 
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Data inputs for each state for SS3 consisted of fishery-independent surveys, length-at-age 

compositions, length compositions, catch, and discards from 1996 to 2016. A catch per unit 

effort (CPUE) index was included for Florida as was used in the most recent published 

assessment (Munyandorero et al. 2017). Selectivity parameters were estimated externally using 

input length frequency data and used as priors for estimation within the integrated SS3 model. 

Steepness, standard deviation of recruitment deviations („), weight-at-length, maturity and 

fecundity parameters were all fixed within SS3 at values from Munyandorero et al. (2017). Age-

constant M was fixed within SS3 using the Hamel and Cope (2022) max-age (Tmax) based 

estimator. The growth parameters were estimated externally with the hierarchical Bayesian 

model described above (see Hierarchical model) using corresponding length-at-age data for 

coast-wide estimates or appropriate state level estimates, based on the scenario. These estimated 

growth parameters were either fixed or used as priors for estimation within SS3, conditioned on 

the scenario. 

The operating model was then developed in a similar manner as the operating model from 

the R package ss3sim (Anderson et al. 2014) from assessment models of Florida and North 

Carolina modeled in SS3 separately using input data as described above to generate true SSB, 

recruitment, and exploitation. These derived quantities were generated by fitting the SS3 model 

to the observed data with growth and natural mortality fixed at the externally estimated values. 

Recruitment was modeled using the Beverton-Holt spawner-recruit functional relationship to 

SSB and a deviation vector. These state-specific ñtrueò values were then combined to form the 

ñcombined trueò values representing the coast-wide population. The bootstrap function in SS3 

was utilized to simulate 100 datasets from the operating model. 



65 

 

     Estimation method 

SS3 with coast-wide configurations was used as the estimation model. Therefore, each of 

the simulated data sets for North Carolina and Florida were merged together into ñCoast-wideò 

data sets assuming there was no spatial heterogeneity and then population dynamics were 

estimated with SS3 to provide coast-wide estimates which were compared to the combined true 

values. Relative bias was calculated between the combined true values and the coast-wide 

estimates, which would quantify the impacts of ignoring spatial heterogeneity on assessment 

results. 

     Scenarios 

 The simulation estimation experiment followed six scenarios focusing on how M 

and growth were parameterized in simulating the underlying true populations and assumed in the 

coast-wide estimator (Table 2.2). In the first scenario, both the true population and the coast-

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

the true population, M was fixed to a level appropriate for that state but for the coast-wide 

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

mis-specified only in M. 

In the second scenario, both the true population and the coast-wide estimator would be 

developed assuming a fixed, coast-wide value for M however, for the true population, growth 

was fixed at a level appropriate for the state and for the coast-wide estimator, growth was 

estimated by SS3 assuming there is no spatial heterogeneity. It was hypothesized that this 

scenario would be mis-specified only in growth parameters since the operating model would 

accurately model the distinct growth patterns of the two areas whereas, the coast-wide estimator 

would effectively be assuming that there was only one growth pattern over the two areas. 
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In the third scenario, similarly to scenario 1, for the true population, M was fixed to a 

level appropriate for that state and for the coast-wide estimator, M was fixed to a coast-wide 

value. Growth was dealt with in the same manner as in scenario 2 where for the true population, 

growth was fixed at a level appropriate for the state and for the coast-wide estimator, growth was 

estimated by SS3 assuming there is no spatial heterogeneity. It was hypothesized that this 

scenario would be mis-specified in both M and growth. 

In the remaining three scenarios, the true population was simulated assuming that M and 

growth parameters were area-specific, and the estimation models were configured with the aim 

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

In the fourth scenario, we assumed two growth patterns to accommodate modeling the 

area-specific M and growth parameters jointly so that the coast-wide estimator would be 

consistent with the true population. Each growth pattern allows for the specification of M, 

growth, and associated recruitment distribution apportionment. Parameters for M and growth 

were specified (i.e., fixed) at the area-specific values for the coast-wide estimator. For this 

scenario, SSB was calculated by growth pattern. Recruitment distribution apportionment was 

estimated and configured to be time-varying in the estimation model. 

In the fifth scenario, a two-area model was implemented with separate growth patterns 

for each area. Growth patterns were parameterized in the same way as in the fourth scenario 

except the growth patterns were assigned to separate areas. However, unlike the fourth scenario, 

input data (i.e., catches, indices, size compositions, and conditional length-at-age compositions) 

were appropriately assigned to the area with the corresponding growth pattern. Recruitment 

distribution apportionment was dealt with in the same way as in the fourth scenario. 
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The sixth scenario was identical to the fifth scenario with the exception that the 

recruitment distribution apportionment was configured to be time-constant and fixed at values 

informed by the relative spawning stock biomass from the true population. The true recruitment 

distribution apportionment may have been more accurately modeled as time-varying since the 

two stocks were simulated independently but, for this experiment, it was specified as time-

constant. 

Integrated assessment 

Early surplus production 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 recreated the abundance for each age. A key component of these age-structured models was 

the relationship between spawning stock biomass and recruitment to estimate productivity. 

Another approach termed integrated analysis (Fournier and Archibald 1982) provided a highly 

flexible approach to modeling population dynamics by integrating across multiple data sources. 

SS3 is a highly developed integrated statistical catch-at-age model with an extensive history and 

has been used in stock assessments around the world (Methot and Wetzel 2013). This forward 

projecting, length-based, age-structured model affords extensive flexibility in incorporating 

various data types including fishery catch, discards, catch per unit effort (CPUE), effort, survey 

relative abundance, length composition, age composition, weight composition, and tag-recapture 

data. SS3 was selected for use in assessing southeast Atlantic sheepshead. 

Due to differences in spatial synchrony in survey derived relative abundance indices (see 

Chapter 1) and the latitudinal gradient in life-history parameters, we chose to model the 

metapopulation by separating the stock into northern and southern regions. A coast-wide model 
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would likely provide biased estimates since it would not account for spatial heterogeneity; 

however, we developed a coast-wide model for comparison with the regional models. 

One challenge to this approach was to determine where to divide the stock between these 

two regions. As demonstrated in Chapter 1, abundance indices derived from North Carolina and 

South Carolina were synchronous with each other but asynchronous with abundance indices 

from Florida. Growth parameters estimated from Adams et al. (2018; Figure 2.6) indicated that 

the South Carolina median estimate for LÐ was more similar to North Carolina than Florida. 

Therefore, South Carolina should be included with North Carolina and Virginia in the northern 

region however, there were no survey data from Georgia to inform stock dynamics and relative 

abundance trends for comparison with other states. Furthermore, available mark-recapture data 

and previous mark-recapture studies (see Stock structure) indicated very few latitudinal 

migrations to inform stock dispersal. Consequently, a two-by-two matrix of integrated 

assessment model scenarios were developed to test whether including Georgia with either the 

northern or southern region would impact the overall results. These four models were developed 

as follows: the ñFloridaò model containing only Florida, the ñSouth with GAò model consisting 

of Florida and Georgia, the ñNorth with GAò model with all the states except for Florida, and the 

ñNorth without GAò model comprising of South Carolina, North Carolina, and Virginia. 

The integrated assessment models were structured identically to make them more 

comparable, and we started with the simplest model and added complexity as appropriate. 

Modelling was structured as sex-aggregated with the start year as the first year when a survey-

derived relative abundance index was available (i.e., 1997 for the southern region, 1994 for the 

northern region, and 1994 for the coastwide model) with a terminal year of 2019. No seasonal 

component was implemented however, relative abundance indices were standardized (see 
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Chapter 1) as spring and autumn with the exception of indices developed from Florida survey 

data to mirror methods used in the last published assessment (Munyandorero et al. 2017). 

Spawning occurred in January and a surplus age group was assigned as age 15+ (i.e., when most 

sheepshead were close to LÐ). Each model included recreational landings and discards, 

commercial catch (i.e., Florida and North Carolina, available at 

https://www.st.nmfs.noaa.gov/commercial-fisheries/commercial-landings/), relative abundance 

indices, corresponding length compositions, and conditional length-at-age compositions. 

Each model was parameterized with identical methods to ensure the comparability of the 

four scenarios (see Appendix B: Chapter 2 Supplementary Material for model parameter tables). 

Each model was configured with no stock recruitment relationship and an initial equilibrium 

fishing mortality (F). Length-based, logistic selectivity was implemented for all fleets and MRIP 

discards were entered as total discards with a discard mortality selectivity vector. Age-specific M 

(Lorenzen, 1996) was fixed in the SS3 model using morph-specific growth estimates from the 

mixture model analyses and scaled to a Tmax based estimator by Hamel and Cope (2022) at 0.135 

(Tmax = 40) and 0.216 (Tmax = 25) for the northern and southern region models, respectively. Age-

specific M in SS3 requires a selected age to force the Lorenzen M-at-age curve to pass through a 

reference age. Age three was selected for this assessment as was done in the most recent 

sheepshead assessment in Florida (Munyandorero et al., 2017). A sensitivity analysis was 

performed to determine if applying the age-constant M in place of the age-specific M would 

impact the stock status results. 

Growth played an important role in developing the integrated assessment models and 

based on the mixture model analyses, if it was appropriate to model multiple growth morphs for 

a given integrated assessment model (i.e., the Bayesian mixture model converged, and the chi-
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square test was significant for ‌ πȢπυ) then multiple growth patterns were utilized in the 

integrated assessment model. Multiple growth patterns in SS3 divide the stock with morph-

specific growth parameters, M, maturity, and fecundity parameters as well as recruitment 

distribution apportionment parameters. Growth parameters were fixed at morph-specific VB 

parameter estimates from the mixture model analyses (see Mixture model). 

At the beginning of each time step when recruitment occurs, SS3 assigns the proportion of 

age-0 recruits to each growth morph based on parameters for recruitment distribution 

proportions. The initial and prior values for recruitment distribution proportions were set equal to 

the estimated proportions of dimorphic growth from the mixture model analyses and were then 

estimated within the model. 

A vector of maturity-at-age was input by averaging the estimated female and male maturity 

schedules from McDonough et al. (2011). These estimates were selected based on the 

methodology employed (i.e., histology) and the sample sizes in the analyses (males n=1,968, 

females n=1,868). 

Length and age compositions were weighted using the (Francis, 2011) tuning method 

which uses the fit of observed and expected length and age compositions to compute the 

effective sample size by ensuring the arithmetic mean of the input sample size was equal to the 

harmonic mean of the effective sample size (Methot et al. 2020). A retrospective bias analysis 

was conducted on each model to identify possible retrospective bias caused by time-varying 

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

Growth 

The weight-at-length growth analysis results (n=10,390; Figure 2.10) indicated the a and 

b parameters for Atlantic sheepshead were estimated as 1.36E-05 (standard error (SE=6.18E-07) 

and 3.06 (SE=7.07E-03). 

     Hierarchical model 

The length-at-age growth analysis by state results demonstrate considerable differences 

between states for the von Bertalanffy growth parameter estimates (Figure 2.11 Figure 2.12, see 

Appendix B for table of estimates). A discernible pattern demonstrated a latitudinal gradient for 

LÐ, K, and t0 with a northern/southern division indicated by the median parameter estimates. For 

example, the parameters K and t0 for Florida and Georgia were Ò 0.229 and Ò -1.29, respectively 

and for South Carolina, North Carolina, and Virginia the estimates for K and t0 were Ó 0.276 and 

Ó -0.373, respectively. The estimates of LÐ showed that Georgia was more similar to the northern 

states than Florida with estimates from northern states all above 545 mm in contrast to Floridaôs 

estimate for LÐ of 462 mm. However, based on the posterior distributions and estimated 

confidence intervals, the VB 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 may not be adequately representative of the population. 

     Mixture model 

For the growth morph analyses results, the growth morph with the higher LÐ will be 

referred to as morph 1 and the growth morph with the lower LÐ as morph 2. The mixture model 

analyses results for the southern region (Figure 2.13; Table 2.4) indicated two growth morphs 

with 45.2% of the data points assigned to morph 1 and 54.8% to morph 2 for the Florida model 
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and 54.2% to morph 1 and 45.8% to morph 2 for the South with GA model which, indicated a 

higher proportion of data were associated with a higher LÐ in the South with GA model 

compared to the Florida model. 

The northern region (Figure 2.14; Table 2.4) indicated two morphs for the North with GA 

model with 90.2% of the data assigned to morph 1 and 9.8% to morph 2 however, the North 

without GA model indicated only one morph as the two-morph mixture model did not converge 

and the chi-square test was not significant. The one-morph mixture model for the North without 

GA did have convergence and, like the other integrated models, the VB parameter estimates 

were used as initial values and priors to the integrated assessment model as well as in developing 

estimates of M for input into the assessment model. These results indicated a very high 

proportion of the data (> 90%) were associated with a higher LÐ for the northern region model. 

The coastwide analysis (Figure 2.15; Table 2.4) indicated two morphs with 79.4% of the data 

points assigned to morph 1 and 20.6% to morph 2 and, similar to the northern region model, the 

larger proportion of the data points were associated with the higher LÐ however, not to such a 

high proportion as the northern region model. 

The estimates of t0 for morph 2 for the North with GA model and the coastwide model 

were exceptionally low, possibly due to the mixture modelôs inability to distinguish between 

growth morphs at the younger ages to inform the t0 parameter. 

Simulation analysis 

 The resulting estimates of SSB, recruitment, and exploitation are reported as mean 

relative bias Ὑὄ, Figure 2.16). For the first scenario, a misspecification in M resulted in the 

underestimation of SSB (-36.7%) and recruitment (-59.6%) and the overestimation of 

exploitation rate (75.8%). Conversely, the misspecification of growth in the second scenario 
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indicated the overestimation of both SSB (73.6%) and recruitment (27.4%) and the 

underestimation of exploitation rate (-29.7%). These opposing effects resulted in less relative 

bias when both M and growth were misspecified in the third scenario with the overestimation of 

SSB (28.7%), the underestimation of recruitment (-36.6%), and very low relative bias for 

exploitation rate (1.93%). 

In the fourth scenario, the multiple growth morphs with time-varying recruitment 

distribution apportionment estimated within SS3 resulted in the overestimation of SSB (82.6%, 

Figure 2.16), the underestimation of exploitation rate (-29.3), and recruitment showed very low 

relative bias (2.01%). By specifying a 2-area model in the fifth scenario with multiple growth 

patterns and time-varying recruitment distribution apportionment estimated within SS3, the 

relative bias persisted with overestimation of SSB (68.3%) and recruitment (55.5%) and the 

underestimation of exploitation rate (-17.2%). The most optimal results were acquired in the 

sixth scenario which, was identical to the 2-area model in the fifth scenario except for having 

recruitment distribution apportionment informed by the operating model and fixed within SS3. 

The sixth scenario resulted in the underestimation of SSB (-10.2%) and recruitment (-10.1%) and 

the overestimation of exploitation rate (14.5%). 

Integrated assessment 

 Age-specific M (Lorenzen, 1996) derived from the morph-specific growth estimates from 

the mixture model analyses and scaled to a Tmax based estimator indicated larger difference 

between growth pattern specific M in the southern region compared to the northern region and 

the coastwide model (Figure 2.17). 

The integrated assessment modeling results provided suitable estimates of SSB, 

recruitment, and F as evidenced by the fits to the input data, estimated selectivity curves, 
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predicted numbers-at-age, parameter estimates, and retrospective bias analyses results (see 

Appendix B) 0based on the rule-of-thumb for acceptable retrospective bias provided by Hurtado-

Ferro et al. (2015). All models converged with a gradient of Ò 1E-4 and a positive definite 

hessian. There were no parameters close to the preset boundaries except the initial equilibrium F 

parameters for the commercial fisheries were approaching the lower boundary. This was not an 

unexpected result as the recreational fishery was substantially larger than the commercial 

fisheries and they would be expected to be relatively low by comparison. Also, the recruitment 

distribution apportionment parameters for 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 of SS3 attempting to reconcile some misspecfication in the assessment model. 

 The respective estimates of morph 1 to morph 2 recruitment distribution proportions for 

the Florida and South with GA model, respectively, were estimated as 52.3% to 47.7% and 

56.1% to 43.9% which, indicated that a higher proportion of fish were associated with a higher 

LÐ in the South with GA model whereas, with the Florida model, a higher proportion was 

associated with a lower LÐ. These results are consistent with the mixture model analyses above 

(see Mixture model). 

Estimates of F throughout the southern model time-series indicated a slightly increasing 

trend which, was more pronounced between 2014 through 2019 (Figure 2.18). The Florida and 

South with GA respective mean Fs were 0.0555 (range 0.0369-0.0973) and 0.0655 (range 

0.0390- 0.130). The Florida and South with GA models respective estimated terminal year 

fishing mortalities (F2019) of 0.0638 and 0.0883 were below the 40% spawning potential ratio 

(FSPR40%) based reference points of 0.135 and 0.148 as were the estimates of Ft for the entire 
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time-series. Based on the results and the selected reference points, the Florida and South with 

GA models indicated that overfishing was not occurring in the terminal year. 

The estimates of SSB and recruitment for the southern model showed a decreasing trend 

over time with a more noticeable decline from 2014 to 2019 (Figure 2.18). The Florida and 

South with GA respective mean SSBs in metric tons (MT; note that all SSB values are reported 

in MT hereafter) were indicated as 16,200 (range 11,600-19,100) and 17,700 (range 11,100-

20,000) and respective mean recruitment as 17,500 (range 6,730-31,000) and 16,100 (range 

7,460-28,400). The models estimated consistently lower recruitment from 2014 through 2019 (< 

20,000) providing evidence that the marked decline in SSB from 2014 to 2019 was partially due 

to a lack of strong recruitment in the last 5 years of the time-series. The Florida and South with 

GA models respective estimates of SSB2019 of 11,600 and 11,100 were above the SSBSPR40% of 

8,190 and 9,190. Based on the results and the selected reference points, the Florida and South 

with GA models indicated that the southern region stock would be considered not overfished in 

the terminal year. 

The respective estimates of morph 1 to morph 2 recruitment distribution proportions for 

the North with GA model were estimated as 97.5% to 2.54% and the North without GA model 

was developed with only a single growth pattern based on the criteria described in Integrated 

assessment. The northern region indicated that a much higher proportion of fish were associated 

with a higher LÐ (  97.5% for both models). These results are consistent with the mixture model 

analysis above (see Mixture model). 

Estimates of F throughout the northern region model time-series indicated a stable trend 

(Figure 2.19) except from 2000 and 2001 where F increased above 0.2 for both models. The 

North with GA and North without GA respective estimates of F2019 were 0.0657 and 0.0946 
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which, were below the selected reference points however, the estimates of Ft in 2000 and 2001 in 

the North with GA model were estimated above FSPR30% (0.140) and 30.8% of the time-series 

was above FSPR40% (0.0981). The North without GA model indicated 34.6% of the time-series Ft 

estimates were above FSPR30% (0.138) and 61.5% of the time-series Ft estimates were above 

FSPR40% (0.0976). The North with GA mean F over the time-series was 0.0928 (range 0.0449-

0.233) which, was just below the FSPR40%. The North without GA mean F was 0.133 (range 

0.0623-0.403) which, was above the FSPR40%. Based on the model results and the selected 

reference points, the North with GA and North without GA models indicated that overfishing 

was not occurring in the northern region in the terminal year. 

The estimates of SSB for the northern model indicated a declining trend until 2002 when 

the North with GA and North without GA respective SSB estimates were 3,860 and 1,620 which, 

were below the respective estimates of SSBSPR30% of 4,450 and 2,840 (Figure 2.19). After 2002, 

SSB in the northern region showed an increasing trend throughout the remainder of the time-

series and climbed to estimated values of 12,900 and 6,720 in 2019 for North with GA and North 

without GA, respectively. The respective mean SSB for North with GA and North without GA 

were 7,580 (range 3,860-12,900) and 3,900 (range 1,620-6,720) which, like SSB2019, were above 

the respective SSBSPR40% values of 5,930 and 3,790. The estimates of recruitment showed a 

relatively stable trend with stronger recruitment events occurring after 2001 for the North with 

GA model and after 2000 for the North without GA model that contribute to the increasing trend 

in SSB after 2002. The North with GA and North without GA respective mean recruitment were 

indicated as 3,550 (range 709-11,200) and 2,430 (range 341-7,930). Based on the results and the 

selected reference points, the northern stock would be considered not overfished in the terminal 

year. 
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The estimate of morph 1 to morph 2 recruitment distribution proportion for the coastwide 

model was estimated as 98.6% to 4.4% which, similar to the northern region model, indicated 

that a much higher proportion of fish were associated with a higher LÐ. These results were not 

consistent with the results from the coastwide mixture model analysis, which estimated a ratio of 

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

Estimates of F throughout the coastwide model time-series indicated a marked decline 

from 1995 to 1996 and then a stable trend with some variability throughout the remainder of the 

time-series (Figure 2.20). The mean F was estimated as 0.107 (range 0.0675-0.227) which, was 

below FSPR30% of 0.134 and above FSPR40% of 0.0943. In 1994, 1995, and 2018, Ft was above 

FSPR30% and 57.7% of the time-series were above FSPR40%. The F2019 estimate of 0.101 was above 

FSPR40% and below FSPR30%. Based on the model results and the SPR30% reference point, 

overfishing was not occurring in the terminal year for the Atlantic coastwide stock however, 

based on the SPR40% reference point, overfishing was occurring in the terminal year. 

The estimates of SSB for the coastwide model indicated a slightly declining trend from 

1994 to 1996 with an SSB1996 of 11,700 which, was below SSBSPR30% of 13,800 (Figure 2.20). 

Then SSB slowly increased until 2016 when SSB was 21,500 and above SSBSPR40% of 18,400. 

From 2016 until the terminal year, SSB slightly decreased to an SSB2019 of 19,300 yet, remaining 

above SSBSPR40%. The mean SSB of 17,800 was above SSBSPR30% and below SSBSPR40%. The 

estimates of SSB were below SSBSPR40% for 46.2% of the time-series and below SSBSPR30% for 

15.4% of the time-series. The estimates of recruitment showed relatively stable recruitment until 

2012 when recruitment begins to indicate an overall decline. Based on the model results and the 

selected reference points, the Atlantic coastwide stock would be considered not overfished in the 

terminal year. 
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The sensitivity analyses results indicated that the stock status regarding F would be 

unchanged (i.e., overfishing was not occurring) for the Florida (Figure 2.21), South with GA, and 

North with GA (Figure 2.22) models. However, for the North without GA model, F2019 from the 

age-constant M model was 0.111 which, exceeded the FSPR40% (0.0948) indicating that 

overfishing was occurring based on FSPR40% whereas, the age-specific M model previously had 

not. For the coastwide model (Figure 2.23), F2019 from the age-constant M model was 0.130 

which, exceeded the FSPR30% (0.129) indicating that overfishing was occurring based on FSPR30% 

whereas, the age-specific M model indicated that overfishing was occurring based solely on 

FSPR40%. 

The stock status regarding SSB (i.e., not overfished) would be unchanged for the Florida 

(Figure 2.24), South with GA, North with GA (Figure 2.25), and North without GA models. 

However, for the coastwide model (Figure 2.26), SSB2019 from the age-constant M model of 

15,100 was lower than the SSBSPR40% (19,400) indicating that the stock was overfished based on 

the SSBSPR40% whereas, the age-specific M model indicated that the stock was not overfished. 

Discussion 

Growth 

 The latitudinal gradient in von Bertalanffy parameters for Atlantic sheepshead shown in 

this study (see Hierarchical model) is consistent with the findings of Adams et al. (2018) as well 

as other marine species with latitudinal gradients (Denit and Sponaugle 2004) and should be 

considered when identifying the stock unit (Cadrin 2020; Punt, 2019) for stock assessment. The 

dimorphic growth has been demonstrated (see Mixture model) to varying degrees within the 

meta-population 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 dimorphic growth patterns followed a latitudinal gradient with more pronounced 

dimorphic growth in the more southerly states. In the 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 the two northern spatial 

structures. Unaccounted for variation in growth can have magnified effects on integrated 

assessment results since growth also impacts estimates of age-specific M, subsequently resulting 

in biased estimates of biomass, exploitation, and recruitment. We demonstrated through 

simulation that the misspecification of growth parameters caused the overestimation of SSB and 

recruitment and the underestimation of F which, can result in a management strategy that would 

lead to overexploitation of the population. Conversely, the misspecification of M caused the 

underestimation of SSB and recruitment and the overestimation of F which, can result in a 

management strategy that would underutilize the resource. Misspecification of both growth and 

M also resulted in biased estimates that would likely lead to overexploitation. From a risk-averse 

standpoint, this suggests that misspecifying growth would have more determinantal results to 

ensuring healthy and sustainable fisheries. 

Assessing and managing a metapopulation with spatiotemporal heterogeneity can be 

difficult due to complexity caused by variation in vital rates and localized depletion (Punt, 2019). 

The areas-as-fleets approach has been used to model spatial variation in age and size-

composition from removals (Punt, 2019) thereby, implicitly accounting for localized depletion in 

the assessment model but, this approach does not address variation in vital rates. The 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 are modeled for each growth pattern. Here we used a mixture 
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model to estimate growth parameters for each growth pattern and the resulting proportion of fish 

in each morph assignment was used as a prior for the recruitment apportionment in the integrated 

assessment. This approach is effective in dealing with more localized variation however, more 

regional variation in both growth and M can be dealt with by developing regional assessments 

and management strategies, assuming there is little or no movement between regions. This has 

been demonstrated as an effective strategy in this research as well as with Atlantic red drum 

(SEDAR, 2015) and Southern flounder (Lee et al., 2018). 

 Variation in growth patterns can be further considered in the context of several potential 

processes and can impact the decisions made regarding how to appropriately model growth 

variability in an integrated stock assessment. Francis (2016) provides a description of growth 

variation by phenotype by suggesting that fast-growers experience higher selectivity (when 

selectivity is size-based) thus, mean length-at-age varies over time for a cohort however, fast 

growth (i.e., higher values of VB K) may be only one, among several, possible explanations for 

variation in growth, or mean length-at-age, over time within a cohort. Furthermore, a population 

consists of multiple cohorts and as fishing intensity varies by year, the mean length-at-age varies 

for the population. 

As an alternative to faster-growth, we can consider a hypothetical scenario based on the 

assumption that each unique spawning event originates a length-at-age distribution due to 

inherent variation in the offspring of individual spawners and among a group of spawning 

individuals spawning at a given location and time (Green 2008). We assume that all individuals 

are from the same population with identical growth parameters with no migration and therefore, 

are subject to the same environmental factors and density-dependent changes in growth. In this 

localized cohort, larger individuals growing at the same rate as smaller individuals would be 
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subject to higher levels of F before smaller individuals due to size-based selectivity. Therefore, 

the apparent differences in mean length-at-age over time for a cohort could not be attributed to 

variation in growth parameters but the interaction of variability in size within a cohort and size-

based selectivity. Thus, modeling multiple growth patterns would not be appropriate in this 

scenario as the maximum likelihood methods typically used in an integrated assessment are 

designed to account for variability within a cohort. In SS3, modelling ñplatoonsò allows the 

segmentation of fish within a growth pattern into platoons that are spawned at the same time but 

represent the variability within a spawning event and these platoons experience different growth 

trajectories while maintaining identical growth parameters (R. Methot, National Oceanic and 

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

platoons to experience an increased cumulative effect of size-based selectivity. 

Another possible conceptualization of variation in growth within a cohort could be due to 

multiple spawning events within or among seasons and this ñsettlement spreadò (R. Methot, 

NOAA, personal communication 2021) would also be expected to cause larger fish within a 

cohort to experience more severe size-based F but likely in a more pronounced manner. 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 

though dimorphic growth may not accurately represent the long-term growth pattern of the 

cohort. Settlement spread can be appropriately modeled (assuming the data is adequate) by 

accounting for multiple recruitments for a cohort in SS3 by establishing multiple recruitment 

settlements and ensuring a small enough time-step to capture changes in mean length-at-age over 

time for each cohort (Methot et al. 2020). One diagnostic to aid in determining if the variation in 

growth is due to seasonal spawning events as opposed to differing growth parameters is that the 



82 

 

growth of the cohort should converge toward a common LÐ and the standard deviation of length-

at-age should decline as the cohort ages since settlement spread will be the most severe during 

early ages when growth rates are the highest (R. Methot, NOAA, personal communication 2021). 

Francis (2016) offers the alternative explanation to size-based selectivity for variation in 

mean length-at-age of environmental variation and density-dependent effects. These processes 

can exhibit spatial heterogeneity in a meta-population and their effect on vital rates such as 

growth and M can substantially impact stock assessment outcomes. Punt (2019) suggests that 

biological parameters such as M and growth are not typically modeled to differ spatially except 

for Kerr et al. (2014) who conducted a simulation study to compare modeling the management 

unit to modeling the biological unit which, demonstrated that modeling the management unit 

gave overly optimistic outcomes for Atlantic Cod off New England compared to the biological 

unit. 

Spatial and temporal differences in removals exerting varying levels of fishing pressure 

with length-based selectivity between management units, like those indicated by Atlantic 

sheepshead (see Fishing ), can further complicate the modeling process by impacting life-history 

parameters (Enberg et al 2012). Fishing-induced evolution has been shown to impact growth 

(Conover et al. 2009; Conover and Munch 2002) as well as M (Jørgensen and Fiksen 2010) and, 

as shown by the simulation study above (see Simulation analysis), can impact stock assessment 

derived quantities used for management decisions. 

Integrated assessment 

Sheepshead are a structure associated species that exhibits poorly understood seasonal 

migration and their spawning and feeding behavior is habitat-driven. Genetical evidence 

suggested a coastwide model would be appropriate for assessing Atlantic sheepshead as a single 
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unit stock however, spatial heterogeneity was apparent in the fishery dynamics, vital rates, and 

size composition. Moreover, the assumption that the population was well-mixed was violated by 

the minimal mixing across management units. Thus, there were several conflicting lines of 

evidence supporting both a single stock assessment and multiple independent sub-stock 

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 model) and North Carolina surveys were synchronous with South Carolina surveys 

(Chapter 1) yet, asynchronous with Florida. The challenge of whether to include Georgia in the 

northern or the southern region proved to be difficult for multiple reasons. There was inadequate 

information such as mark-recapture data to inform movement patterns. Size compositions and 

relative abundance indices were not available for inference of spatial synchrony in size structure 

and abundance trends. For both regions, including Georgia in the assessment gave less optimistic 

results and affected growth and M rates which, also impact assessment results (see Simulation 

analysis). This underscores the importance of having adequate data to appropriately characterize 

the spatial structures within and throughout the spatial extent. Therefore, we explored regional 

models with and without 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., SPR40% or SPR30%) and the method of M implemented (i.e, 

age-constant or age-specific) with stable levels of F since 1996 that fluctuate around the FSPR40% 

reference point. Estimated SSB showed a steady incline for the majority of the time-series 

moving from below SSBSPR30% in the beginning years to above SSBSPR40% in SSB2019. However, 

the coastwide estimates may not be as representative of each of the management units due to 
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misspecification in vital rates such as growth, M, and recruitment distribution apportionment 

indicated in this study (see Simulation analysis) 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 unit (see Chapter 1) related to seasonal and/or 

spatial differences in removals (see Fishing ) and spatially varying recruitment trends. This 

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 assessment. Thus, it was 

appropriate and necessary to implement a regional structure, dividing the metapopulation into 

sub-stocks and assessing each separately in this case. 

The results from the southern region indicated overfishing was not occurring and the 

stock was not overfished however, both southern models indicated progressively higher F since 

2013 which, coupled with a series of low recruitment events, resulted in declining SSB since 

2010. The lower recruitment events after 2013 appear to be environmentally driven since the 

SSB declines very slowly due to the increased F whereas the recruitment 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. 2017) however, the magnitude of the estimates are not comparable due to 

changes MRIP estimated catch methodology (see Integrated assessment). Both the southern 

region models and the northern region models indicated low levels of uncertainty and could be 

appropriate for management however, since the Florida Fish and Wildlife Conservation 

Commission (FWCC) has routinely performed formal stock assessments on sheepshead for 

Florida in the Atlantic and Gulf of Mexico stocks (Munyandorero et al. 2017), for management 
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purposes we recommend the regional spatial structure with Georgia included in the northern 

region and Florida continue to be assessed as a separate stock. Furthermore, we suggest the 

southern stock to be managed with caution as the evidence indicated concerning trends in 

relative abundance indices (Chapter 1) and in assessment derived quantities (see Integrated 

assessment) in the more recent years of the time-series. 

The northern region model indicated that the stock was not overfished for both regional 

structures and the North with GA model indicated that overfishing was not occurring however, 

the North without GA model indicated that overfishing was occurring based on the FSPR40% when 

the age-constant M was applied. This result may be of concern since whether Georgia is included 

in the region or not directly impacts the stock status and even though SSB2019 is well above 

SSBSPR40%, this appears to be largely due to strong recruitment events since 2012 that have aided 

in the rebuilding of the stock since the overfished level of SSB2012. We recommend the northern 

stock to be assessed to include Georgia and managed with caution since the integrated 

assessment suggests the high fishing pressure has only been countered by strong recruitment 

events.  Recruitment is not only impacted by the magnitude of spawning stock biomass due to 

density-dependence, it can also be impacted by unpredictable environmental factors (Haltuch et 

al., 2019). 

As general guidance on how to deal with spatial variation in biological processes in 

assessment, we offer several suggestions that were applied in this study and refer the reader to 

Cadrin (2020) and Punt (2019) for more comprehensive studies. We recommend identifying and 

characterizing spatial structure by framing the investigation in biological realism and 

investigating genetical evidence to describe genetic coherence throughout the spatial extent of 

the population. Spatiotemporal movement patterns from mark-recapture should be considered 
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and spatial synchrony should be inferred using relative abundance indices and/or length 

compositions. Spatial variation in life-history parameters should be explored by characterizing 

latitudinal gradients in vital rates. Removal dynamics and trends should be examined to explore 

the potential for localized depletion. 

One option to modeling a metapopulation with spatial variation in biological processes is 

to develop a multi-area spatial model however, this requires area-specific data sources and 

information on recruitment distribution apportionment. Alternatively, spatial variation 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 sub-stocks and assessed independently. However, this strategy is only 

possible when movement between regions is negligible. Here, we utilized SS3 to model multiple 

growth patterns with recruitment distribution apportionment estimated which, aided in 

accounting for variability in growth parameters within a sub-stock. We implemented multiple 

growth patterns within SS3 by externally estimating dimorphic growth using mixture models to 

inform the dimorphic growth parameters. 

We recommend further research be performed to fill gaps in data to inform population 

spatial structure by performing area-specific research in areas without information on movement 

patterns, relative abundance indices, and length compositions. This is especially important for 

Georgia as this would help to distinguish boundaries between the two sub-stocks. Additionally, 

there is a lack of information on recruitment in the northern region and should be a focus of 

further research and data collection that could have benefits for sheepshead and other similar 

reef-fish species. We also recommend further research on developing the appropriate biological 
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reference points (see Trijoulet et al. 2022 for guidance on MSY-based reference points) as these 

influence stock status outcomes and subsequently, critically impact management decisions. 

Conclusion 

The differing outcomes from the assessment models presented in this study can impact 

management decisions and emphasize the importance of accounting for spatial heterogeneity in 

stock assessment. Specifically, accounting for latitudinal gradients in vital rates such as growth 

and M, dimorphic growth within and among management units, and localized depletion and 

subsequent relative abundance are crucial for developing accurate estimates in population trends 

and should be considered carefully to ensure the health and sustainability of important 

recreational and commercial fisheries along the southeast Atlantic coast. 
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Tables 

Table 2.1 Length at 50% maturity (L50) in fork length (FL) of female and male sheepshead. 

Length-based von Bertalanffy (von Bertalanffy, 1938) growth coefficient (k), asymptotic length 

(LÐ), theoretical age when average length equals zero (t0), and max age (Tmax) of sheepshead for 

each state from Floridaôs Atlantic coast to Virginia. Virginia growth parameters listed as 

females/males. Sources: Florida (Munyandorero et al. 2017), Georgia (Fortuna et al. 

(Unpublished) in McDonough et al. 2011, South Carolina (McDonough et al. 2011), North 

Carolina (NCDENR 2015; NCDENR 2021), and Virginia (Liao et al. 2009; J. Ballenger, 

personal communication 2019 for Tmax). 

 

State 
L50, Females/ Males 

(FL, mm) 
k (yr-1) ╛  (mm) t0 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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Table 2.2: Simulation analysis scenarios focusing on the parameterization of natural mortality (M) and growth for two areas (i.e., 

Florida and North Carolina) combined in a single estimation model (EM) with various configurations to produce coast-wide estimates 

to compare with true values from the operating model (OM). All parameters fixed unless specifically defined as estimated. 

  M and growth parameterization   

Scenario 

# 
Scenario Name 

True Population 

(OM) 

Coast-wide Estimator 

(EM) 
 SS3 Configuration (EM) 

1 Misspecification. in 

M 

area-specific M 

coast-wide growth 

coast-wide M 

coast-wide growth 

 Single-area and single growth pattern 

2 Misspecification. in 

growth 

coast-wide M 

area-specific growth 

coast-wide M 

coast-wide growth 

(estimated) 

 Single-area and single growth pattern 

3 Misspecification in 

M and growth 

area-specific M 

area-specific growth 

coast-wide M 

coast-wide growth 

(estimated) 

 Single-area and single growth pattern 

4 Growth morphs area-specific M 

area-specific growth 

morphs-as-areas M 

morphs-as-areas growth 

 Single-area, two growth patterns, and 

time-varying recruitment 

apportionment estimated 

5 2-areas area-specific M 

area-specific growth 

area-specific M 

area-specific growth 

 2-areas, two growth patterns (one per 

area), and time-varying recruitment 

apportionment estimated, area-specific 

input data 

      

6 2-areas (true 

recruitment 

distribution known) 

area-specific M 

area-specific growth 

area-specific M 

area-specific growth 

 2-areas, two growth patterns (one per 

area), and time-constant recruitment 

apportionment fixed based on true 

relative spawning stock biomass (from 

OM), area-specific input data 
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Table 2.3: Heat map of numbers of tagged sheepshead by year and length bin (total length in 2 

cm increments) from the South Carolina Department Natural Resources (SCDNR) Volunteer 

Angler Tagging Program. 
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Table 2.4: Mixture model analyses results with proportion of morph assignments, von Bertalanffy growth parameter estimates of LÐ, 

K, and t0, and median Brooks-Gelman-Rubin statistic. The 95% confidence intervals are presented in parentheses. 

 

Model 

 

Morph  

 

Proportion 

 

LÐ 

 

K 

 

t0 

Median BGR 

Statistic 

Florida 1 45.2% 519 

(509, 529) 

0.242 

(0.223, 0.260) 

-0.849 

(-1.06, -0.658) 

1.001 

2 54.8% 402 

(393, 412) 

0.232 

(0.209, 0.258) 

-1.75 

(-2.08, -1.45) 

       
       

South with GA 1 54.2% 526 

(511, 538) 

0.244 

(0.221, 0.266) 

-1.1 

(-1.17, -0.988) 

1.001 

2 45.8% 390 

(380, 401) 

0.289 

(0.257, 0.328) 

-1.35 

(-1.77, -0.780) 

       
       

North with GA 1 90.2% 600 

(596, 605) 

0.236 

(0.229, 0.243) 

-0.426 

(-0.515, -0.339) 

1.009 

2 9.8% 595 

(582, 601) 

0.108 

(0.0940, 0.122) 

-4.87 

(-6.26, -3.88) 

       
       

North without GA 1 100.0% 587 

(584, 591) 

0.235 

(0.228, 0.241) 

-0.514 

(-0.585, -0.446) 

1.001 

       
       

Coastwide 1 79.4% 593 

(504, 602) 

0.232 

(0.217, 0.247) 

-0.433 

(-0.627, -0.256) 

1.001 

2 20.6% 572 

(506, 595) 

0.074 

(0.0609, 0.101)  

-6.97 

(-8.89, -05.30) 
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Figures 

 

  

Figure 2.1: US southeast Atlantic coast-wide distribution of 

sheepshead (Archosargus probatocephalus probatocephalus) 

extends from Miami, Florida to the Chesapeake Bay, Virginia. 
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A 

B 

Figure 2.2: Histogram of sheepshead days at large from South 

Carolina Department of Natural Resources mark-recapture data 

(graph A). Scatterplot of sheepshead days at large and distance 

from initial tagging location (graph B). 2,740 sheepshead tagged 

with 166 recaptures from 1989 to 2017. 
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Figure 2.3: Recreational harvest of sheepshead (primary y-axis; 

numbers) and commercial landings (secondary y-axis; metric tons) from 

1981 to 2019 for the Atlantic coast from Florida to Virginia. 



100 

 

  

Figure 2.4: Recreational harvest by wave (wave 1 = Jan/ Feb) in metric 

tons (MT) from Marine Recreational Information Program (MRIP) 

from 1981-2019 of sheepshead for southeast Atlantic states (graph A). 

Commercial landings by wave in MT from the Atlantic Coastal 

Cooperative Statistics Program (ACCSP) from 1981-2019 of 

sheepshead for southeast Atlantic states (graph B). Commercial data 

for Georgia, South Carolina, and Virginia excluded due to regulations 

prohibiting commercial harvest of sheepshead. 
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Figure 2.5: North Carolina sheepshead landings in metric tons (MT) by specific gear classification. 
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Figure 2.6: Region- and sex-specific von Bertalanffy parameter estimates (LÐr,s, kr,s, t0r,s, and ɤr,s) from sheepshead sampled from the Gulf of 

Mexico and North Atlantic. The thicker portion of the lines represent the 80% credible interval, the thin portion represents the 95% credible 

interval, and the tick represents the median value. Figure from Adams et al. (2018). 
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Figure 2.7: Length frequencies by region (graph A) and season (graph B) from 

1989 to 2019 for sheepshead from SEAMAP-SA. Vertical lines indicate 

median size. 
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Figure 2.8: Sex-specific length-at-age data from Florida sampled in southern stratum (Southern Indian River Lagoon) 

and northern strata (Northern Indian River Lagoon and Northeast Florida). 
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Figure 2.9: A conceptual overview for the simulation analysis process for North Carolina and Florida modeled using Stock 

Synthesis Version 3 (SS3). SSB represents spawning stock biomass. This process was repeated for each scenario with 

changes to how estimation was configured dependent on the scenario. 
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Figure 2.10: Fit of the weight-at-length function to available biological data for 

southeast Atlantic sheepshead. 
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Figure 2.11: Fit of the length-at-age function to available biological data by state for southeast Atlantic sheepshead. 
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Figure 2.12: Posterior distributions for von Bertalanffy parameter estimates by state for Atlantic sheepshead. 
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Figure 2.13: Observed fractional length-at-age (color indicates morph assignment) and expected (lines) length-at-age by 

growth morph estimated from the mixture model and used as priors for the southern region integrated assessment model 

with and without Georgia. 
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Figure 2.14: Observed fractional length-at-age (color indicates morph assignment) and expected (lines) length-at-age by 

growth morph estimated from the mixture model and used as priors for the northern region integrated assessment model 

with and without Georgia. 
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Figure 2.15: Observed fractional length-at-age (color indicates morph 

assignment) and expected (lines) length-at-age by growth morph 

estimated from the mixture model and used as priors for the coastwide 

integrated assessment model. 
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Figure 2.16: Simulation analysis results showing relative bias of time-series estimates of spawning biomass, recruitment, and 

exploitation rate for scenarios with misspecification of M and growth parameters, misspecification of M, and misspecification 

of growth parameters. Other scenarios consisted of a model using growth morphs with estimated time-varying recruitment 

distribution, a 2-area model with estimated time-varying recruitment distribution, and a 2-area model with fixed recruitment 

distribution based on relative spawning stock biomass of the areas in the operating model. 
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Figure 2.17: Age-specific M (Lorenzen, 1996) curves for alternative regional and coastwide models by 

growth pattern (GP). 
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Figure 2.18: Estimates of fishing mortality, age-0 recruitment, and spawning stock biomass (SSB, MT) with SPR based 

reference points at 30% and 40% and estimated SSB with no fishing mortality for the southern region integrated 

assessment model with and without Georgia. Error bars are 95% confidence interval. 
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Figure 2.19: Estimates of fishing mortality, age-0 recruitment, and spawning stock biomass (SSB, MT) with SPR based 

reference points at 30% and 40% and estimated SSB with no fishing mortality for the northern region integrated assessment 

model with and without Georgia. Error bars are 95% confidence interval. 



116 

 

 

Figure 2.20: Estimates of fishing mortality, age-0 recruitment, and spawning stock biomass (SSB, MT) with SPR 

based reference points at 30% and 40% and estimated SSB with no fishing mortality for the coastwide integrated 

assessment model. Error bars are 95% confidence interval. 
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Figure 2.21: Southern region sensitivity results of fishing mortality to age-constant M and 

age-specific M (Lorenzen, 1996) scaled to age-constant M that was used in the diagnostic 

models. Includes SPR30% (dashed lines) and SPR40% (dotted) reference points. 
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Figure 2.22: Northern region sensitivity results of fishing mortality to age-constant M and 

age-specific M (Lorenzen, 1996) scaled to age-constant M that was used in the diagnostic 

models. Includes SPR30% (dashed lines) and SPR40% (dotted) reference points. 
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Figure 2.23: Coastwide sensitivity results of fishing mortality to age-constant M and age-

specific M (Lorenzen, 1996) scaled to age-constant M that was used in the diagnostic 

models. Includes SPR30% (dashed lines) and SPR40% (dotted) reference points. 
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Figure 2.24: Southern region sensitivity results of spawning stock biomass (SSB) to age-

constant M and age-specific M (Lorenzen, 1996) scaled to age-constant M that was used 

in the diagnostic models. Includes SPR30% (dashed lines) and SPR40% (dotted) 

reference points. 
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Figure 2.25: Northern region sensitivity results of spawning stock biomass (SSB) to age-

constant M and age-specific M (Lorenzen, 1996) scaled to age-constant M that was used 

in the diagnostic models. Includes SPR30% (dashed lines) and SPR40% (dotted) 

reference points. 
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Figure 2.26: Coastwide sensitivity results of spawning stock biomass (SSB) to age-

constant M and age-specific M (Lorenzen, 1996) scaled to age-constant M that was used 

in the diagnostic models. Includes SPR30% (dashed lines) and SPR40% (dotted) 

reference points. 
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Abstract 

The southeast US Atlantic coast population of sheepshead has no formal stock assessment to 

assist in management of this recreationally and commercially important species except in 

Florida. We tested the predictive performance at estimating the overfishing limit (OFL) for the 

southern (i.e., Florida) and northern (i.e., Georgia, South Carolina, North Carolina, and Virginia) 

regions of Atlantic sheepshead sub-stocks of the following catch-based, depletion-based, and 

length-based data-limited methods via simulation analysis: catch-maximum sustainable yield 

(Catch-MSY), only reliable catch stocks (ORCS), depletion-based stock reduction analysis (DB-

SRA), depletion corrected average catch (DCAC), and length-based integrated mixed effects 

(LIME). We also used these methods to estimate OFL on observed data. The suite of data-

limited methods provided a broad perspective of the potential range of OFL in each region and in 

both regions, DB-SRA demonstrated the best performance with ORCS performing moderately 

well. Application of the data-limited methods indicated that the catch in the terminal year was 

below the OFL for both regions using the DB-SRA method and this result was confirmed by the 

Stock Synthesis (SS3) integrated assessment results (see Chapter 2). We recommend the use of 

the integrated assessment for management however, when an integrated stock assessment is not 

feasible, applying multiple data-limited approaches such as those presented here can provide 

guidance for managers for achieving sustainable fisheries. 
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Introduction  

In 2006, an amendment to the U.S. Magnuson-Stevens Fishery Conservation and 

Management Act established annual catch limits (ACLs) for federally managed fisheries to 

prevent overfishing. 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 yield (FMSY; NOAA 2022; NSG 2009). Once an OFL is determined, the 

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 account for management 

uncertainty in how effectively the ACL will be implemented. This process would be directly 

applicable only to federally managed species yet, these guidelines present a consistent template 

for managing fisheries among various management units. 

In order to properly set an OFL, a formal stock assessment is needed to provide estimates 

of abundance, stock productivity, and exploitation with corresponding estimates of uncertainty of 

these derived quantities used for management decisions (FAO 2022, NOAA 2022). This is 

typically, if possible, accomplished by performing an integrated stock assessment (Deriso et al., 

1985; Fournier and Archibald, 1982; Methot, 1990), whereby the use of statistical distributions 

are used to model observation error from multiple data sets and various data types to improve 

prediction accuracy and estimate uncertainty for population and fisheries dynamics (Dichmont et 

al., 2016). Many stocks that are often referred to as ñdata-poorò or ñdata-limitedò (and will be 

referred to hereafter as data-limited) lack the necessary components that give rise to an integrated 

stock assessment. 

Cope et al. (2023) suggested that the term data-limited not only refers to limitations of 

data (i.e., type, quality, and quantity) as the name implies, but also can include limitations of 
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resources (i.e., time, funding, and capacity). This is an important distinction as in many cases, 

there may be adequate data to perform an integrated assessment, but the resources may not be 

available to effectively develop and complete an assessment to be adopted for management. 

Hence, these limitations provide ample reasoning for why only half of the worldôs catch 

have reliable quantitative stock assessments (Hilborn et al., 2020). Furthermore, Hilborn et al. 

(2020) indicated that global regions with less fisheries management (i.e., without assessments) 

have 3-fold higher exploitation rates and half the abundance as assessed stocks and that it is vital 

to explore methodology that will improve fisheries with poorly characterized stock status. This 

emphasizes the demand for the exploration of data-limited stock assessment methods with the 

aim of developing sustainable fisheries using effective fisheries management and conservation 

(Carruthers et al. 2014). 

Data-limited stock assessment approaches include catch-based methods that utilize the 

recent catch time-series and follow the assumption that the catch and population relative 

abundance trends are proportional (Geromont and Butterworth, 2015). Although, these techniques 

require only a recent time-series of catch, this is often difficult to obtain for small-scale fisheries 

where multiple species are caught simultaneously with multiple gears and the lower economic 

contribution these fisheries provide to the region can result in a lack of interest for governing 

bodies to prioritize data collection (Chrysafi and Kuparinen, 2016). Additionally, the assumption 

of proportionality of catch and relative abundance may not be appropriate as catch can be affected 

by either fluctuations in fishing effort, stock productivity, or confounding between these factors; 

however, catch-based methods may still provide a general indication of stock status (Chrysafi and 

Kuparinen, 2016). 
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Recognizing the need for more stock-specific knowledge to inform the estimation of stock 

status, catch-based methods evolved to incorporate life-history information using a method called 

ñstock reduction analysisò (SRA; Kimura et al., 1984; Kimura and Tagart, 1982). SRA uses a 

delay-difference equation that takes into account how growth and recruitment affect biomass over 

the time-series and was later adapted to incorporate stochasticity (Walters et al., 2006). MacCall 

(2009) developed a method that estimates depletion using catch data called ñdepletion corrected 

average catchò (DCAC) which, was based on the potential yield formula (Alverson and Pereyra, 

1969; Gulland, 1970). Dick and MacCall (2011) were able to merge SRA with DCAC while adding 

flexibility in the productivity curve with a method referred to as ñdepletion-based stock reduction 

analysisò (DB-SRA). 

These depletion-based methods can be thought of as a further extension of catch-based 

methods as they also rely heavily on catch information; however, they also utilize a minimal 

number of other inputs that inform relationships between productivity, MSY-based reference 

points, and depletion levels and require a historical catch time-series to estimate historical 

depletion. Another method that utilized different types of inputs to accomplish similar results was 

developed for estimating MSY from catch (Martell and Froese, 2013) that utilized resilience and 

population abundance. 

However, even these minimal inputs are sometimes not available and in these cases, 

Restrepo (1998) recommended the use of scalars (between 25% to 75%) that are multiplied by the 

average catch during a period when the stock abundance did not appear to be declining (Berkson 

et al., 2011). This methodology depends on qualitative, judgement-based estimates of the 

relationship between current biomass and MSY-related benchmarks (Berkson et al., 2011; Patrick 

et al., 2009; Restrepo, 1998; Restrepo and Powers, 1999). Additionally, more quantitative 
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techniques such as catch ratios (i.e., recent year catch relative to maximum catch in the time series; 

Froese and Kesner-Reyes, 2002) have also been applied to deal with these data gaps. 

Another type of data-limited approach is the length-based approach that utilizes length-

frequency data for one or more years of the time-series (Beverton and Holt, 1957). A time-series 

of length compositions are typically easier to collect than age composition data and can provide 

important historical information on multiple aspects of population and fishery dynamics. Length 

frequency data provide valuable information on gear selectivity and fishing pressure for stocks 

where selectivity is length-based (Punt et al., 2014). These data also contain indications of 

recruitment events and productivity and Hordyk et al. (2015) developed a length-based spawning 

potential ratio (LBSPR) model that provides an indication of stock status using length frequency 

data. Rudd and Thorson (2018) developed an extension of length-based models that allows for 

time-varying recruitment and fishing mortality using mixed-effects to account for random 

variation in these time-varying processes referred to as ñLength-based Integrated Mixed Effectsò 

(LIME). 

This study focused on the Atlantic coast metapopulation of sheepshead (Archosargus 

probatocephalus; see Stock structure). Sheepshead are an important commercial and recreational 

reef fish species and are currently managed at the state level with no formal stock assessment 

except for the state of Florida (see Management overview). Atlantic sheepshead demonstrated 

spatial heterogeneity as indicated by latitudinal gradients in vital rates such as growth and natural 

mortality (M), dimorphic growth within and among management units, and localized depletion 

(see Vital rates, Growth, and Spatial synchrony). In order to appropriately capture this spatial 

heterogeneity in assessment and management, the Atlantic sheepshead metapopulation was 

considered two, latitudinally separated, sub-stocks spatially 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 

data-limited approaches (i.e. catch-based, depletion-based, and length-based) for estimating an 

OFL for sheepshead using a simulation study and 2) to apply those data-limited approaches to 

the Atlantic sheepshead metapopulation and compare with a data-moderate approach (see 

Chapter 2) 

Methods 

Selected data-limited approaches 

 The most commonly implemented data-limited catch-based methods used in the United 

States to set ACLs are scalar approaches that were first developed by Restrepo (1998) to set total 

allowable catch (TAC; Berkson and Thorson 2014).  A scalar approach is employed by applying 

a summary statistic (e.g. average, median, 90th percentile) to a designated portion of the catch-

series (e.g. last ten years, last three years, entire series; Berkson and Thorson 2014). These scalar 

approaches have been found to have poor performance with high probabilities of over-fishing 

and were unable to rebuild depleted stocks (Carruthers et al. 2014); therefore, catch-based scalar 

approaches were not included in the analyses presented.  

 The ñOnly Reliable Catch Stocksò (ORCS) method proposed by Berkson et al. (2011) is 

another catch-based method for setting the OFL and was included in the analyses presented. 

ORCS is based on the Restrepo (1998) scalar approach but with more of a biological foundation. 

The dynamic application of a control rule that was similar to the methods described in Berkson et 

al. (2011) was evaluated by Carruthers et al. (2014) and was found to have intermediate levels of 
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performance at low-stock sizes in regards to over-fishing and yield with improved performance 

at moderate stock levels. 

A simple catch-based method by Martell and Froese (2013), which will be referred to as 

ñCatch-MSYò hereafter, has been shown by the authors to be relatively robust by producing 

similar estimates of MSY to full stock assessments. This method was included in the analyses 

presented however, Chrysafi and Kuparinen (2015) caution that Catch-MSY can perform poorly 

for lightly exploited stocks. 

One of the depletion-based approaches that was included in the analyses presented was 

the DCAC method (MacCall, 2009) that has been shown to be sensitive to assumptions regarding 

depletion estimates yet yields conservative harvest levels (Carruthers et al. 2014; Wetzel and 

Punt 2011). Carruthers et al. (2014) also found that DCAC performs well for intermediate levels 

of depletion and for species with long-lived life history types. MacCall (2009) warns that DCAC 

is not appropriate for stock-rebuilding programs and Arnold and Heppell (2014) found that 

DCAC underestimates harvest levels. However, Chrysafi and Kuparinen (2015) suggest that 

DCAC is easy to use, requiring little information for estimating MSY and is valuable where 

catch data is not available in a detailed catch series. 

DB-SRA (Dick and MacCall, 2011) is another depletion-based method presented and its 

performance has been shown to be similar to DCAC in that it is sensitive to misspecification of 

depletion (Carruthers et al. 2014; Wetzel and Punt 2011). DB-SRA also performs well for 

species with long-lived life history types (Carruthers et al. 2014). Arnold and Heppell (2014) 

found that DB-SRA can underestimate harvest levels, however, Chrysafi and Kuparinen (2015) 

suggest that DB-SRA can be useful for providing information on stock status and setting catch 

limits for stocks with an accurate catch-series available. 
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The LIME model (Rudd and Thorson, 2018) was also included in the analyses presented 

and requires at least one year of length data and biological information but can also incorporate 

multiple years of length data as well as catch and abundance data. Chong et al. (2020) tested the 

performance of various length-based methods and found that LIME (as well as LBSPR, length-

based Thompson and Bell, and length-based risk analysis) had difficulties with short-lived 

species, with identifying recruitment overfishing in heavily exploited stocks, and with 

identifying growth overfishing with lightly exploited stocks. Furthermore, LIME was considered 

better when there were multiple years of data. Pons et al. (2020) evaluated various catch-based 

methods (Catch-MSY, simple Stock Synthesis, and an extension of Catch-MSY) with various 

length-based methods (LBSPR, LIME, and length-based Bayesian) and found that LIME 

performed as well as catch-based methods in many scenarios.  

Catch time-series 

A time-series of catch in metric tons (MT) for sheepshead was estimated for the years 

corresponding to the same years used in the data-moderate assessment for each region (i.e., 

1994-2019 for the northern stock and 1997-2019 for the southern stock). The catch time-series 

was developed by adding commercial landings from Atlantic Coastal Cooperative Statistics 

Program (ACCSP), recreational harvest from the Marine Recreational Information Program 

(MRIP), and recreational discard mortality (see Data). Data from each state along the Atlantic 

coast according to the regional sub-stock definition were pooled for each year and the MRIP 

harvest data (Types A + B1; see Data for brief description of the MRIP program and catch type 

definitions) was acquired in metric tons. Total MRIP discards (Type B2) were acquired in 

numbers and then multiplied by 11% from a discard mortality meta-analysis (Bartholomew and 

Bohnsack 2005) to give the year-specific number of dead discards. This value was then 
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multiplied by the year-specific average weight of harvested fish. We acknowledge that released 

fish would likely include smaller fish than landings and may be biased however, this was 

performed as an approximation in lieu of more informed estimates of the composition of released 

fish. The number of dead discards in year y (DNy) was calculated as: 

where Ὑ  was the number of releases in year y, and 0.11 was the 11% estimate from a meta-

analysis (Bartholomew and Bohnsack 2005). The weight of the average harvested individual in 

year y Ὄὡ  was then calculated as: 

Ὄὡ     (20) 

where Ὄὔ was the total harvested number in year y and Ὄὡ was the total harvested weight in 

year y. The weight of dead discards in year y (DWy) was then calculated as 

Ὀὡ Ὄὡ Ὀὔ  (21) 

Catch-based 

ORCS applies scalar multipliers to catch patterns of exploitation level and stock risk with 

precautionary buffers to account for management and scientific uncertainty. First, a catch 

statistic must be chosen such as mean, median or 75th percentile of the catch series and then a 

scalar is applied based on exploitation level to compute the OFL. The levels of exploitation are 

defined as under-exploited, fully-exploited, and over-exploited 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. 

Ὀὔ  Ὑ πȢρρ  (19) 
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For the application of ORCS, to determine the exploitation level, stock risk, and the catch 

statistic that would be representative of the typical catch value, temporal trends in the historical 

catch were visually evaluated. This was done with careful consideration as it has been shown that 

fishery-dependent data is often not a good indication of abundance due to bias caused by changes 

in fleet efficiency, targeting, and fleet dynamics (Maunder et al. 2006). 

The total removal in the northern region (Figure 3.1) indicated an increasing trend with a 

median of 235 MT (coefficient of variation; CV = 1.01). Conversely, the southern region 

indicated a more stable trend with a much higher median removal of 650 MT (CV = 0.931) 

which, was 2.76 times the median from the northern region. The determination of exploitation 

level poses multiple challenges due to the subjective nature of the analysis and Berkson et al. 

(2011) suggest evaluating trends in catch and effort jointly. However, effort data from the MRIP 

program is not broken down by species due to the nature of recreational fishing and thus, we 

make the assumption that targeted effort for sheepshead is proportional to effort as defined by 

the MRIP program (i.e., non-specific effort). This assumption may be biased however, it can 

provide some approximation of effort in lieu of more detailed data on sheepshead effort. MRIP 

data (Figure 3.2) indicated similar, increasing trends in catch and effort for the northern region 

and the southern region indicated 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 depletion (Berkson et al., 

2011).  

Since the catch time-series for each region indicated no long-term decreasing trends due 

to excessive removals, the catch data provide no evidence that the fisheries might be over-

exploited. However, some fish stocks have been shown to demonstrate hyperstability (i.e., catch 
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rates remain high while the population declines), particularly when spawning aggregations are 

targeted in fisheries (Erisman et al., 2011; Harley et al., 2001). 

Sheepshead are reported in commercial landings but only as bycatch (NCDENR 2018a; 

NMFS 2017) and the magnitude of the recreational harvest is substantially higher than 

commercial landings (Figure 3.1). Sheepshead are primarily found and harvested in estuarine and 

coastal waters around natural and artificial structure (McDonough et al. 2011; Munyandorero et 

al. 2017; NCDENR, 2015; NCDENR 2018b) whereas spawning migrations have been observed 

in continental shelf waters along the coast of North Carolina in the spring as water temperature 

rises (T. Teears, personal observation 2018). Therefore, there is little evidence to suggest that 

sheepshead spawning aggregations are being specifically targeted by the recreational fishery in 

the northern region. In the southern region, some literature suggests that spawning may occur in 

estuaries (Render and Wilson, 1992) which, may call in to question whether the spawning 

aggregations are being targeted, yet this was only speculative. 

For Atlantic sheepshead, we found no evidence to suggest that these stocks were over-

exploited, at high risk due to habitat loss, or more highly targeted compared to other similar 

species and as a precautionary approach, we considered the regional sheepshead stocks to be 

fully exploited and the risk level was considered medium with the median value of the time-

series used as the selected statistic for the ORCS implementation. 

The Catch-MSY model is fitted to 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 capacity (B/K). The model draws random values of K (bounded by the 

maximum catch and 100 times the maximum catch) and r (maximum rate of population increase; 

bounded by ñresilienceò) from uniform distributions. The model then calculates and projects 
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annual biomass using a Schaefer production model (Schaefer 1954). If the final B/K is within the 

specified bounds, the model retains the values to form distributions of r and K with estimates of 

uncertainty for each parameter. 

 For the application of Catch-MSY to the northern region catch data, the initial year scaled 

catch was < 0.5 of the maximum catch, thus the initial B/K was bounded by 0.5 ˈ 0.9 and the 

final year scaled catch was > 0.5, hence the final B/K was bounded by 0.3 ˈ 0.7 as suggested by 

Martell and Froese (2013). For the southern region, the initial year scaled catch was > 0.5 of the 

maximum catch, thus the initial B/K was bounded by 0.3 ˈ 0.6 and the final year scaled catch 

was > 0.5, hence the final B/K was bounded by 0.3 ˈ 0.7 just as the northern region. The 

resilience from FishBase (https://fishbase.se/search.php) was considered to be ñmediumò for 

sheepshead and the parameter r was bounded by 0.2 ˈ 1.0 as suggested by Martell and Froese 

(2013). 

DCAC is based on the Potential Yield Formula (Alverson and Pereyra 1969; Gulland 

1970) and it provides an estimate of potential yield with the advantage of propagating 

uncertainty using Monte Carlo 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 model were: the sum of the catch series and the number of corresponding years, 

M, the relative reduction in biomass during the catch time-series (Ў), the ratio of FMSY to M 

(FMSY: M), and the ratio of BMSY to K (BMSY: K). The DCAC model was downloaded from the 

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

 DB-SRA merges SRA with DCAC to provide an OFL. DB-SRA uses a delay-difference 

model with a productivity function in a Monte Carlo approach to model trajectories of biomass 

fit to match the relative stock depletion in the target year. The model removes any trajectories 
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that produce a negative biomass and the remaining trajectoriesô corresponding parameter 

estimates provide posterior distributions from a Bayesian framework of K, BMSY, MSY, FMSY and 

the catch resulting from fishing at FMSY (CFmsy). DB-SRA uses the same inputs as DCAC except 

that it also requires a catch series by year, an estimate of length at %50 maturity (L50), and an 

estimate of age-at-maturity. Additionally, instead of using Ў as the DCAC model does, the DB-

SRA model uses relative depletion level (BT: K), which is the ratio of biomass at time T (BT) to K 

where T is set to the terminal year of assessment. The DB-SRA model was implemented by 

using the Data-Limited Methods Toolkit (ñDLM Toolkitò; Carruthers and Hordyk, 2018) 

package in R (R Core Team 2022). 

 For the application of DCAC and DB-SRA, the input of M was log-normally distributed 

and estimated by using the maximum age of sheepshead within the respective region (Table 3.1) 

and applying the Tmax based estimator by Hamel and Cope (2022) at 0.135 (Tmax = 40) and 0.216 

(Tmax = 25) for the northern and southern region models, respectively. The standard deviation in 

log-space given by Hamel and Cope (2022) of 0.31 was used as the input of uncertainty for M. 

 The input of FMSY: M was log-normally distributed and estimated using several sources of 

guidance. Walters and Martell (2004) suggest that FMSY: M is based on when fish become 

vulnerable to fishing in relation to age-at-maturity. For stocks that are fished before they reach 

maturity, Walters and Martell (2004) recommend FMSY : M πȢφ but for stocks that spawn at 

least once before they become vulnerable to fishing, they suggest FMSY : M ḙρȢπ.  

In order to estimate when sheepshead become vulnerable to fishing in relation to age-at-

maturity, estimates of female L50 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 female L50, the stock in that state was assumed to be fished before reaching maturity. 
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The value of L50 was estimated by averaging the published values for each Atlantic coast state 

from Florida to Virginia (Table 3.2). 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 average. The estimate of age-at-maturity was set at age 2 (Render & Wilson 1992). 

The majority of the management areas in the southeast Atlantic have allowed harvest of 

sheepshead prior to reaching maturity, which would indicate, according to Walters and Martell 

(2004), FMSY : M should be set at 0.6. However, the FMSY : M for other similar reef fish species in 

the southeast Atlantic are typically much higher (many>1; N. Klibansky, NOAA fisheries pers. 

comm.) as many of these fisheries are targeting sub-adults as opposed to depleting the older age 

classes. Furthermore, in a meta-analysis by Zhou et al. (2012), the authors found FMSY : M for 

teleost to be 0.866 (CV of 0.06). For the DCAC and DB-SRA analyses, a value of 0.8 was 

adopted with a CV of 0.2 as recommended by MacCall (2009). 

 The input of BMSY: K followed a beta distribution and a value of 0.4 has typically been 

used (Dick and MacCall 2011; MacCall 2009), which corresponds to 40% of the unfished 

biomass; therefore, 0.4 was adopted for the depletion-based models with a CV of 0.2. 

 MacCall (2009) acknowledged how challenging estimating Ў can be and even suggested 

conferring with experienced fishers or expert opinion and with no information at all, setting Ў to 

a precautionary value of 0.5. As was done to determine the exploitation level for ORCS, the 

catch and effort time-series was evaluated to help guide the determination of Ў. Since these data 

showed no evidence of depletion due to over-exploitation or habitat reduction, then the 

precautionary Ў of 0.5 was adopted following a beta distribution with a CV of 0.2. 
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The relative depletion level (BT: K) was estimated in a similar fashion as Ў as these two 

parameters are very closely related. The Ў is a measure of the fraction of biomass compared to an 

unexploited stock that has been removed via historical fishing, whereas the BT: K is a measure of 

how much of the stock is left after removals have depleted a fishery. Dick and MacCall (2011) 

caution against overestimating BT: K as it can result in large relative absolute errors in estimated 

biological reference points; therefore, a BT: K of 0.5 was adopted following a beta distribution 

with a CV of 0.2. 

LIME is an age-structured population dynamics model that uses length composition of the 

catch and an input estimate of life-history parameters while accounting for time-varying fishing 

mortality and recruitment. The life-history parameters include M, the length-at-age relationship, 

the weight-at-length relationship, and length at %50 maturity. The LIME model then provides 

estimates of selectivity-at-length and annual time-series estimates of recruitment, fishing 

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

Region (northern and southern) specific l ife-history parameters were used in the analyses. 

M was parameterized as in the DCAC and DB-SRA approaches. Other life-history parameters 

were implemented by averaging the estimates from the literature (Table 3.2, Table 3.3, & Table 

3.4). Length compositions for removals (harvest, discards, and landings) were acquired by the 

same methods as in the integrated assessment (see Chapter 2). Fishing mortality penalty standard 

deviation was set to 0.1 to improve convergence as suggested by the authors. Convergence 

criteria were defined as max gradient  0.001, a positive definite Hessian, and log(R0) < 12.0 to 

ensure estimates of population size were not unreasonable (Rudd et al., 2021). 



138 

 

Simulation analysis 

 The objective of the simulation analysis was to test how closely various data-limited 

approaches can estimate the OFL from simulated data with known parameters (referred to as the 

ñtrue populationò) based on the regional assessment presented in Chapter 2. Simulated data was 

generated using the bootstrap function in Stock Synthesis version 3 (SS3; Methot and Wetzel 

2013) to create 300 new datasets for the northern and southern sheepshead stocks in the same 

manner as in the simulation experiment in Chapter 2 (see Operating model development) with 

one caveat. The operating model was developed using catch in weight since the data-limited 

methods require catch to be input in weight instead of numbers. These datasets were then applied 

to each data-limited method to estimate an OFL. The LIME method does not output an estimate 

of OFL and thus, the fishing mortality at the spawning potential ratio of 30% (FSPR30%; as was 

used in the most recent Florida assessment of sheepshead; Munyandorero et al. 2017) was used 

in conjunction with an estimate of current biomass based on current catch and fishing mortality 

(Carruthers et al., 2014) to estimate OFL following the equations: 

where OFL was the overfishing limit, ὄὧόὶὶὩὲὸ was the terminal year biomass, ὊὧόὶὶὩὲὸ was the 

terminal year fishing morality, and ὅὧόὶὶὩὲὸ was the terminal year total removals. We compared 

the estimates of OFL from the data-limited methods to the known OFL using relative error 

calculated as: 

ὕὊὒὄ ᶻρ Ὡ Ϸ  (22) 

ὄ ὅ ρ Ὡϳ   (23) 

ὙὉ ὕὊὒ ὕὊὒ ὕὊὒϳ   (24) 
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where RE was relative error, OFLTrue was the OFL from the true population, and OFLEst was the 

OFL estimated from the data-limited method applied. 

Results 

Simulation analysis 

 Results from the simulation analysis (Figure 3.3) indicated that all the methods had 100% 

convergence except for the LIME method which, had convergence of 47% and 49% for the 

southern and northern regions, respectively. Also, the LIME method was the only method that 

overestimated the OFL for both the southern and northern regions with high variability and 

relative error of 31.2% (coefficient of variation; CV=0.40) and 109% (CV=0.50), respectively. 

The Catch-MSY method underestimated the OFL for both the southern and northern regions 

with high variability and indicated relative error of -58.7% (CV=0.62) and -61.9% (CV=0.64), 

respectively, and the distributions for both regions had a bimodal shape with a small grouping of 

higher estimates from the median that were closer to the true OFL. The depletion-based 

estimates indicated that the DB-SRA was the best performing method for both regions and 

underestimated the OFL for both the southern and northern regions with relative error of -5.58% 

(CV=0.12) and -21.7% (CV=0.12), respectively. The DCAC method underestimated the OFL for 

both the southern and northern regions with relative error of -37.5% (CV=0.096) and -50.7% 

(CV=0.11), respectively. The ORCS method underestimated the OFL for both the southern and 

northern regions with relative error of -25.7% (CV=0.12) and -38.4% (0.12). 

Application to observed data 

 A summary of results from the various data-limited approaches applied to the catch and 

length data are presented in Figure 3.4 (see Appendix C for plots associated with LIME results 

and table of OFL estimates). The Catch-MSY approach provided the highest estimate of OFL for 
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the southern and northern regions at 2,230 MT (CV=0.25) and 1,200 MT (CV=0.28), 

respectively. Conversely, the DCAC provided the lowest OFL and the lowest associated 

uncertainty at 1,320 MT (CV=0.24) and 587 MT (CV=0.24) for the southern and northern 

regions, respectively. The results for ORCS approach indicated an estimate of an OFL of 1,630 

MT and 898 MT for the southern and northern regions, respectively. DB-SRA indicated an OFL 

of 1,990 MT (CV=0.47) and 937 MT (CV=0.47) for the southern and northern regions, 

respectively. The LIME approach indicated an OFL of 1,920 MT (CV=0.42) and 803 MT 

(CV=0.36) for the southern and northern regions, respectively. The results from the integrated 

assessments presented in Chapter 2 were an OFL of 2,120 MT (CV=0.061) and 1,120 MT 

(CV=0.036) for the southern and northern regions, respectively. 

The terminal year catch in the southern region was below the OFL estimates for all data-

limited methods with the exception of the DCAC method. However, in the northern region, the 

terminal year catch was below the Catch-MSY, DB-SRA, and SS3 methodsô OFL but, not for the 

ORCS, DCAC, and LIME methods. 

Discussion 

The results from these analyses may not be informative for all species, life-history types, 

oceanic regions, and historical exploitation levels. However, other US southeast Atlantic, 

moderate to long-lived reef-fish species similar to sheepshead may benefit from the application 

of data-limited methods such as those presented here where no formal stock assessment may be 

feasible. Pons et al. (2020) evaluated the performance of Catch-MSY, a more developed version 

of Catch-MSY (CMSY; Froese et al., 2017), DB-SRA, simple Stock Synthesis (SSS; Cope, 

2013), LBSPR, LIME, and length-based Bayesian (LBB; Froese et al., 2018) and found that, 

overall, bias was higher for stocks that were slightly depleted compared to those that were highly 
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depleted and bias was higher for longer lived species compared to shorter-lived species. Thus, 

application of these methods may differ between regions where exploitation level and expected 

life-span may differ. 

Simulation analysis 

In the simulation analysis, the Catch-MSY method did not perform as well as the other 

data-limited methods except for the LIME model in the northern region. Furthermore, the 

resulting bimodal distribution may be an indication of instability in the model for these data. 

Martell and Froese (2013) developed Catch-MSY and suggest that the method is robust and can 

provide similar results to full stock assessments. However, the authors acknowledge that Catch-

MSY overestimated K and underestimated r when compared with FMSY but not when compared 

with F0.1 (F at 10% of the slope of the yield-per-recruit curve at the origin). Bouch et al. (2021) 

evaluated CMSY and when compared to accepted age-based assessments from the International 

Council for the Exploration of the Seas (ICES), CMSY had a tendency to overestimate F and 

underestimate biomass. However, CMSY was demonstrated by Pons et al. (2020) to have better 

performance than catch-based methods, including DB-SRA.  

Data-limited methods, such as catch-based 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, length-based, data-limited methods have been 

able to incorporate more data sources that may be able to derive this information (Froese et al., 

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

In this study, the LIME method performed 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 (> 50%), possibly due to the low 
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contrast and monotonic trend, indicating model instability for these data. The authors of LIME 

(Rudd and Thorson, 2018) suggest that LIME is sensitive to misspecification of biological 

parameters and recommend performing local studies on growth rates to improve model 

performance. Furthermore, like all data-limited methods, there are several assumptions behind 

the length-based approach, e.g., asymptotic selectivity, growth is well described by von 

Bertalanffy parameterization, a single growth curve can be used to describe the population, 

length-at-age is normally distributed, natural mortality is constant across age, growth rates are 

constant across the cohorts. Based on results (see Growth and Adams et al., 2018), the 

assumptions regarding growth are not supported by the data and are likely negatively impacting 

the performance of LIME. This may be especially important for other reef-fish species that 

exhibit similarly high spatial variability in growth. 

Choosing whether to use a length-based approach over an age-based method can often be 

dictated by the type of data available to the assessment team and it is also important to ensure the 

corresponding assumptions of the selected analysis are, ideally, being met in a transparent 

manner. For example, if population dynamics are driven by age or length-based processes (e.g., 

age or length-based ontogenetic movements), then this should help guide the choices involved in 

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

Another consideration with comparing catch-based methods to length-based methods is 

that these methods focus on fundamentally different aspects of the stock status (i.e., biomass and 

fishing mortality). Pons et al. (2020) compared exploitation rate from both catch-based and 

length-based methods and demonstrated that LIME, in many scenarios, performed equally with 

the catch-based methods and should be considered a good option when the underlying 

assumptions of LIME are met. 
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The ORCS method performed moderately well for both regions which, would be 

expected since the key assumption of catch-based methods was met for both stocks as there was 

a moderate correlation between catch and abundance from the SS3 integrated assessment 

(southern r=0.30 and northern r=0.29). However,  Free et al. (2017) tested the performance of 

ORCS at predicting stock status for 193 data-rich 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 of ORCS be used. This refined method has not 

been extensively tested due to the subjective nature of the analysis and its reliance on the 

assessment teamôs ability to objectively judge attributes that characterize factors impacting 

population dynamics and stock status (Carruthers et al., 2014). Furthermore, Carruthers et al. 

(2014) caution that this method may lead to frequent depletions of stock below the overfished 

threshold of 50% BMSY (the biomass that produces maximum sustainable yield; MSY). However, 

based on the positive results of the simulation regarding the application of ORCS on sheepshead, 

we echo the suggestion of Chrysafi and Kuparinen (2016) that catch-based methods can offer a 

broad perspective of stock status if implemented objectively. 

The results indicated that DB-SRA provided the best estimates of OFL for both regions. 

Previous research testing the performance of data-limited methods suggested that DB-SRA and 

DCAC were found to be sensitive to estimates of depletion (Carruthers et al. 2014; Chrysafi and 

Kuparinen 2015; Wetzel and Punt 2011) and tended to underestimate harvest levels (Arnold and 

Heppell 2014; Chrysafi and Kuparinen 2015; Wetzel and Punt 2011). Arnold and Heppell (2015) 

demonstrated that DB-SRA performed better when depletion levels were low (0.2) as compared 

to when they were high (0.4). Unexpectedly, the depletion levels for the true populations were 

0.55 and 0.95 for the southern and northern models respectively which, would not help explain 
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the improved performance of DB-SRA.  Additionally, Wetzel and Punt (2011) demonstrated that 

DB-SRA was robust to bias in biological parameters. 

In our study, DCAC was outperformed by ORCS. DCAC was considered to be 

inappropriate at ὓ πȢςπ due to the depletion correction becoming negligible with high values 

of M (Berkson et al. 2011). Chrysafi and Kuparinen (2016) suggest that DB-SRA is an 

improvement on DCAC and, with robust estimates of catch, can provide good information on 

stock status for catch restricted management strategies. 

Based on these results, we suggest that DB-SRA can provide improved estimates of OFL 

compared to the other methods tested and that other methods also be implemented to provide a 

more fully -developed representation of the possible range of OFL. 

Application to observed data 

A statistical age-structured integrated assessment model should provide a more robust 

estimate of stock status to data-limited methods as it enables 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 fit to an index (or multiple indices) of 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 that the removals in the estimated 

population are taken at the appropriate size. Age 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 data-limited methods to the observed sheepshead data, a broad 

perspective of the range of the OFL began to emerge for each of the regions. In terms of stock 

status, the data-limited method with the best performance in the simulation (i.e., DB-SRA) 

indicated that the terminal year catch was slightly below the OFL in the northern region and well 

below the OFL in the southern region. The SS3 integrated assessment provided confirmation of 

the DB-SRA results. Based on our simulation results and the similarities between the integrated 

assessment and data-limited estimates of OFL, the data-limited methods applied to sheepshead 

data provided mostly robust information on stock status. 
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Tables 

 

Table 3.1: Maximum ages (tmax) of sheepshead and source for each state from Floridaôs Atlantic 

coast to Virginia. 

 

 

 

  

State tmax Source 

Florida 25 (Munyandorero et al. 2017) 

Georgia 18 Fortuna et al. (Unpublished) in (McDonough et al. 2011) 

South Carolina 23 (McDonough et al. 2011) 

North Carolina 29 (Pers. comm. Markwith, A., 2017) 

Virginia 40 (Pers. comm. Ballenger, J., 2019) 

Table 3.2: Length at %50 maturity (L50) in fork length (FL) of female and male sheepshead 

and source for each state from Floridaôs Atlantic coast to Virginia with size limits. Size limit 

refers to minimum legal size in that state. Size limits in bold indicate sheepshead in that state 

are being harvested prior to females reaching sexual maturity. Total or fork length (TL, FL) 

size limits in inches converted to FL in mm. 

 

State 

L50, Females/ 

Males (FL, mm) 

 

Publication 

Size Limit 

(TL, In.)  

Size Limit 

(FL, In.)  

Size Limit 

(FL, mm) 

FL συτ Ⱦ ςχφ (Munyandorero et al. 2017) 12  285 

GA ςψςȾ σωσ (Music and Pafford 1984) 10  237 

SC ςυπȾ ςυπ (McDonough et al. 2011) 14  332 

NC ςυτȾ ςυτ (NCDENR 2015)  10 254 

VA ςυςȾ ςχψ (Liao et al. 2008) None None None 

*FL size limit calculated from TL size limit using following equation: Ὂὒ ρȢςςπȢωσzὝὒ 
(McDonough et al. 2011).  
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Table 3.4: Sex-aggregated weight-at-length parameter estimates for each state from Floridaôs 

Atlantic coast to Virginia from the standard weight-length equation:   

 ὡὩὭὫὬὸ ὥz ὊέὶὯ ὒὩὲὫὸὬ.  

State a b Publication 

Virginia 2.10E-05 3.047 Ballenger (2011) 

North Carolina 2.96E-05 3.045 Schwartz (1990) * 

South Carolina 5.47E-05 2.997 McDonough et al. (2012) 

Florida 2.80E-05 2.98 Munyandorero (2017) 

* Estimates reported in standard length from source. 

 

  

Table 3.3 Length-based sex-aggregated von Bertalanffy (1938) growth coefficient (k), 

asymptotic length (LÐ in fork length; FL), time or age when average length equals zero 

(t0), and length at first capture (ὒ ίὭᾀὩ ὰὭάὭὸὒϳ ; size limit on Table 3.2) of 

sheepshead for each state from Floridaôs Atlantic coast to Virginia. Includes source 

information for growth parameters k, LÐ, and t0. Virginia parameters listed as females/ 

males and were averaged prior to computing overall regional means. 

 

State 

 

k (yr-1) 

 

╛ ╕╛ȟ□□  

 

t0 

 

Publication 

 

Lc 

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

GA 0.218 498  
Fortuna et al. (Unpublished in 

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)  
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Figures 

 

  

Figure 3.1: Time-series estimates in metric tons (MT) with standard error of recreational 

harvest and recreational dead discards (as calculated in Catch time-series) from the 

Marine Recreational Information 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. 



153 

 

 

 

Figure 3.2: Time-series estimates of removals (harvest and dead discards as calculated 

in Catch time-series) and effort from the Marine Recreational Information Program 

(MRIP). 
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Figure 3.3: Estimates of overfishing limit (OFL) relative error to true OFL (solid red line) for data-limited 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 deviation. 
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Figure 3.4: Estimates of overfishing limit (OFL) for data-limited methods applied to observed Atlantic sheepshead data along 

with estimates of OFL from the integrated Stock Synthesis (SS3) presented in Integrated assessment are presented for both 

northern and southern regions. 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 the terminal year of the catch time-series. 
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Appendix A: Chapter 1 Supplemental Material 

 

 

Figure A.1: Sample rate by strata for SEAMAP-SA spring survey.  

Figure A.2: Nominal catch rate by strata for SEAMAP-SA spring survey.  
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Figure A.3: Diagnostic plots for SEAMAP-SA spring survey.  

Figure A.4: Sample rate by strata for SEAMAP-SA autumn survey.  
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Figure A.5: Nominal catch rate by strata for SEAMAP-SA autumn survey.  

Figure A.6: Diagnostic plots for SEAMAP-SA autumn survey.  
























