
ABSTRACT 

DAMIANO, MATTHEW DANIEL. In Search of Novel Solutions to Emerging Challenges in 

Quantitative Fisheries Management. (Under the direction of Dr. Jie Cao). 

 

Chapters 1 and 2 address the challenge of modeling shifting marine fish distributions 

through the advancement of methods for species distribution modeling in data-rich and data-

limited settings. In Chapter 1, we explore the use of support vector machine (SVM) models for 

spatiotemporal modeling of reef fish distribution. The goals of the study were to test the ability 

of SVMs to learn broad-scale spatiotemporal patterns from fishery-independent video survey 

data; identify environmental and catchability-related drivers of reef fish presence and absence 

with a specific focus on species associations; use those drivers to parameterize Vector 

Autoregressive Spatiotemporal (VAST) models and compare VAST estimates of the 

spatiotemporal dynamics in reef fish abundance with the SVM predictions. We used South 

Atlantic US black sea bass (Centropristis striata) as a case study. This resulted in both the first 

application of SVMs to marine fish distribution modeling, elucidated the contribution of species 

counts to learning during model-building, and the first index of relative abundance that modeled 

the spatiotemporal dynamics of black sea bass. In Chapter 2, we discuss modeling the 

spatiotemporal dynamics of common dolphinfish (Coryphaena hippurus), which are caught 

throughout the Western Atlantic Ocean over varying spatial and temporal scales. Past attempts to 

quantify dolphinfish population dynamics in the Western Atlantic Ocean have been inhibited by 

poorly informative indices of relative abundance or an inability to model the spatiotemporal 

dynamics exhibited by the stock. We fit a seasonal VAST model to United States Pelagic 

Longline logbook data to quantify the spatiotemporal dynamics of Western Atlantic dolphinfish, 

to estimate standardized relative indices of abundance during 1991-2019 at regional scales and 

estimate changes in spatial distribution. This study resulted in the first standardized index of 



relative abundance for Western Atlantic dolphinfish that is robust to spatiotemporal variation. 

These results increased our understanding of the Western Atlantic dolphinfish population 

dynamics and should prove useful in future attempts to assess the population and establish more 

robust management measures.  

Chapters 3 and 4 address the need to reconcile traditional fisheries management based on 

achieving maximum sustainable yield with the rapid growth of recreational fishing sectors. Each 

chapter describes one component of the development and testing of a size structured 

management strategy evaluation (MSE) tool for analyzing tradeoffs between commercial and 

recreational sectors. In Chapter 3, we describe semi-structured interviews with commercial and 

recreational fishermen in two fisheries: Southeast black sea bass, and Atlantic cobia 

(Rachycentron canadum), and how results were synthesized to develop management procedures 

for simulation testing. We identified conceptual objectives, performance metrics, and developed 

15 scenarios using information from interviews. The integration of information from semi-

structured interviews into the MSEs represents an intermediate approach to stakeholder 

engagement when budget and timing constraints preclude an iterative feedback loop. In Chapter 

4, we discuss the methodology for the size structured MSE tool and its application to black sea 

bass and cobia fisheries. The management scenarios that were simulation-tested included 

combinations of constant F-based control rules and size-based management measures that were 

applied to the simulated fish stocks and projected 51 years into the future. This allowed us to 

determine what strategies were robust to uncertainty, and what strategies met objectives. 

Generally, all management procedures were robust to the uncertainty that was modeled, and 

those procedures that reduced effort (both fisheries) and/or the number of dead discards (black 

sea bass) resulted in the most objectives met in both sectors. Optimal management strategies for 



recreational black sea bass fishing will likely need to focus on reducing effort. This MSE tool 

and others like it should prove useful as fishing continues to outgrow commercial fishing in the 

Southeast US region and elsewhere. 
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CHAPTER 1 

Introduction 

Rising ocean temperatures driven by the anthropogenic effects of climate change has led 

to large-scale redistribution of marine fishes toward poles and deeper water to align with 

thermally optimal habitat (Perry et al. 2005, Poloczanksa 2013, Morley et al. 2018, Pinsky et al. 

2020). Changes in marine fish distributions are expected to: result in changes to marine fish 

community composition, ecology, and biodiversity; radically alter fisheries economies; increase 

conflict over natural resources; and have disproportionately negative effects on coastal and 

indigenous fishing communities (Lam et al. 2016, Weatherdon et al. 2016, Kleisner et al. 2017, 

Morley et al. 2017, Pecl et al. 2017, Rogers et al. 2018). Furthermore, fishing pressure amplifies 

the impact of these effects on the redistribution of marine fishes (Engelhardt et al. 2014, Hsieh et 

al. 2016). To adapt and respond to these impacts, predicting changes in fishery production from 

spatial regulations is likely to be one of the greatest challenges for fishery and habitat sciences in 

the coming decade(s). Therefore, the development of tools that will improve understanding of 

changes in fish distribution over space and time is essential.  

Species distribution models address ecological questions related to animal distribution 

over space and time and can be used for spatial management and conservation (Elith and 

Leathwick 2009, Zhang et al. 2015) and determining potential impacts from climate change 

(Elith et al. 2011). Rapid advances have been made over the last decade in spatiotemporal 

modeling of fish distributions, resulting in powerful tools such as Vector Autoregressive 

Spatiotemporal (VAST) Model (Thorson and Barnett 2017), and sdmTMB (Anderson et al. 

2022). These spatiotemporal models are extensions of species distribution models that utilize the 

R-INLA package’s stochastic partial differentiation equation (SPDE) to model spatial and 



   

2 

 

spatiotemporal processes as Gaussian Markov Random Fields (GMRF; Lindgren et al. 2011), 

i.e., spatial, and spatiotemporal variation are treated as random effects. Additionally, Template 

Model Builder (TMB) is utilized to take advantage of the GMRFs’ sparse matrix conditions to 

rapidly conduct maximum likelihood estimation (Kristensen et al. 2016). One of the key features 

that makes spatiotemporal models useful for species distribution modeling is the ability to deal 

with spatial autocorrelation arising from fish population dynamics or environmental effects; in 

VAST, this is accomplished by modeling spatiotemporal variation as a response to latent 

environmental effects (Thorson 2019), providing a more accurate measurement of any shifts in 

distribution (Thorson and Barnett 2017).  

Environmental processes operating at multiple spatial and temporal scales can drive 

changes in marine fish abundance, distribution, and community dynamics (Thorson and Barnett 

2017), and understanding how these drivers affect interactions between species is challenging 

(Embling et al. 2012). Machine learning models are uniquely poised to address this challenge in 

their ability to identify attributes, i.e., covariates, that drive the search for a model solution 

(Witten et al. 2016). In other words, a machine learning approach may be able to identify species 

associations that relate to shifts in distribution. Additionally, the Department of Homeland 

Security identified the development of machine learning algorithms as a critical research need 

for meeting climate change threats to food security (Bashura et al. 2021). Generally, machine 

learning approaches to species distribution modeling employ regression tree methods for 

predicting continuous outputs, or logistic regression methods like Maximum Entropy Species 

Distribution Modeling (MaxEnt; Phillips et al. 2017) for predicting presence/absence, i.e., habitat 

suitability or ecological niches over space (Elith et al. 2011, Pittman and Brown 2011, Soykan et 

al. 2014, Morán-Ordóñez et al. 2017). However, these methods have no explicit means of 
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dealing with an additional challenge: the spatial and spatiotemporal autocorrelation likely to be 

present in ecological observation data. Drake et al. (2006) posited that support vector machines 

(SVMs), a family of machine learning algorithms uncommonly applied in ecology, were a more 

straightforward and potentially more robust approach to ecological niche modeling due to their 

lack of reliance on characteristics of statistical distributions. Instead, SVMs estimate the support 

of the distribution (Schölkopf et al. 2001, Drake et al. 2006), thereby avoiding the need to model 

autocorrelation in the data. 

SVMs are a family of supervised machine learning algorithms used for building non-

probabilistic classification models (Cortes & Vapnik 1995, Yang 2004) and an extension of the 

linear model (Witten et al. 2016). The key feature of SVMs is the ability to identify the optimal 

margin classifier, or the “maximum margin hyperplane,” a linear relationship, i.e., model, that 

will separate observations into unique classes by building support vectors (Yang 2004, Ben-hur 

et al. 2008). The ability to separate observations from a data set into classes, and by extension the 

ability to predict the class of observations to which future observations belong, is accomplished 

in two stages. In a hypothetical example, during model training, SVMs search for the data points 

from separate classes that are closest together in linear space (Yang 2004), the support vectors, 

and uses them to construct the maximum margin hyperplane and its boundaries (Figure 1); then 

the same linear function is employed within the “feature” space, i.e., a space with dimensions 

corresponding to the number of factors and covariates used to predict the classes, and then back-

transformed into linear space using a kernel function to accommodate any non-linearity in the 

line needed to separate any two classes (Witten et al. 2016, Figure 1). In other words, the SVM 

algorithm searches for the best-fitting line regardless of its shape that will separate unique classes 

to build the classification model (Cortes & Vapnik 1995, Yang 2004); for more than two classes, 
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this pertains to all lines needed to separate each class. The flexibility of the SVM framework has 

enabled it to outperform similar classification algorithms in biological applications, e.g., random 

forest, (Yang 2004, Damiano, personal observation) and has made it a popular method for 

dealing with prediction problems (Drake et al. 2006, Chicco 2017).   

 

  

(a)       (b) 

Figure 1. A hypothetical visualization of support vector machines (SVMs) predicting classes on a data set to which 

the model is naïve. White circles and black circles represent observations from two hypothetical classes: A (white) 

and B (black). In graphic a (left), the solid black line represents the maximum margin hyperplane built by SVMs to 

separate unique classes and the thin black lines are the margin boundaries. The white and black triangles represent 

observations containing unique information used by the SVMs to build the maximum margin hyperplane. This is a 

visualization of both the SVM in linear space and the kernel function in feature space. In graphic b (right), the black 

line is the maximum margin hyperplane back-transformed by the kernel function in linear space.  

 

Although unlikely to outperform spatiotemporal models in their ability to estimate and 

predict changes in fish density/abundance over space and time, the potential of SVMs to identify 

ecological drivers such as species associations, and the spatiotemporal modeling of marine fish 

populations remain unexplored. SVMs have proven capable of efficiently sorting through and 

making predictions from vast quantities of data (Reading et al. 2013, Schilling et al. 2014, 

Schilling et al. 2015). Furthermore, the ability of the maximum margin hyperplane to identify 

nonlinear class boundaries allows SVM models to accommodate much higher-level polynomials, 
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e.g., cubic relationships between abundance and water temperature, and numbers of coefficients, 

thereby enabling them to accommodate more attributes, i.e., explanatory variables, than their 

linear model counterparts.   

Methods 

The goals of this project were: 1) to determine the extent to which SVM models could be 

used to estimate broadscale changes in spatiotemporal distribution of marine fishes, with specific 

attention paid to other species counts as a predictor, and 2) compare SVM model results with 

VAST model results using parameterizations based on the highest ranked attributes that were 

used to find a solution for SVM models. We used South Atlantic US black sea bass 

(Centropristis striata) as a case study. 

Data 

Models in this study were trained on or fitted to fishery-independent video survey data 

collected during 2011-2021 from the Southeast Reef Fish Survey (SERFS). The SERFS is a 

collaborative sampling program between the Southeast Fishery-Independent Survey (SEFIS), the 

South Carolina Department of Natural Resources’ Marine Resources, Monitoring and 

Assessment Program (MARMAP), and the National Marine Fisheries Service (NMFS) Southeast 

Area Monitoring and Assessment Program - South Atlantic (Bacheler & Ballenger 2015, 2018). 

The SERFS is conducted over the Southeast United States coastal waters from Cape Hatteras, 

North Carolina to the north of St. Lucie Inlet, Florida, using simple random sampling. The 

SERFS annually collects detailed information during spring, summer and early fall months 

including geospatial coordinates, temperature, depth, water clarity (turbidity), current direction, 

habitat features, and fish counts from video footage obtained from cameras mounted atop 

chevron traps soaked for 90 minutes (Bacheler & Ballenger 2015, Bacheler et al. 2020). Videos 
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are read by analysts over 41 frames and fish are counted and identified to the species or genus 

level using the SumCount method (Bacheler and Ballenger 2018), a derivation of the MeanCount 

method (Schobernd et al. 2013).  

Support Vector Machine Model 

SVMs require a system of discrete classes to which each observation in a data set is 

assigned. While there is no consensus with respect to defining spatial scale in species distribution 

modeling, generally it is desirable for the scale to be consistent with the data (Elith & Leathwick 

2009). In lieu of a design-based set of spatial strata, to predict changes in the presence and 

absence of black sea bass, we used the twelve latitude-by-depth strata outlined in Bacheler and 

Ballenger (2018) and added a dimension to each of the twelve strata to indicate whether black 

sea bass were present or absent, resulting in 24 nominal classes (Table 1).  

Table 1. System of classification for support vector machine model prediction: consists of the 

Southeast Reef Fish Survey (SERFS) spatial (left column) and depth (middle column) strata, and 

treatment of black sea bass as present or absent (right column).  

 

Spatial strata Depth strata (within each 

spatial stratum) 

 

Treatment of black sea bass 

< 29.71 °N < 30m,  

30-42m,  

43-63m, 

>63m 

 

Present or Absent 

29.71-32.61 °N < 30m,  

30-42m,  

43-63m, 

>63m 

 

Present or Absent 

> 32.61 °N < 30m,  

30-42m,  

43-63m, 

>63m 

 

Present or Absent 
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In machine learning model-building, a common means of establishing a base model run is 

to train the intended model configuration on the entire data set, determine the factors and 

covariates that contribute no information to the pattern learned, and remove them to reduce the 

risk of overfitting (Chicco 2017). Black sea bass are managed as part of the Snapper Grouper 

complex by the South Atlantic Fishery Management Council (SAFMC). We were interested in 

the potential effects of other species counts as a predictor; therefore, we included the 21 species 

found on camera during all years from the Snapper-Grouper complex (Table 2). Black sea bass 

counts were excluded to avoid influencing prediction of presence and absence. Additionally, 

factors not related to the system of data collection, catchability, or habitat were also removed to 

avoid spurious model results. This resulted in a total of 37 attributes used to predict classes. We 

used the Sequential Minimal Optimization (SMO; Platt 1998) SVM to build an initial, 

exploratory classification model in WEKA 3.9 machine learning software (Witten et al. 2016). 

The final equation describing the support vectors constructed from model learning is impractical 

to reproduce, but a generalized function for calculating the maximum margin hyperplane can be 

defined using Equation 1: 

𝑥 = 𝑏 + ∑ 𝛼𝑖𝑖 𝑦𝑖𝑎(𝑖)· 𝑎         (1), 

where x is the maximum margin hyperplane, i.e., the model, b and α are parameters to be 

estimated, y is the class, and 𝑎(𝑖)· 𝑎 is the dot product of the test instance a, i.e., the fit to a 

specific observation, and the support vector 𝑎(𝑖) summed for all i support vectors. We chose the 

SMO algorithm to build the SVM model specifically due to its computational efficiency. In 

quadratic programming, the linear equality constraint forces Lagrange multipliers to lie on a 

diagonal line; the SMO jointly optimizes two Lagrange multipliers analytically, therefore 

satisfying that constraint (Platt 1998). This is significant because without numerical computation, 
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minimal memory is used; large training sets can be accommodated; and support vectors 

efficiently calculated (Platt 1998). The model was built using a polynomial kernel to 

accommodate the high dimensionality of numerous attributes (Zhang et al. 2015, Witten et al. 

2016, Oh et al. 2019; Eq. 2),  

𝐾(𝑥, 𝑦) =  (𝑥 ∙ 𝑦)𝑝 or 𝐾(𝑥, 𝑦) = (𝑥 ∙ 𝑦 + 1)𝑝      (2), 

where K represents the kernel function, x and y are the support vectors, and p represents the 

polynomial degree. The kernel function in Eq. 2 replaces the dot product of 𝑎(𝑖)·a to 

accommodate the high number of attributes or nonlinear relationships (Witten et al. 2016). The 

“InfoGainAttributeEval” and “Ranker” algorithms, available in WEKA, were used to assign each 

attribute a relative rank corresponding to the amount of information contributed to the pattern 

learned by the SMO during training. The ranks were calculated based on the reduction in entropy 

(H, Eq. 3): 

𝐼𝑛𝑓𝑜𝐺𝑎𝑖𝑛(𝐶𝑙𝑎𝑠𝑠, 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒) = 𝐻(𝐶𝑙𝑎𝑠𝑠) − 𝐻(𝐶𝑙𝑎𝑠𝑠 | 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒)    (3). 

This is an appropriate measure of model uncertainty in situations where data distributions are 

multimodal (Smaldino 2013), which was expected for non-numeric attributes and counts over 

time. Of the 37 attributes, 2 contributed zero information: counts for yellowtail snapper (Ocyurus 

chrysurus) and blueline tilefish (Caulolatilus microps), which were subsequently removed before 

the base model was built. Unlike a conventional regression analysis, this preliminary exercise 

allows the machine learning algorithm to identify meaningful attributes for the user a priori. 
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Table 2. List of the 21 species in the Snapper Grouper management complex that appear in all 

years of Southeast Reef Fish Survey (SERFS) data by common name, scientific name family, 

and number of encounters.  

 
Common Name Scientific Name Family 

Number of 

encounters 

1 Gray triggerfish Balistes capriscus Balistidae 72494 

2 Blueline tilefish Caulolatilus microps Malacanthidae 1433 

3 Black sea bass Centropristis striata Serranidae 54772 

     

4 Graysby Cephalopholis cruentata Serranidae 6575 

5 Rock hind Epinephelus adscensionis Serranidae 1935 

6 Red grouper Epinephelus morio Serranidae 1682 

7 Snowy grouper Epinephelus niveatus Serranidae 608 

8 White grunt Haemulon plumierii Haemulidae 62048 

9 Hogfish Lachnolaimus maximus Labridae 2776 

10 Mutton snapper Lutjanus analis Lutjanidae 1708 

11 Red snapper Lutjanus campechanus Lutjanidae 130035 

12 Gray snapper Lutjanus griseus Lutjanidae 17825 

13 Sand tilefish Malacanthus plumieri Malacanthidae 4913 

14 Yellowmouth grouper Mycteroperca interstitialis Serranidae 412 

15 Gag Mycteroperca microlepis Serranidae 8861 

16 Scamp Mycteroperca phenax Serranidae 19776 

17 Yellowtail snapper Ocyurus chrysurus Lutjanidae 369 

18 Red porgy Pagrus pagrus Chaetodontidae 146799 

19 Vermilion snapper Rhomboplites aurorubens Lutjanidae 665160 

20 Greater Amberjack Seriola dumerili Carangidae 14124 

21 Banded rudderfish Seriola zonata Carangidae  12323 

 

The base model was built using the 35 attributes contributing some non-zero amount of 

information to model training (Table 3). We used k-fold, i.e., “leave one out,” cross-validation 

with k = 10 folds to test model performance (Reading et al. 2013). Model performance was 

evaluated using three diagnostics: the percent correct classification (%CC) that measures the 

number of observations that were correctly assigned to their class during testing, i.e., whether 

black sea bass were present or absent in each of the 12 spatial strata; the Kappa statistic and the 

Area Under the Precision-Recall Curve (PRC) that both relate to the number of false positives 

that the model produces - for reference, a Kappa statistic near 1.0 indicates no false positives and 
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a PRC greater than 0.5 indicates prediction greater than random assignment (Witten et al. 2016). 

Correctly classified observations during testing were treated as successful model predictions, i.e., 

a perfect prediction would have correctly classified all observations in the testing set for all 

classes.  

Table 3. Ranked attributes from the SERFS data that the InfoGainAttributeEval and Ranker 

algorithms identified based on the reduction entropy (H). Descriptions for each attribute are 

provided.  

 

Attribute Description Average merit 

(H)  

 

Average rank 

 

Latitude Latitude in degrees 2.815 1 

Date Day of the year 2.752 2 

Longitude Longitude in degrees 2.65 3 

Depth Depth in meters 2.006 4 

Oxygen Oxygen in mg/L 0.586 5 

Temperature Temperature in °F 0.491 6 

Salinity Salinity in ppt 0.322 7 

P. pagrus Red porgy counts 0.191 8 

Turbidity Turbidity rank (0-2) 0.162 9.3 

L. campechanus Red snapper counts 0.156 9.7 

H. plumieri White grunt counts 0.147 11 

Biotic type Biota: algae, other, unknown 0.136 12 

Density Water density in g/ml 0.124 13.2 

Biotic height Biota height: high, low, 

unknown 

0.122 13.8 

Station type Random or stratified 0.115 15 

Substrate  0.111 16 

Size Coarse or continuous 0.08 17.3 

L. griseus Gray snapper counts 0.08 17.7 

Relief High, moderate, low 0.073 19 

Year Year of observation 0.063 20 

M. plumieri Sand tilefish counts 0.058 21.1 

R. aurorubens Vermillion snapper counts 0.055 22.5 

M. phenax Scamp counts 0.048 24.2 

B. capriscus Gray triggerfish counts 0.047 24.8 

L. analis Mutton snapper counts 0.041 26 

Camera type Canon or GoPro 0.028 27 

E. niveatus Snowy grouper counts 0.021 28 

Current magnitude Strong or weak 0.016 29.5 

S. zonata Banded rudderfish counts 0.016 29.5 

S. dumerili Greater amberjack counts 0.015 31 
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Table 3. (Continued)    

M. microlepus Gag grouper counts 0.013 32.2 

E. adscensionis Rock hind counts 0.012 32.9 

Current direction Toward, sideways, or away 

from camera 

0.011 33.9 

E. morio Red grouper counts 0.01 35 

M. interstitialis Yellowmouth grouper counts 0.007 36 

 

 

We performed three sensitivity analyses to explore SVM model performance. For the 

first sensitivity, we removed all species counts to determine the relative degree to which species 

associations determine the pattern learned by the SVM model. For the second sensitivity, we 

removed latitude and depth attributes and rebuilt the base model to determine what effect 

including/excluding latitude and depth as attributes had on a response (class) determined by 

latitude and depth; we did not want the inclusion of those attributes to bias the classifier. The 

third sensitivity additionally excluded longitude and date to determine how much spatiotemporal 

information was required for accurate classification. Additionally, we constructed a negative 

control model to ensure that the results were not due to random assignment. To test this, classes 

were dissociated from attributes for each observation, and the data were randomized to simulate 

random assignment to class (Schilling et al. 2014). Randomizations were done 10 times in 

Microsoft Excel to compensate for any incomplete randomization performed by Excel’s sorting. 

The base model was rebuilt and retested with randomized training and testing data sets 10 times, 

then averaged. The percent correct classification, Kappa statistic and PRC represented 

the probability of results obtained from random assignment. The difference between the percent 

correct classification obtained from the base model and the percent correct classification 

obtained from the negative control model constituted an approximate measurement of the true 

learning that occurred.  
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VAST Model 

We fitted VAST (v3.5.0; Thorson and Barnett, 2017) to black sea bass catch-per-unit-

effort (CPUE) measured as the SumCounts divided by the number of frames read. VAST is a 

state space implementation of a delta-generalized linear mixed model that separately models the 

probability of positive encounters and catch rates (Thorson et al. 2015, Thorson 2019). The 

probability of positive encounters, i.e., catches, was estimated using a logit-linked linear 

predictor, and the probability of positive catch rates was modeled as a log-linked linear predictor. 

The probability of black sea bass encounters (4) and positive black sea bass catch rates (5) were 

modeled using the following equations: 

𝑃1,𝑖 =  𝛽1(𝑡𝑖) +  𝜔1(𝑠𝑖) + 𝜀1(𝑠𝑖 , 𝑡𝑖) + ∑
𝑛𝑝

𝑝=1 𝛾1(𝑝)𝑋(𝑝, 𝑠𝑖 , 𝑡𝑖) + ∑𝑛𝑘
𝑘=1 𝜆1(𝑘)𝑄(𝑘, 𝑖)  (4), 

and 

𝑃2,𝑖 =  𝛽2(𝑡𝑖) +  𝜔2(𝑠𝑖) +  𝜀2(𝑠𝑖 , 𝑡𝑖) + ∑
𝑛𝑝

𝑝=1 𝛾2(𝑝)𝑋(𝑝, 𝑠𝑖 , 𝑡𝑖) + ∑𝑛𝑘
𝑘=1 𝜆2(𝑘)𝑄(𝑘, 𝑖) (5), 

respectively. Where 𝑃1 represents the probability of positive black sea bass encounters and 𝑃2 

represents the positive black sea bass catch (i.e., number of black sea bass seen per camera 

frame) given that they were encountered, 𝛽(𝑡𝑖) is the intercept for each time step t and was 

treated as constant among time steps to ensure that all changes over time were attributed to 

spatiotemporal variation and covariate effects (Thorson 2019), 𝜔(𝑠𝑖) represents spatial variation 

which is constant over time for knot s, 𝜀(𝑠𝑖 , 𝑡𝑖) is time-varying spatiotemporal autocorrelation 

variation for knot s and timestep t, 𝛾(𝑝) is the habitat, i.e., environmental covariate effect p on 

the univariate response variable, 𝑛𝑝 is the number of habitat covariates, X(𝑝, 𝑠𝑖 , 𝑡𝑖) is the value of 

covariate p in knot s in timestep t for observation i, 𝜆(𝑘) is the catchability covariate effect k on 

the univariate response variable, 𝑛𝑘 is the number of catchability covariates, and 𝑄(𝑘, 𝑖) is the 

value of the covariate k in each observation i. 
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The spatial processes  𝜔1(𝑠𝑖) and 𝜔2(𝑠𝑖) were modeled as Gaussian Markov random 

fields (Lindgren et al. 2011), with correlation over a two-dimensional spatial grid. The 

spatiotemporal processes 𝜀1(𝑠𝑖 , 𝑡𝑖) and 𝜀2(𝑠𝑖 , 𝑡𝑖) were fit for each timestep as individually and 

identically distributed (IID) random effects, estimating variance as a fixed effect, and assuming a 

Matérn covariance with a two-dimensional anisotropic distance function. We fit the VAST 

model using a mesh approach with 100 knots over which to measure the spatial and 

spatiotemporal processes. We used a custom extrapolation grid built using the latitude, longitude, 

and depth coordinates of the SERFS stations. Parameters were estimated via maximum 

likelihood estimation while integrating over fixed and random effects using TMB (Kristensen et 

al. 2016). 

Using SVM attributes to parameterize VAST 

There are no best practices with respect to choosing the cutoff point for attributes 

contributing non-zero information, however, estimated spatial and spatiotemporal random effects 

tend to absorb most of the variation from latent effects that are integrated out during maximum 

likelihood estimation (Damiano, personal observation); subsequently overfitting to excess 

parameters, i.e., slopes for covariates, can result in non-convergence (this publication). 

Therefore, we only chose to include the ten highest ranked attributes for parameterization of 

VAST (Table 2). Latitude, date, i.e., a proxy for time, and longitude, which were the three 

highest ranked attributes, are integral components to configuring VAST and did not require any 

explicit treatment as covariates within the model. We treated depth, oxygen, temperature, 

salinity, red porgy counts, red snapper counts, and white grunt counts as habitat covariates, and 

turbidity as a catchability covariate. We explored model performance over several different 

configurations where lower-ranking covariates were sequentially removed, including a null 
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model (no covariates). Model performance was measured using the maximum gradient and 

Akaike Information Criterion (AIC).  

Results 

 The base SVM model resulted in 75.37 %CC, a Kappa statistic of 0.73, and a PRC of 

0.68 (Table 4). Sensitivity 1 that excluded all species counts resulted in a 73.05 %CC, a Kappa 

statistic of 0.71, and a PRC of 0.66 (Table 4). Sensitivity 2 that excluded latitude and depth 

resulted in 69.75 %CC, a Kappa statistic of 0.67, and a PRC of 0.611. Sensitivity 3 that excluded 

latitude, depth, longitude, and date resulted in 34.4% CC, a Kappa statistic of 0.27, and a PRC of 

0.240. The average negative control model resulted in an 11.47 %CC (SD = 0.12), an average 

Kappa statistic of 0.00051 (SD = 0.002), and an average PRC of 0.08 (SD = <0.001; Table 4). 

The reduction in performance metrics from the base SVM model when excluding species count 

attributes suggest that those attributes contribute to approximately 2% of the true learning that 

occurred in the base model. Excluding latitude and depth, the two attributes used to define spatial 

strata, contributed to approximately 5% reduction in model learning, while additionally 

excluding longitude and date resulted in nearly a 40% reduction in mode learning. This suggests 

that the model classes are not unduly influenced by attributes used to define a system of 

classification, and that the model requires some spatial information, e.g., longitude in lieu of 

depth, to maintain a comparable level of performance. The poor performance metrics from the 

negative control model were expected provided that true learning occurred during base SVM 

model building. The 11.47 %CC subtracted from the base SVM model %CC suggests that 

approximately 64% of the learning that occurred during model building was true learning, 

compared with the 11.47 %CC that was due to random assignment.  
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Table 4. Performance metrics: percent correct classification (%CC), kappa statistic (kappa), and 

area under the precision-recall curve (PRC) for the support vector machine (SVM) base model, 

sensitivity models 1, 2, and 3, and the negative control model. 

 

Model %CC Kappa PRC 

 

Base  75.37 0.73 0.68 

 

Sensitivity 1 73.05 0.71 0.66 

 

Sensitivity 2 

 

69.75 0.67 0.611 

Sensitivity 3 

 

34.4 0.27 0.240 

Negative control 11.47 ~0 0.08 

 

 

 The primary output of SVM models is a confusion matrix that displays the correctly and 

incorrectly classified (predicted) instances (observations) made during model testing. We report 

the base SVM model results in Figure 2. Correct classification, i.e., prediction of black sea bass 

absence was stronger than the prediction of presence. There were very few spatial 

misclassifications, and most misclassifications were presence predicted as absence within the 

same spatial stratum. Misclassifications were most common in spatial strata with few data. The 

overall spatial distribution of black sea bass predicted by the SVM during 2011-2021 was 

defined north to south as follows: black sea bass were predicted to be almost exclusively absent 

in the northern extent of the range, i.e.,  > 32.61 °N and > 63 m and 43-63 m depth strata, mostly 

absent with some presence within the 32.61 °N and 30-42 m depth stratum, generally present in 

the > 32.61 °N, < 30 m and  29.71-32.61 °N, < 30 m depth strata, mostly absent from the 29.71-

32.61 °N, 43-63 m and 30-42m depth strata, and mostly absent in the < 29.71 °N stratum over all 

depth strata (Figure 3). In other words, black sea bass were predicted to concentrate within the 

mid and high latitudes in less than 30 m depth; it is important to note that because all years were 
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included during model training and testing, the spatial pattern defined by the confusion matrix is 

a smoothed representation of abundance over space and time. 

 
Figure 2. Confusion matrix produced by the support vector machine base model the correct and incorrect 

classifications by class. Classes are based on latitude, depth and black sea bass presence or absence, and are 

generally organized by alphabetically from south to north: A) < 29.71 °N, < 30m, present; B) < 29.71 °N, < 30m, 

absent; C) < 29.71 °N, 30-42m, absent; D) < 29.71 °N, 30-42m, present; E) < 29.71 °N, 43-63m, absent; F) < 29.71 

°N, 43-63, present; G) 29.71-32.61 °N, 43-63m, present; H) 29.71-32.61 °N, 43-63m, absent; I) 29.71-32.61 °N, 30-

42m, present; J) 29.71-32.61 °N, 30-42m, absent; K) < 29.71 °N, > 63m, absent; L) 29.71-32.61 °N, > 63m, absent; 

M) 29.71-32.61 °N, < 30m, absent; N) 29.71-32.61 °N, < 30m, present; O) 29.71-32.61 °N, > 63m, present; P) > 

32.61 °N, < 30m, absent; Q) > 32.61 °N, < 30m, present; R) 32.61 °N, 30-42m, absent; S) > 32.61 °N, 30-42m, 

present; T) > 32.61 °N, 43-63m, absent, U) > 32.61 °N, 43-63m, present; V) > 32.61 °N, > 63m, absent; W) ) > 

32.61 °N, > 63m, present.  
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When fitting VAST models, we observed a tradeoff in the number of covariates the model could 

accommodate and the maximum gradient that indicates the model was able to find a solution. 

Most notably, no models that included other species counts resulted in convergence (gradient > 

0.0001). Additionally, the models that were most highly parameterized (most covariates) resulted 

in technically non convergent models (Models 2, 3, 4, Table 5), but those that excluded 

catchability covariates also did not converge (Model 6, Table 5). We also observed the opposite 

tradeoff between the number of covariates and AIC. We selected Model 5 (Table 5) that included 

depth, oxygen, temperature, and salinity as habitat covariates, and turbidity as a catchability 

covariate, to report VAST results based on its convergent gradient and lower AIC relative to 

similar models. We report results below from Model 5 which resulted in the best combination of 

convergent maximum gradient and relatively low AIC score. 

Table 5. VAST model diagnostics: max gradient (mid-right column) and Akaike Information 

Criterion (AIC; right column) by model parameterization (left column), including a description 

of habitat and catchability covariates (mid-left column). 

 

Model number Parameterization Max gradient AIC 

 

1 Habitat covariates: none 

 

Catchability covariates: 

none 

 

<0.0001 7877.82 

2 Habitat covariates: depth, 

temperature, oxygen, 

salinity, species counts for 

red porgy, red snapper, and 

white grunt 

 

Catchability covariates: 

turbidity 

 

0.0009 7754.41 

3 

 

 

 

Habitat covariates: depth, 

temperature, oxygen, 

salinity, species counts for 

red porgy, and red snapper 

0.003 7751.92 
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Table 5. (Continued) 

 

 

 

 

Catchability covariates: 

turbidity 

 

4 Habitat covariates: depth, 

temperature, oxygen, 

salinity, species counts for 

red porgy 

 

Catchability covariates: 

turbidity 

 

0.0003 7761.98 

5 Habitat covariates: depth, 

temperature, oxygen, 

salinity 

 

Catchability covariates: 

turbidity 

 

<0.0001 7792.31 

6 Habitat covariates: depth, 

temperature, oxygen, 

salinity, species counts for 

red porgy, red snapper, and 

white grunt 

 

Catchability covariates: 

none 

 

0.0002 7821.81 

7 Habitat covariates: depth, 

temperature, oxygen, 

salinity 

 

Catchability covariates: 

none 

 

<0.0001 7852.88 

  

VAST-estimated log-scale black sea bass densities generally decreased during 2011-2021 

(Figure 3). Initially, densities were greater closer to shore throughout the sampling range, with 

the highest densities located along the Florida and Georgia coastlines (Figure 3). Densities 

gradually decreased throughout the range over time with pronounced reductions occurring off the 

coast of the Carolinas and Eastern Florida (Figure 3). The exception to this pattern was increased 
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densities off of the South Carolina and Georgia coastlines during 2015 (Figure 3). By 2021, the 

highest densities were located much closer to the coastline and concentrated on the South 

Carolina coast (Figure 3). The estimated index of relative abundance reflected the strong decline 

observed in the density plots, and an unexpected increase that occurred during 2015 (Figure 4).  

 

 

 



   

20 

 

 
Figure 3. VAST-estimated log-scale density plots for Southeast Atlantic US black sea bass during 2011-2022.  
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Figure 4. VAST-estimated index of relative abundance for Southeast Atlantic black sea bass during 2011-2021. 

 

The estimated center of gravity exhibited an oscillating trend in Eastings over time 

indicating a small shift to the east during 2011-2018, followed by a strong decline; Northings 

exhibited a strong positive trend indicating a near 500 km northward shift in the distribution 

(Figure 5). The larger confidence intervals estimated during 2020 were due to a lack of sampling 

that occurred because of the COVID-19 pandemic. The estimated range edge for Eastings 

showed no major changes, however, the estimated range edge for Northings exhibited a positive 
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trend in the 5th quantile, suggesting that the southern range edge had truncated (Figure 6). 

 

Figure 5. VAST-estimated center of gravity measured in Eastings (left) and Northings (right) for Southeast Atlantic 

US black sea bass during 2011-2021.  

 

 
Figure 6. VAST-estimated range edges measured in Eastings (left) and Northings (right) for Southeast Atlantic US 

black sea bass during 2011-2021. The blue line represents the 95th percent quantile, the green line represents the 

50th percent quantile, and the red line represents the 5th percent quantile.  

 

 We observed some key similarities in the spatial and spatiotemporal patterns of black sea 

bass abundance predicted and estimated by the SVM and VAST models, respectively. The SVM 

predicted that, on average, black sea bass abundance was concentrated in high and mid-latitude 

and nearshore (<30 m) strata (Figure 2). This was consistent with several of the VAST outputs. 

The spatiotemporal pattern in VAST estimates of log-scale density over space and time showed 

reduced density in the southern extent of the range and in depths greater than 30 m (Figure 3); 
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the index of relative abundance declined precipitously over time, indicative of fewer black sea 

bass present than absent (Figure 4); the center of gravity shifted west after 2018 and strongly 

toward the north (Figure 5); and the southern range edge contracted (Figure 6).  

Discussion 

Using South Atlantic US black sea bass as a case study, we analyzed the ability of SVM 

models to estimate broadscale spatiotemporal changes in distribution by training and testing on 

the SERFS data. Counts of species from the Snapper Grouper complex were responsible for a 

relatively small amount of the learning that occurred during SVM model-building when 

compared to spatiotemporal information, i.e., latitude, longitude, depth, and date. The base SVM 

model was able to identify a broadscale spatiotemporal pattern of black sea bass abundance from 

the SERFS video data: black sea bass were absent more than they were present during 2011-

2021 and concentrated in high and mid latitudes and waters less than <30 m depth. Additionally, 

the attributes that the SVM identified as contributing the most information to the model included 

many of the same covariates used to explain variation in the distribution of abundance of reef 

species in the Southeast Atlantic region, i.e., latitude, longitude, depth, temperature, and turbidity 

(Coggins et al. 2014; Bacheler and Ballenger 2015, Gwinn et al. 2019, Bacheler et al. 2020), 

including black sea bass (Bacheler and Cheshire 2022, Bubley and Willis 2022). SVM model 

results were consistent with the VAST-estimated center of gravity, this aligns with recent state-

level observations of regional black sea bass abundance (SEDAR 76, personal communication). 

The narrow range of black sea bass presence predicted by the SVM is also likely a reflection of 

the precipitous reduction in black sea bass abundance that has occurred during 2011-2021 

(SEDAR 56, SEDAR 76, personal communication); this trend was captured by the VAST model 

(Figures 3 and 4). The exception to this trend is 2015 (Figure 4); it is possible that the increase in 
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abundance estimated by the VAST model during 2015 may have been due to a strong year class 

from 2012 (SEDAR 56), however, VAST may have over-extrapolated to undersampled regions 

during this year (Damiano, personal observation), which may explain why this increase was not 

captured in the latest standardization of the video data (Bacheler and Cheshire 2022).  

Although species counts were not ultimately pivotal to finding model solutions for either 

SVMs or VAST, their contribution to trends in response variables warrant discussion. Species 

counts for red porgy, red snapper, and white grunt were ranked closely and relatively highly, or 

at least as highly as turbidity. Although removing species counts as covariates improved model 

convergence in VAST (Table 5), removing those covariates lowered, i.e., improved the AIC for 

VAST models. (Table 5). One potential explanation for the latter is that AIC may not be an ideal 

measure of model fit for VAST due to difficulties with assigning penalties as additional 

parameters are added, e.g., slope parameters for species counts as habitat covariates. However, 

the reduction in SVM model predictive performance implies that some information is gained 

from species counts for red porgy, red snapper, and white grunt. Farmer et al. (2017) found that 

black sea bass, red snapper, and white grunt co-occur in multispecies spawning aggregations, for 

example. There may also be an antagonistic relationship occurring between red snapper and 

black sea bass, which both have unique behavioral responses to the chevron traps when they are 

dropped during sampling. Red snapper tend to arrive first, displaying curiosity and then 

dispersing (Nate Bacheler, personal communication), and black sea bass are often the first to 

attack the bait in large numbers (SEDAR 76, personal communication), therefore, it is possible 

that the arrival of red snapper may discourage black sea bass from attacking the bait and 

appearing on camera. More investigation is required, however, to determine if this is indeed the 

case. Although black sea bass and red porgy are caught over similar spatial scales (Smart et al. 
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2020), there is no obvious ontogenetic mechanism that would explain their co-occurrence; 

furthermore, the relationship is possibly negative given that red porgy are caught in deeper 

waters than where both the SVM and VAST models suggest that black sea bass are present. 

These results do suggest some potential utility in exploring these species associations in future 

species distribution models for all four species (including black sea bass). We anticipate that 

including other species as a response in single-species SDMs, or pursuing multispecies, i.e., joint 

SDMs, will be necessary to model the potentially overlapping influence of spatiotemporal 

dynamics among fishes in the Snapper Grouper management complex given discarding concerns. 

For example, dead discards are a large source of fishing mortality for black sea bass (SEDAR 56, 

SEDAR 76, personal communication) due to hook injury and barotrauma (Rudershausen et al. 

2014), and recreational discarding of red snapper is the largest source of fishing mortality and 

occurs both during and outside of the limited open season (Runde et al. 2021) while anglers 

target other stocks in the Snapper Grouper complex (including black sea bass). This potentially 

can potentially hinder the recovery of red snapper (which is under a rebuilding plan), or other 

species that share habitat where recreational fishing occurs.     

The shortcomings of the SVM framework presented in this study are largely a function of 

the lack of precedent for the applications discussed here. Essentially, there is a lack of guidelines 

for certain user decisions. The results of the attribute ranking within the SVM identified 35 

attributes that contributed non-zero information, but some contributed near zero. Consequently, 

we somewhat arbitrarily selected a cutoff point for using attributes from the SVM to 

parameterize VAST. However, the myriad VAST models we tested seemed to indicate that 

VAST could only accommodate a certain number of covariates, even as fixed effects. 

Concerning the parameterization of VAST, because the SVM framework and VAST are 
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fundamentally different in how they predict and estimate, respectively, we necessarily included 

latitude, longitude, and time via the spatial and spatiotemporal random effects in VAST. 

Additionally, the SVM ranked Date, not Year, as the most important temporal attribute, therefore 

there were likely finer temporal processes, e.g., the seasonal variability of black sea bass catch 

(Bacheler and Ballenger 2015), not captured at the coarser annual resolution of the VAST model. 

Although the results of both models were in broad agreement, this does create some additional 

challenges for comparison. VAST requires an uninterrupted time series, and we necessarily 

imputed a single mean value for 2020 based on values in surrounding years; this did not result in 

any change to the trajectory of the trend and using a single mean value minimized the influence 

on estimates for other years. Additionally, Sensitivity 3 suggests that Longitude and Date were 

responsible for more learning than Latitude and Depth, which were used to define classes. This 

was unexpected given the near equal weighting by the Ranker algorithm, and warrants some 

additional sensitivities to find a precise measure of the learning each attribute contributes, 

individually. Finally, it is worth noting that the trend in the index of relative abundance estimated 

in this study did not show as sharp of a decline as the trend estimated by the Southeast Fisheries 

Science Center) using zero-inflated negative binomial models fit to the SERFS video data and 

chevron trap data, respectively. One potential explanation is that VAST calculates weight from 

estimated density by default and may have inflated the index from the number of fish present on 

camera. 

While classification-based machine learning SDMs have been developed for research in 

terrestrial ecology (Drake et al. 2006) and applied to some marine taxa, e.g., using random forest 

to characterize habitat types (Zhang et al. 2020), this is, to the authors’ knowledge, the first study 

to train SVMs on fisheries-independent video data to build spatiotemporal SDMs for marine 
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fishes and focus on the effects of species associations. Given that climate change and warming 

ocean conditions are likely to continue to redistribute marine fishes over space and time, it is 

useful to develop streamlined tools for diagnosing changes in commercially and recreationally 

important marine fish distribution that can produce results consistent with the current state of 

spatiotemporal models, e.g., VAST, sdmTMB. Although the statistical underpinnings are 

complex, the framework presented in this study is executable using a java-based GUI, WEKA 

machine learning software, that requires minimal training to configure and interpret compared to 

the many user decisions necessary for using VAST (Thorson 2019). As a standalone framework, 

this has strong potential for use by biologists and researchers without extensive training in 

spatiotemporal modeling and is demonstrably useful for parameterizing spatiotemporal models 

such as VAST. The ability of the SVM to identify information contribution by rank, may also 

provide further insight into the spatiotemporal processes occurring over multiple scales driving 

marine fish abundance (Bacheler and Ballenger 2015). Finally, the VAST component of this 

study generated a standardized index of relative abundance that explicitly models the 

spatiotemporal dynamics of black sea bass. This may be useful in future assessments of South 

Atlantic US black sea bass that seek to incorporate spatially explicit dynamics (Kyle Shertzer, 

Southeast Fisheries Science Center, personal communication; Chip Collier, South Atlantic 

Marine Fishery Council, personal communication).   
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CHAPTER 2 

Introduction 

Common dolphinfish (Coryphaena hippurus; “dolphinfish” henceforth) are a mid-level 

trophic predator and highly migratory species of pelagic fish found worldwide in tropical and 

subtropical regions (Palko et al. 1982, Luckhurst 2017, Molto et al. 2020). In the Western 

Atlantic Ocean, i.e., the southern extent of Food and Agriculture Organization of the United 

Nations (FAO) Area 21, the Northwestern Atlantic, and FAO Area 31, the Western Central 

Atlantic, the stock structure of dolphinfish caught is not precisely known. Oxenford and Hunte 

(1986) found evidence of a northern and southern stock in the Western Central Atlantic based on 

differences in size composition in catches over space, life history traits, and allelic frequencies, 

furthermore, hypothesizing two unique seasonal migration patterns. The northern stock migration 

was defined by seasonal movements into Puerto Rico waters during late fall and early winter, 

movement along the Antilles Mayores and Bahamas and into Florida waters during the spring, 

then Eastern US waters during late spring and summer, and movement outward toward Bermuda 

during late summer, forming a movement circuit (Oxenford and Hunte 1986, Oxenford 1999). 

Tagging experiments conducted by Merten et al. (2014a, 2014b, 2016) have revealed further 

complexity in the stock connectivity between dolphinfish caught along the Eastern United States, 

Caribbean Islands, and in the Caribbean Sea, expanding the movement circuit to include coastal 

waters along the Northeastern US, and an additional pathway to Florida waters through the 

Caribbean Sea and Strait of Florida. Some evidence of connectivity between dolphinfish caught 

in the Western Atlantic Ocean and in the Gulf of Mexico exist but remain limited and under 

investigation (Beyond Our Shores Foundation, personal communication; Kyle Shertzer, 

Southeast Fisheries Science Center, personal communication). DNA sequencing conducted by 
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Merten et al. (2015) suggested shallow genetic differences among dolphinfish caught along the 

Eastern US and parts of the Caribbean. This does not present conclusive evidence of a single 

population; multiple stocks have been identified at smaller geographic scales (Duarte-Neto et al. 

2008). Indeed, strong genetic separation of populations is likely driven by oceanographic barriers 

(Maggio et al. 2018), for which there are none in the Western Atlantic Ocean to the authors’ 

knowledge. However, despite this uncertainty, sufficient evidence exists of movement linkages 

in dolphinfish caught in Eastern US and parts of the Caribbean (Merten et al. 2014a, 2015, 

2016), implying some level of mixing, and justifying the need to model the spatiotemporal 

dynamics of a Western Atlantic Ocean stock.  

 A recent review of the condition of international dolphinfish fisheries in the Western 

Central Atlantic since the work of Mahon (1999) showed that dolphinfish continue to support 

numerous high-value commercial, recreational, and artisanal fisheries at different seasonal and 

spatial scales, yet 23 nations still do not report dolphinfish landings to the FAO (Merten et al. 

2022). Management of dolphinfish in the Western Atlantic Ocean falls under the purview of the 

International Commission for the Conservational of Atlantic Tunas (ICCAT) but is labeled as 

“other fishes” under commercial bycatch and therefore not actively managed (Merten et al. 

2022). In the Eastern US, dolphinfish is managed under the Dolphin and Wahoo Fishery 

Management Plan (FMP) by the South Atlantic Fishery Management Council (SAFMC 2004). 

The annual catch limit (ACL) for the Eastern US is determined using an average of past catches; 

this approach is a data-limited management procedure employed when biological reference 

points cannot be reliably estimated from an assessment model (Prager 2000). At the state level, 

effort-reducing and size-based management measures such as bag limits and minimum size 

limits are implemented for recreational and for-hire charter fisheries, but not all states implement 
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both (SAFMC 2004). The Caribbean Fishery Management Council, also a US management 

body, does not have a fishery management plan for dolphinfish, and the Western Central Atlantic 

Fishery Commission (WECAFC), established by the FAO, provides some monitoring and 

guidance for sustainable management of dolphinfish. Practical management in Caribbean island 

waters and the Caribbean Sea falls to individual island nations and countries (Mahon 1999; 

Merten et al. 2022). The lack of spatially consistent management measures is uncommon for 

transboundary stocks where management and governance normally adhere to an international 

policy (Levesque 2008). Despite advances in spatiotemporal models and enhanced knowledge of 

dolphinfish stock structure and movement connectivity in the Western Atlantic Ocean, there are 

no indices of relative abundance or stock assessments that explicitly model dolphinfish 

spatiotemporal dynamics. There are several additional concerns regarding the Western Atlantic 

Ocean stock: Lynch et al. (2018) estimated a negative trend in dolphinfish abundance throughout 

the Western Atlantic from United States Pelagic Longline (US PLL) logbook catch per unit 

effort (CPUE) data during 1987-2013. Additionally, landings in FAO areas 21 and 31 have 

generally declined (FAO Statistics Team 2021, Merten et al. 2022), and recent increases in sea-

surface temperature (SST) due to climate change may impact stock productivity and distribution 

(Barange et al. 2018).   

Like many other migratory pelagic species such as tunas, all catch and effort information 

is collected from fishery-dependent sources (Forrestal et al. 2019), and apart from tagging 

programs, there is no fishery-independent data collection or monitoring programs. Collection of 

fishery-dependent landings and CPUE data has also mostly been disparate over both space and 

time (Rose and Hassler 1969, Mahon 1999, Arocha et al. 2021, Merten et al. 2022). 

Subsequently, past efforts to model the population dynamics of dolphinfish in the Western 
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Atlantic Ocean have generally been accomplished using some form of surplus production model 

that is fit to an index of relative abundance derived from fishery-dependent CPUE information. 

These cases have included fitting delta-lognormal linear models or generalized linear models to 

CPUE data (Prager 2000, Parker et al. 2006, Kleisner 2008) to develop model-based indices that 

address the commonly violated assumption of constant catchability (Maunder and Punt 2004); in 

each case, CPUE data were poorly informative due to short time series, i.e., “one-way trip” 

patterns, or other common features of fishery-dependent data (Maunder et al. 2006, Magnussen 

and Hilborn 2007), and resulted in highly uncertain estimates of biological reference points that 

could not be used in fisheries management. Kleisner (2008) accurately concluded that for 

assessment of dolphinfish to be successful, estimating robust indices of relative abundance must 

employ new techniques that account for spatial autocorrelation in the observed data. The 

spatiotemporal dynamics of dolphinfish in the Western Atlantic Ocean are also likely linked to 

SST (Kleisner 2008) given that they reproduce year-round within their optimal thermal habitat 

(Schwenke and Buckel 2008, Merten et al. 2015, Schlenker et al. 2021) and high catch rates are 

associated with warm fronts with SST near 24-25 C° (Farrell et al. 2014) and mats of Sargassum 

(Rudershausen et al. 2010). Lynch et al. (2012) developed a two-stage delta-generalized linear 

mixed model (GLMM) capable of modeling temperature regimes and pelagic fish habitat use. 

They applied this method using a delta-GLMM to species caught in the US PLL fleet including 

dolphinfish by fitting the model to the US PLL logbook data during 1987-2013 and treating year 

as a random effect (Lynch et al. 2018). Lynch et al.’s (2018) analysis remains the current 

standard for the most robust index of relative abundance for dolphinfish in the Western Atlantic 

Ocean. Although most dolphinfish landings in the Western Atlantic Ocean likely come from 

recreational fisheries (Merten et al. 2022), the US PLL logbook data remains the most robust 
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data set due to the long time series of observations of dolphinfish made throughout the Western 

Atlantic Ocean. 

 Spatiotemporal autocorrelation is likely to be present in fishery-dependent commercial 

longline data due to non-random, preferential sampling by fishing fleets (Maunder and Punt 

2004). This can lead to positively biased estimates of abundance (Xu et al. 2018), particularly for 

undersampled regions (Pennino et al. 2019). Lynch et al. (2018) noted that future work should 

consider other treatments of spatiotemporal data when estimating indices of relative abundance 

from fishery-dependent data, with specific reference to geostatistical delta-GLMMs (Thorson 

2015). These include Vector Autoregressive Spatiotemporal (VAST) models, that are built on a 

similar two-stage modeling philosophy as a delta-GLMM. They can similarly include 

catchability covariates and habitat, i.e., environmental covariates, while explicitly modeling 

spatial and spatiotemporal variation as random effects and estimating spatiotemporal 

autocorrelation (Thorson et al. 2015, Thorson 2019) instead of implicitly assuming independent 

sampling over space (Conn et al. 2017). VAST can also treat the space over which spatial and 

spatiotemporal processes are measured as being evenly distributed to address the 

unbalanced/preferential nature of sampling in fishery-dependent data (Thorson 2019). Numerous 

studies suggest that spatiotemporal models can reliably estimate indices of relative abundance 

from fishery-dependent data (Maunder et al. 2020, Ducharme-Barth et al. 2022, Hansell et al. 

2022). Model-based spatiotemporal indices of relative abundance estimated using VAST have 

generally resulted in improved estimates of abundance (Thorson et al. 2020, O’Leary et al. 2022) 

and estimation of spatial population dynamics (Cao et al. 2017), with demonstrated success when 

fit to fishery-dependent longline data for other highly migratory pelagic fishes such as tunas 

(Maunder et al. 2020, Hansell et al. 2022). Our goal was to quantify the spatiotemporal dynamics 
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of dolphinfish in the Western Atlantic Ocean and develop a model-based index of relative 

abundance that is robust to variation over space and time. Additionally, we sought to answer the 

following questions with our study: 

(1) Can VAST estimate the seasonal patterns in the spatiotemporal dynamics of dolphinfish 

population density in the Western Atlantic Ocean? 

(2) How do the spatiotemporal dynamics of dolphinfish differ at regional scales? 

(3) What were the patterns of spatiotemporal autocorrelation among regionally stratified 

indices? 

(4) Has a range shift occurred for the coastwide population of dolphinfish in the Western 

Atlantic Ocean? 

Methods 

Fishery data 

For our analysis, we used US PLL logbook data from the National Marine Fisheries 

Service (NMFS). Although the US PLL effort is not uniform over space and time (Lynch et al. 

2018), the logbook data contain 29-years of detailed catch and effort information on dolphinfish 

to the longline set level beginning in 1991 and is the singular data set with long-term 

observations collected over nearly the full extent of Western Atlantic dolphinfish’s geographic 

range. US PLL fleet vessels report the date and location of catch to the set level, sea surface 

temperature, the type and configuration of gear, e.g., number of miles; hook type; type of bait 

used; the number of hooks per set, the number of dolphinfish caught and kept to land, and the 

number of dolphinfish discarded alive or dead. Prior to 1991, the US PLL did not contain hourly 

effort information, therefore, we chose to use data starting in 1991 and ending in 2019, the 

terminal year for observations. Dolphinfish are sometimes targeted by the US PLL fleet during 
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shallow sets (Jeffrey Buckel, North Carolina State University, personal communication), but the 

primary targets are swordfishes and tunas (Luckhurst 2017). For the expediency of obtaining 

data for analysis, we requested only those raw logbook data for dolphinfish.  

CPUE Calculation 

We calculated the nominal CPUE as the number of fish caught per 1000 hooks based on 

the formula used by Lynch et al. (2012, 2018). The US PLL logbook data for dolphinfish result 

in a 100% encounter rate if both the number of dolphinfish kept and the number discarded are 

considered in the analysis; it is unclear how Lynch et al. (2018) handled this condition when 

modeling positive encounters and positive catch rates to estimate dolphinfish abundance with a 

delta-GLMM. Dolphinfish discards comprise approximately 2.2% of all catches, of which the 

majority are reported as released alive - this is consistent with the 20-inch fork-length (FL) 

minimum size limit in place for US commercial dolphinfish fisheries (SAFMC 2004). Therefore, 

observations with zero dolphinfish kept, i.e., discarded, were treated as negative encounters with 

legal-sized fish, thereby restricting inference to the abundance of fish over 20-inches FL. 

Additionally, we explored the number of set hours as a measure of effort, however, analysis of 

catch versus hourly effort suggested a gear saturation effect in which CPUE declined 

exponentially after five hours of soak time; this violates the assumption that the probability of 

catch is the same over every hour (Peterson et al. 2017, Hansell et al. 2022). 

Spatial domain 

The spatial domain includes the NMFS pelagic fishing areas that overlap with FAO 

fishing areas 21 and 31: this is approximately 0 to 55° North Latitude and -25 to -86° West 

Longitude. The spatial domain was stratified by the discrete areas defined in the US PLL 

logbook data defined east to west and north to south as follows: NEC: Northeast Coastal waters; 
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NED: Northeast Distant waters; MAB: the Mid-Atlantic Bight region; SAB: the South Atlantic 

Bight region; FEC: Florida east coast (includes the Florida Keys and some Caribbean Island 

Nations); SAR: the Sargasso Sea; NCA: North Central Atlantic region which together with SAR 

is also considered the Sargasso Sea (Lynch et al. 2018); CAR: the Caribbean Sea; and OFS: 

Offshore Waters (Figure 1). For mapping data, we used a custom extrapolation grid to 

encompass all strata. 
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Figure 1. United States pelagic longline (US PLL) logbook data distribution of effort during 1991-2019. Effort is 

separated into three color categories: red, representing relatively low effort, orange representing medium effort, and 

yellow representing high effort over time. Area designations are (from left to right, top to bottom): Mid Atlantic 

Bight (MAB), Northeast Coastal (NEC), Northeast Distant (NED), South Atlantic Bight (SAB), Florida East Coast 

(FEC), Sargasso Sea (SAR), North Central Atlantic (NCA), Caribbean Sea (CAR), Offshore Waters (OFS). 
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Seasonality 

The VAST model was configured to estimate indices for four seasons to capture the 

pattern of movement, i.e., spatiotemporal pattern of the availability of dolphinfish throughout 

their range. We assigned a seasonal ID to the US PLL data at the monthly level in which 

“Winter” included December of the previous year and January and February of the following 

year; “Spring” included March, April, and May of the same year; “Summer” included June, July, 

and August of the same year; and “Fall” included September, October, and November of the 

same year. This resulted in a total of 116 timesteps over four seasons and 29 years. We also 

explored a monthly timestep. 

Spatiotemporal model description 

Nominal CPUE was standardized using VAST models (v3.5.0; Thorson and Barnett, 

2017) and implemented in R-4.0.3 (R Core Team, 2020). VAST is a state space implementation 

of a delta-GLMM, also referred to as a “hurdle” model, that separately models the probability of 

non-zero catches, i.e., positive encounters, and catch rates from each encounter, i.e., positive 

catch rates (Thorson et al. 2015). The probability of positive encounters, i.e., catches, was 

estimated using a logit-linked linear predictor, and the probability of positive catch rates was 

modeled as a log-linked linear predictor. We explored both gamma and log-normal models for 

the second linear predictor. The probability of dolphinfish encounters (1) and positive 

dolphinfish catch rates (2) were modeled using the following equations: 

𝑃1,𝑖 =  𝛽1(𝑡𝑖) +  𝜔1(𝑠𝑖) + 𝜀1(𝑠𝑖 , 𝑡𝑖) + ∑ 𝛾1(𝑝)𝑋(𝑝, 𝑠𝑖 , 𝑡𝑖)𝜆1(𝑘)𝑄(𝑠𝑖 , 𝑘1)
𝑛𝑝

𝑝=1         (1), 

and 

𝑃2,𝑖 =  𝛽2(𝑡𝑖) +  𝜔2(𝑠𝑖) +  𝜀2(𝑠𝑖 , 𝑡𝑖) + ∑ 𝛾2(𝑝)𝑋(𝑝, 𝑠𝑖 , 𝑡𝑖)
𝑛𝑝

𝑝=1 𝜆2(𝑘)𝑄(𝑠𝑖 , 𝑘2)  (2), 
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respectively. Where 𝑃1 represents the probability of positive dolphinfish encounter and 𝑃2 

represents the positive dolphinfish catch (i.e., number of dolphinfish caught and retained per 100 

hooks per set hour) given that they were encountered, 𝛽(𝑡𝑖) is the intercept for each time step t 

and was treated as constant among time steps to ensure that all changes over time were attributed 

to spatiotemporal variation and covariate effects (Thorson 2019), 𝜔(𝑠𝑖) represents spatial 

variation which is constant over time for knot s, 𝜀(𝑠𝑖 , 𝑡𝑖) is time-varying spatiotemporal 

autocorrelation variation for knot s and timestep t.  

Due to the seasonality in availability of dolphinfish to the PLL fishery over space, we 

included year and season as spatially varying random effects; this is also the standard treatment 

for seasonal implementations of VAST. We also treated set-level observations of SST as a 

spatially varying random effect to account for dolphinfish’s association with a relatively narrow 

band of warm SST (Molto et al. 2020) that varies over space (Schlenker et al. 2021), and likely 

leads to greater availability and positive catch rates (Farrell et al. 2014). No other habitat 

variables were provided in the US PLL data for consideration as covariates. 𝛾(𝑝) is the habitat 

effect p on the univariate response variable, 𝑛𝑝 is the number of habitat covariates (3), and 

𝑋(𝑝, 𝑠𝑖 , 𝑡𝑖) is the value of covariate p in knot s in timestep t for observation i. The number of set 

hours until gear saturation occurs likely depends on the species being targeted, thereby affecting 

the catchability of dolphinfish, therefore, the number of set hours was included as a catchability 

covariate and spatially varying random effect. We considered hook and bait type as potential 

catchability covariates, but both were nearly uniform throughout the data set, and therefore not 

included. We attempted to model an individual vessel effect a spatially varying random effect to 

account for spatiotemporal changes in fishing power (O’Leary et al. 2022), however, this became 



   

40 

 

computationally infeasible due to the number of random effects being estimated. 𝜆(𝑘) is the 

catchability effect k, and 𝑄(𝑠, 𝑘) is the value of the covariate k in knot s.  

The spatial processes  𝜔1(𝑠𝑖) and 𝜔2(𝑠𝑖) were modeled as Gaussian Markov random 

fields (Lindgren et al. 2011), i.e., multivariate normal random effects distributed over space, with 

correlation over a two-dimensional spatial grid. The spatiotemporal processes 𝜀1(𝑠𝑖 , 𝑡𝑖) and 

𝜀2(𝑠𝑖 , 𝑡𝑖) were fit for each timestep as random effects following a first-order autoregressive 

process (AR(1)), estimating variance as fixed effects and a single first-order autoregression 

parameter, and assuming a Matérn covariance with a two-dimensional anisotropic distance 

function. We fit the VAST model using a mesh approach with 200 knots: the unit of measure 

over which to measure the spatial and spatiotemporal processes.  

Parameters were estimated via maximum likelihood estimation while integrating over 

fixed and random effects using Template Model Builder (Kristensen et al. 2016). We report 

indices I calculated from estimated log-scale densities as the predicted local density d for knots s 

and timestep t based on the estimates of fixed and random effects multiplied by area a. VAST 

coerces standardized indices of relative abundance to biomass in kilograms by default, however, 

because nominal CPUE was measured in numbers, we rescaled the index (I) estimates using a 

constant so as to be unitless for each timestep t as a product of local density and area a over 

knots s summed over the total number of knots 𝑛𝑠:  

𝐼(𝑡) =  ∑ (𝑎(𝑠) × 𝑑(𝑠, 𝑡))
𝑛𝑠
𝑠=1          (3), 

We report the change in spatial distribution as the estimated centroid of the population’s 

distribution, the center of gravity (4): 

𝑍(𝑡) = ∑
(𝑧(𝑠)×𝑎(𝑠)×𝑑(𝑠,𝑡))

𝐼(𝑡)

𝑛𝑠
𝑠=1          (4), 
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to measure changes in population distribution in kilometers (km) in Eastings and Northings 

(Thorson et al. 2016), where Z is the center of gravity over time t that sums the center of gravity 

statistic z multiplied by area and density over the index I over the number of knots s. Following 

Li et al. (2014), we also calculated the center of gravity for the nominal effort data 𝑍𝑒 as the sum 

of the product of seasonal effort 𝐸𝑡 over space, i.e., latitude and longitude 𝐿𝑡, over the sum of 

total effort to explore spatial changes in the distribution of US PLL effort: 

 𝑍𝑒 =  
∑(𝐸𝑡𝐿𝑡)

∑ 𝐸𝑡
           (5). 

Correlation analyses 

We used the cor and corrplot packages in R statistical software (R Core Team, 2020) to 

conduct multiple correlation analyses. We analyzed correlations between the regionally stratified 

estimated indices to analyze the pattern of spatiotemporal autocorrelation estimated by the 

model. This provides important information for management, e.g., if there are strong correlations 

that are lagged among regions as the fish migrate, then an index-based management strategy may 

be a useful tool (Sánchez-Moroño et al. 2021). We also compared the model-based correlations 

with the pattern of spatiotemporal autocorrelation in the nominal CPUE (Figure 2). This allowed 

us to ensure that the spatiotemporal component of each linear predictor was configured correctly. 

Additionally, we conducted correlations between indices by spatial strata and season with some 

independent catch time series to provide some validation for the estimated indices. These data 

were obtained from the Marine Recreational Information Program’s (MRIP) Large Pelagics 

Survey (LPS) of private and for-hire recreational vessels, non-longline commercial dolphinfish 

landings during spring and summer in North Carolina and Florida during 1991-2019, and 

recreational dolphinfish tournament data from the Puerto Rico Department of Natural and 

Environmental Resources Marine Recreational Fishing Program (MRFP) during 2000-2019. 
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Correlations with other fisheries data sets, especially those from recreational sources, will help to 

determine if an index fit to commercial data only is robust to non-commercial fishery trends. A 

detailed description of the indices and catch time series that were analyzed are provided in Table 

1.  

Table 1. Estimated indices by spatial strata and catch time series by season for which correlation 

analyses were conducted. MAB, SAB, FEC, and CAR represent the Mid-Atlantic Bight, South 

Atlantic Bight, Florida, and Caribbean indices; LPS represents the Large Pelagics Survey, and 

MRFP represents Puerto Rico’s Marine Recreational Fishing Program tournament data. 

 

Index 

 

Catch Time Series Season(s) 

MAB LPS Summer, Fall 

 

SAB, FEC FL and NC Catch 

 

Spring, Summer 

CAR MRFP Winter, Spring, Fall 
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Figure 2. Correlations between winter and spring (top left), spring and summer (top right), summer and fall (bottom 

left), and fall and winter (bottom right) seasonal measures of nominal catch-per-unit-effort (dolphinfish kept/1000 

hooks) calculated from the United States pelagic longline (US PLL) logbook data. The regions are defined as 

follows: NEC: Northeast central Atlantic, MAB: Mid-Atlantic Bight, SAB: South Atlantic Bight, FEC: Florida 

waters, CAR: Caribbean Sea, NCA: North Central Atlantic, and NED: Northeast distant waters. 

 

 

 

 

 

 

 



   

44 

 

 

 

 

 

 

 

 

 

 

 



   

45 

 

Results 

Spatiotemporal patterns in estimated indices of relative abundance 

Trends in the estimated indices of relative abundance varied by spatial strata and season 

with some consistencies (Figure 3). Peaks and troughs in abundance were generally consistent 

among all seasons within each stratum. Overall, the greatest total dolphinfish abundance 

occurred during spring 1992, 1996, 2007, and 2009; the lowest abundance occurred in 2005-

2006, 2011, and 2019. Generally, the magnitude of abundance was greatest in northern strata, 

i.e., the NEC, NED, MAB, and SAB indices, during spring with the strongest peak occurring 

during 2007. Summer abundance in northern strata tracked closely with abundance during the 

spring but diverged in the SAB and MAB after 2007 and 2011, respectively. Abundance during 

fall and winter seasons was lowest in the most northern strata, as well as the FEC and SAR 

indices, but tracked more closely with summer and spring abundance in southern strata, e.g., 

estimates for the CAR index showed several peaks in winter and fall abundance commensurate 

with spring and summer. Most indices showed a slight negative trend, specifically, the SAR, 

FEC, CAR, NED, NCA, and OFS indices, which make up most of the abundance, and therefore 

resulted in an overall negative trend in abundance for all strata combined. The NCA index was 

notably responsible for half the estimated total abundance. The NEC trend was flat overall, while 

the MAB index displayed a weak positive trend in winter, spring, and summer abundance after 

2011, and the SAB index displayed a generally positive trend in spring abundance overall while 

abundance during all other seasons declined. NEC, MAB, SAB, and FEC indices were the least 

uncertain (lowest standard errors). Southern strata indices and the NED index were the most 

uncertain (highest standard errors). The SAR index standard errors were generally low except for 

fall 1995. The negative trends in the CAR and OFS indices also correspond with an area of very 
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low estimated density that occurred during 2007-2019, mostly in the OFS stratum and eastern 

edge of the CAR stratum (Appendix A).  

 

Figure 3. Standardized seasonal spatiotemporal indices of relative abundance for dolphinfish in the Western 

Atlantic Ocean derived from the United States pelagic longline (US PLL) logbook data. Indices were estimated 

during 1991-2019 by season: Winter (purple), Spring (blue), Summer (green), and Fall (yellow) for the Northeast 

Central Atlantic (NEC, top left), Mid-Atlantic Bight (MAB, second from top left), South Atlantic Bight (SAB, top 

center), Sargasso Sea (SAR, second from top right), Florida including Eastern Florida and the Florida Keys (FEC, 

top right), the Caribbean Sea (CAR, bottom left), Northeast distant waters (NED, second from bottom left), North 

Central Atlantic (NCA, bottom center), Offshore waters (OFS, second from bottom right) and for all regions 

combined (ALL, bottom right). 95% Confidence intervals shown in grey and outlined with a dotted line of the 

corresponding color for each season. 

 

Correlation analyses 

Correlations between estimated indices during winter and spring, spring, and summer, 

and fall and winter (Figure 4) showed patterns in which geographically neighboring regions were 

more highly correlated, and correlations mostly decayed with distance. Spatial distribution of 

correlations differed with season, matching expectations for the seasonal distribution of 

dolphinfish abundance and the spatiotemporal pattern of movement outlined by Oxenford and 

Hunte (1986) for the northern stock and expanded by Merten et al. (2014a, 2014b, 2016) to 
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represent the Western Atlantic Ocean stock discussed in this study. We arranged the correlation 

matrices to form an approximated annual movement circuit; reading the figures clockwise 

(bottom of the y axis to the right of the x axis) is meant to begin at the northwest extent of the 

distribution (NED) of the circuit, then southward to the Caribbean, then up toward the northeast 

extent (NEC) and around again. The estimate of the spatiotemporal autocorrelation parameter 

was 0.65 indicating a relatively high degree of spatiotemporal autocorrelation estimated by the 

model; this was consistent with the autocorrelation structure in the nominal CPUE (Figure 2) 

used to inform model configuration. Correlations among seasonal CPUE were weaker for the 

nominal data; the strongest correlations occurred among the CAR, NCA, FEC indices between 

winter and spring; FEC and the rest of the Eastern US between spring and summer; MAB, NEC, 

NED, and NCA between summer and fall; NED and NCA, NED and CAR, and NCA and MAB 

between fall and winter (Figure 2). Correlations between the estimated summer and fall MAB 

indices and the summer and fall LPS catches were only weakly positively correlated during fall 

(Figure 5). Correlation strength and direction varied between estimated fall, winter and spring 

CAR indices and Puerto Rico MRFP tournament catches; strong positive correlations occurred 

between the winter and spring CAR indices and the winter MRFP tournament catches (Figure 5). 

Spring and summer SAB and FEC indices were strongly positively correlated with spring and 

summer catches from NC and FL (Figure 5). Generally weaker correlations between indices and 

the independent catch time series were expected because total catches are more indicative of 

availability than abundance.  
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Figure 4. Correlations between winter and spring (top left), spring and summer (top right), summer and fall (bottom 

left), and fall and winter (bottom right) standardized seasonal indices of relative abundance for dolphinfish in the 

Western Central Atlantic. The regions are as follows: NEC: Northeast central Atlantic, MAB: Mid-Atlantic Bight, 

SAB: South Atlantic Bight, FEC: Florida waters, CAR: Caribbean Sea, NCA: North Central Atlantic, and NED: 

Northeast Distant. 
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Figure 5. From left to right: correlations between the estimated summer and fall Mid-Atlantic Bight (MAB) indices 

and Marine Recreational Information Program’s Large Pelagic Survey (LPS) catches during 2002-2019; correlations 

between estimated spring and summer South Atlantic Bight (SAB) and Florida (FEC) indices and spring and 

summer US commercial catches from North Carolina (NC) and Florida (FL); and correlations between estimated 

fall, winter, and spring Caribbean Sea (CAR) indices and fall, winter, and spring recreational tournament catches 

from the Puerto Rico Department of Natural and Environmental Resources Marine Recreational Fishing Program 

(PRT). 

 

Calculation of range shift 

For the estimated indices, the Eastings, which approximate the spatial distribution from 

west to east from the bottom of the y-axis, showed no obvious trend (Figure 6A). The Northings, 

which approximate the spatial distribution from south to north from the bottom of the y-axis, 

showed a consistent, but weak shift to the north after the mid-2000s for all seasons except winter 

(Figure 6B). The nominal effort data similarly showed no trend in Eastings, while summer 

trended strongly toward the south, spring trended north, and fall and winter appeared mostly 

unchanged over time (Figure 6C and 6D). Box plots used to visualize the seasonal pattern of 
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movement (Figure 7A-D) showed a consistent pattern in both the indices and nominal effort in 

which winter abundance shifts north and west in the spring, slightly south and east during the 

summer, and then strongly south and east during fall.  

 

Figure 6. Seasonal model estimates of the center of gravity in kilometers (km) by Eastings (A) and Northings (B) 

during 1991-2019 and calculated seasonal centers of gravity for the nominal United States pelagic longline (US 

PLL) logbook effort data in kilometers (km) by Eastings (C) and Northings (D).  
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Figure 7. Boxplots of seasonal model estimates of the center of gravity in kilometers (km) by Eastings (A) and 

Northings (B) during 1991-2019 and calculated seasonal centers of gravity for the nominal United States pelagic 

longline (US PLL) logbook effort data in kilometers (km) by Eastings (C) and Northings (D). From left to right, the 

boxes represent winter, spring, summer, and fall seasons, respectively.  

 

Model Performance 

 We reported the Akaike Information Criterion (AIC) or three models: the base model, 

which is described in the Methods, a model that only included seasonal covariates, i.e., a basic 

seasonal model that includes year and season, and a null model that included only intercepts. 
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Using the estimated deviance from the null model, we calculated the percent deviance explained 

by the base and seasonality-only models. AIC and percent deviance explained are provided in 

Table 2.  

Table 2. Akaike Information Criteria score, and percent deviance explained by model. The null 

model contains only intercepts; the seasonality-only model only contains year and season 

covariates; and the base model is the model described in the Methods.  

 

Model 

 

AIC Percent Deviance Explained 

Null 576382.9 0 

 

Seasonality-only 522324.7 34 

 

Base  521887.5 49.3 

 

 

Discussion 

Our model results suggest that there is a strong spatiotemporal pattern in the abundance 

of 20-inch or larger dolphinfish in the Western Atlantic Ocean. This pattern is defined by greater 

abundance during spring and summer in northern strata, and generally consistent abundance 

among seasons in southern strata. Dolphinfish movement generates seasonally and spatially 

explicit availability of abundance to many fisheries (Oxenford and Hunte 1986, Mahon 1999), 

primarily during spring and summer in the Eastern US (Merten et al. 2014a, Merten et al. 2015, 

Merten et al. 2016). Therefore, it was unsurprising that spring and summer abundance estimates 

were greatest within northern strata. Additionally, dolphinfish movement rates slow in the SAB 

due to the Charleston Gyre (Merten et al. 2014a), which may be responsible for increased 

availability for extended summer pulses of fishing effort. In northern strata, the magnitude of 

spring and summer abundance is substantially greater than fall and winter, but this difference in 

magnitude is less in the southern strata. The timing of northern stock movement through the 
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Caribbean generates broader seasonal availability of dolphinfish catch (Oxenford and Hunte 

1986), which was reflected in the CAR index and other southern indices. For example, while 

spring estimates of abundance in the CAR and FEC were still greatest, fall estimates were 

frequently greater than winter and summer, and in some years, greater than spring in the CAR. 

The fall CAR index estimates may coincide with movement of reproductive females traveling to 

and from the Strait of Florida (Merten et al. 2014b, Merten et al. 2015) and the appearance of 

larger male “bull” dolphinfish in Caribbean island waters during fall and winter (Beyond Our 

Shores Foundation, personal communication; Puerto Rico Department of Natural and 

Environmental Resource Marine Recreational Fishing Program, personal communication); this 

may explain periodically greater estimates within the CAR during fall. However, this is likely to 

be more indicative of abundance in certain US Caribbean territories than the broader CAR 

stratum. 

The overall negative trend in the spatiotemporal index of relative abundance was 

consistent with past model-based dolphinfish indices estimated by Kleisner (2008) and Lynch et 

al. (2018), but a more gradual decline in the early 2010s than was estimated by Lynch et al. 

(2018). This may be due to the quarterly timestep of our model capturing seasonal dynamics in a 

population with strong interannual variability in abundance (Ducharme-Barth et al. 2022). The 

positive trends in spring MAB and SAB indices were consistent with commercial, recreational, 

and for-hire fishers’ perceptions of local availability of dolphinfish in North Carolina (NC) 

waters and north of the Outer Banks, NC, in which they have observed a marked increase in 

dolphinfish catches within the past five years (McPherson et al. 2022). The overall negative trend 

in the FEC index was similarly consistent with stakeholders from Eastern Florida and the Florida 

Keys who had observed fewer dolphinfish catches during the past five years, noting a lack of 
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presence among Sargassum mats (McPherson et al. 2022). Local perceptions of abundance in 

Puerto Rico also matched the negative trend estimated for the CAR (Merten et al. 2022, Beyond 

Our Shores Foundation, personal communication). These stakeholder observations provided 

some validation for the regional estimates of spatiotemporal indices of relative abundance, but 

additional information from other Caribbean island nations and countries bordering the 

Caribbean Sea would be required to determine if the CAR index is sufficiently robust to the lack 

of sampling to the western extent of the Caribbean (Figure 1).  

The results of the correlations among estimated indices by strata are consistent with the 

annual pattern of migration of the northern stock first described by Oxenford and Hunte (1986) 

and expanded by Merten et al. (2014a, 2014b, 2016). Therefore, we expected intra-region 

correlations among seasonal indices to be consistently high between each pair of seasons, and 

that those correlations would decay with geographic distance. The correlations among nominal 

CPUE showed some strong spatiotemporal autocorrelation among regions, which suggests that 

an AR(1) process was the correct specification for spatiotemporal random effects and 

autocorrelation when fitting VAST to fishery-dependent data (Ducharme-Barth et al. 2022). 

Although the magnitude of the pattern of autocorrelation in the nominal CPUE data is not as 

great as those among estimated indices, the boxplot distributions of the centers of gravity for 

both estimated indices and nominal effort suggest that the pattern of dolphinfish movement is 

codified in the US PLL logbook data (Figure 7). The positive correlations between estimated 

indices and fall LPS, winter Puerto Rico tournament, and NC and FL commercial catch time 

series may also suggest that the indices are robust to certain commercial and recreational trends 

over space and time.  
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We suggest two potential (and non-mutually exclusive) explanations for the respective 

increase and decrease in dolphinfish abundance within northern and southern strata of the 

Western Atlantic Ocean, and subsequent change in Northings of the center of gravity. The first 

possibility is the presence of increased fishing pressure in the OFS and CAR strata, causing an 

area of localized depletion that is particularly prominent off the coast of South America after 

2007 (Supplementary Figure 1). Reported commercial landings by Venezuela and France have 

substantially eclipsed other nations in the Western Central Atlantic (FAO Statistics Team 2021, 

Merten et al. 2022). Furthermore, Venezuela and France have been responsible for the top-

reporting commercial fisheries in the Western Central Atlantic since 2014 (Merten et al. 2022). 

While specific landings information is missing for numerous nations in the Caribbean (Merten et 

al. 2022), Venezuelan artisanal fisheries are reportedly the largest source of dolphinfish removals 

in the nation (Arocha et al. 2021) and are likely an added source of local pressure. Collectively, 

these may partially explain the negative trends in abundance (Figure 3) and large area of low 

estimated density (Appendix A). However, as several nations do not report dolphinfish landings, 

there are substantial unknowns regarding temporal and spatial trends of removals in the southern 

strata that were modeled. 

While increases in exploitation rates in specific areas are a probable cause for some of the 

changes in regional abundance patterns, several of the observed patterns are more indicative of 

environmental shifts. Generally, northern subregions show patterns of increasing abundance, 

whereas southern subregions show decreasing patterns in abundance, suggesting that a basin-

wide shift has occurred.  Furthermore, spring and summer MAB and SAB indices were 

approximately equal during the early years, but since the 2010s, estimated abundance levels are 

much higher in spring than summer, suggesting that the timing of migration to these areas is 
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occurring earlier in the year. Dolphinfish prefer warm waters (Molto et al. 2020), are caught in 

warm waters (Farrell et al. 2014) and like other marine fishes, will seek to remain within their 

optimal thermal habitat (Schlenker et al. 2021). Temperature increases have been particularly 

pronounced in the North Atlantic (Saba et al. 2016) and pronounced northward shifts have been 

observed for many species along the U.S. Atlantic Continental Shelf (Kleisner et al. 2017, 

Morley et al. 2018). Gonçalves Neto et al. (2021) documented an abrupt change in the Gulf 

Stream position in 2008 followed by rapid warming, which aligns with increases in dolphinfish 

abundance in the MAB and SAB. Accordingly, it seems plausible that the increase in dolphinfish 

abundance in the northern extent of the Western Atlantic Ocean, both estimated and observed, 

may be due to dolphinfish moving north to remain within their optimal thermal range. Similar 

shifts have also been observed in other basins; Salvadeo et al. (2020) estimated a northward shift 

in the Eastern Pacific dolphinfish population at similar latitudes; these observed shifts across 

multiple ocean basins are consistent with the broad scale effects of climate change on marine 

species globally (Poloczanska et al. 2013).  

Likely, both changes in fishing pressure and changes in the environment are contributing 

to the observed patterns in abundance to some extent, and data gaps make it challenging to 

discern the drivers of change. Additionally, some of the changes in fishing pressure and 

environmental shifts are temporally aligned, making the forces more challenging to disentangle.  

For example, increases in landing from the Eastern Caribbean in 2014 coincide with significant 

changes in temperature, upwelling, and productivity in the U.S. South Atlantic region (Craig et 

al. 2021), and sudden warming of the Florida Straits (Volkov et al. 2019) which is a major 

migration pathway for dolphinfish. Differentiating between these two drivers will require more 
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intensive analysis of ocean conditions and fishing exploitation patterns in relation to the 

abundance patterns observed here. 

The development of an index of relative abundance for Western Atlantic dolphinfish that 

is robust spatiotemporal variation is a vital step toward assessing the dolphinfish population and 

moving toward more robust management measures. Declining abundance (Kleisner 2008, Lynch 

et al. 2018, this study), increasing fishing pressure (Merten et al. 2022), and declining 

commercial landings and recreational catches (Merten et al. 2022) suggest that the dolphinfish 

population productivity is declining, though this cannot be definitively confirmed without a stock 

assessment. Spatially explicit stock assessment models have outperformed VAST in estimating 

abundance (Cadrin et al. 2020, Mormede et al. 2020), and the availability of a robust index of 

relative abundance, movement rates, and advanced modeling software such as TMB that can 

treat uncertain biological processes as a random effect make a spatially explicit assessment more 

feasible than ever before. A spatially explicit assessment is also more likely to reduce bias by 

incorporating more accurate spatial structure (Ying et al. 2011, Guan et al. 2013, Cadrin 2020), 

and will improve the likelihood of meeting spatial management objectives (Berger et al. 2017).  

Alternatively, a spatiotemporal index of relative abundance could be used to introduce spatial 

structure to an assessment model implicitly, however, these have been outperformed by spatially 

explicit models in simulations (Punt 2020). Although new technology has become available to 

aid in data collection (Merten et al. 2022), data availability and monitoring for Western Atlantic 

dolphinfish has not changed radically since previous assessments were conducted, therefore a 

spatially explicit surplus production model (SPM) may be the most likely candidate. Kleisner 

(2008) found that fitting SPMs to geostatistical indices did not improve the ability to obtain 

reference points. However, McDonald et al. (2021) demonstrated that a spatially explicit biomass 
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dynamics model can capture time-varying spatial patterns in both population processes and 

fishing effort; using dolphinfish movement information to parameterize a movement matrix may 

address the issues encountered by Kleisner (2008). Additionally, the strong correlation among 

estimated regional indices at short time lags, i.e., three months, make the index ideal for 

empirical index-based harvest control rules that require short time lags between collection of the 

index and implementation of the management procedure (Sánchez-Moroño et al. 2021). In lieu 

of improved data collection or monitoring, or the inability to determine stock status from an 

assessment, an alternative use of the spatiotemporal index of relative abundance could be to 

guide index-based harvest control rules (Apostolaki and Hillary 2009, Little et al. 2010, Fischer 

et al. 2020, Sánchez-Maroño et al. 2021). However, rigorous testing using simulations or 

management strategy evaluation should be pursued to test the robustness of such management 

measures to alternative spatial and temporal scopes (Bosley et al. 2020, Cadrin et al. 2020).  

     There are some limitations of this study to note. In not obtaining logbook information 

for catches of other species, we were not able to explore potential spatiotemporal shifts in tuna or 

swordfish distributions that might drive US PLL fleet behavior. This presents some challenges in 

interpreting the changes in the center of gravity as being a function of environmental effects, 

e.g., SST, or some function of spatiotemporal variation in fleet dynamics. However, the centers 

of gravity for the indices and nominal effort differ substantially. Furthermore, even without catch 

information for other species, the measures of effort, i.e., 1000s of hooks, pertain to all targets. 

This suggests that the estimated center of gravity is not likely being driven by changes in US 

PLL fleet behavior, but rather some combination of other spatiotemporal factors, and that 

estimated indices are not likely to be hyperstable. We recommend further investigation into the 

relationship between the environment, e.g., SST and Sargassum, and Western Atlantic 
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dolphinfish abundance using fine-scale fishery-independent oceanographic and movement data. 

Such an analysis would allow us to further differentiate between how the observed distribution 

patterns are driven by changes in fishing pressure versus changes in the environment and would 

allow some insights into whether these patterns can be expected to continue in the future with the 

temperature and current patterns that are predicted to occur with climate change (Alexander et al. 

2020). Treating observations of discards as negative encounters precluded our ability to infer 

trends in the abundance of fish less than 20 inches FL. Without additional length information, it 

is not statistically possible to make inferences about the abundance of smaller fish, though it may 

be reasonable to assume that spatial and spatiotemporal variation are similar, given that 

dolphinfish reproduce throughout their movement circuit (Schwenke and Buckel 2008, Merten et 

al. 2015, Schlenker et al. 2021). Ultimately, though we believe this was a reasonable approach 

that is consistent with the delta methods described in Lynch et al. (2018), it highlights some 

major sensitivities of the model to a relatively small amount of data. Obtaining a convergent 

model was difficult. We attempted to fit the data using only the second linear predictor and an 

observation model that accounts for a 100% encounter rate, however, estimates of spatial 

parameters regularly hit upper or lower bounds. We explored several configurations of alternate 

observation models, different numbers of knots for estimating spatial parameters, and model 

settings, e.g., with and without anisotropy, and encountered similar results. Furthermore, though 

spatiotemporal dynamics likely differ at a finer temporal scale, a monthly timestep also proved 

computationally infeasible. The final VAST model used for analysis estimated >83,000 random 

effects; to aid model parameter estimation, we had to “turn off” the 𝜔1(𝑠𝑖) spatial process in the 

first linear predictor, meaning no parameter or random effects were estimated for spatial 

variation in the probability of positive encounters. However, including year, season, and SST as 
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spatially varying random effects, and spatiotemporal variation as a random effect in the first 

linear predictor may adequately explain the variation in the seasonality of dolphinfish encounters 

and the linkage between positive encounters and SST. We also acknowledge that the effect of 

environmental factors like SST on fishery-dependent data is often nonlinear (Hansell et al. 

2022), and we attempted to treat SST as a three-parameter basis spline function. However, this 

model resulted in a poorer fit to the data and biologically unrealistic estimates of abundance 

during some years and seasons. Although we included the number of set hours as a catchability 

covariate to account for potential differences in catchability over space, we recommend that 

future work explore individual vessels as random effects to account for changes in fishing power 

(O’leary et al. 2022), and at an annual time step so as not to increase the computational burden – 

we attempted to treat individual vessels as fixed effects, but preliminary model testing suggested 

a non-zero gradient for those parameters.  

Dolphinfish possess a unique life history characterized by fast growth and early 

maturation (Oxenford 1999, Schwenke and Buckel 2008, Perichon et al. 2019) that makes them 

capable of withstanding high levels of fishing pressure, however, the lack of a reliable index of 

relative abundance has hamstrung past attempts to move toward potentially more robust 

management measures. Using VAST, our study has provided the first spatiotemporal index of 

relative abundance for dolphinfish caught in the Western Atlantic Ocean at seasonally and 

spatially explicit scales. Consistency with past studies and stakeholder observations, and 

relatively strong spatiotemporal correlations with recreational catch time series suggest that our 

index is robust and reliably captures the spatiotemporal dynamics of Western Atlantic 

dolphinfish. Spatiotemporal modeling techniques, while complex and data-intensive, provide 

more informational content than nonspatial configurations (Berger et al. 2017) and are especially 
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useful for standardizing fishery-dependent data (Maunder et al. 2020, Izquierdo et al. 2022) 

when improved monitoring programs are too costly.  
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CHAPTER 3 

Introduction 

 

Management strategy evaluation (MSE) is an increasingly common tool for engaging 

stakeholders in fisheries management (Deith et al. 2021). MSE is a closed-loop simulation 

framework that seeks to model entire management scenarios. MSE typically includes an 

operating model (OM) to simulate population and fishery dynamics, an estimation model to 

determine stock status, i.e., an assessment or some simplification of the process, and an 

implementation model in which a management procedure is applied. Then the effects are 

projected forward in time (Punt et al. 2016, Ono et al. 2017). The primary goal of MSE is to 

identify management procedures that will achieve objectives in the long-term and are robust to 

uncertainty (Butterworth and Punt 1999, Butterworth 2007).  

One of the key advantages of MSE is the ability to directly involve stakeholders in the 

development of management scenarios (Bunnefeld et al. 2011). Stakeholder participation in 

MSE is widely recognized as a vital component of the process (Bunnefeld et al. 2011, Feeney et 

al. 2019, Goethel et al. 2019, Deith et al. 2021). The degree of stakeholder participation is 

dependent on the timetable for completing the MSE and the format. MSEs can be conducted over 

multiple years as an iterative process in which stakeholders participate as part of a dedicated 

MSE group. Over several years, the group identifies conceptual objectives and uncertainties in 

the management system, works with scientists to operationalize those objectives, selects 

candidate management procedures for simulating testing, and engages in participatory modeling 

exercises to identify risks and tradeoffs by evaluating management procedures against objectives 

and over a range of uncertainties (Punt et al. 2016, Feeney et al. 2019, Goethel et al. 2019). We 

refer to these as “full MSEs” with “full” stakeholder participation. Examples include the 
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OysterFutures workgroup who met nine times over two years for a Maryland eastern oyster 

(Crassostrea virginica) MSE (Goethel et al. 2019, Goelz et al. 2020), and the Management 

Strategy Advisory Board of the International Pacific Halibut commission who met twice a year 

during 2013-2020 to participate in MSE for pacific halibut (Hippoglossus stenolepis) (Branch 

2020). Full MSEs can also be conducted under truncated timetables in which stakeholder 

involvement in the MSE can be facilitated through a series of workshops designed to expedite 

the process, e.g., the Atlantic herring (Clupea harengus) MSE, which was conducted in just one 

year (Deroba et al. 2019). Stakeholder participation is a central aspect of what makes MSE 

effective (Dickey-Collas et al. 2014, Goethel et al. 2019). The participation of fishers is of 

particular importance because they often possess intimate knowledge related to uncertainties in 

the socio-ecological management system that MSE attempts to model, e.g., fishery operations, 

social and political dynamics, biology, ecology, and fine-scale spatial and seasonal processes 

(Neis et al. 1999, Crona 2006, Wilson 2006, Murray et al. 2006, Paterson 2010). 

However, MSE is a time and resource-intensive process, therefore many MSE tools or 

simulation frameworks for assessing tradeoffs are developed by analysts without fishers’ 

involvement. These are colloquially referred to as “desk-based” MSEs. Semi-structured 

interviews are a common tool for eliciting qualitative and quantitative fishers’ knowledge (Hind 

2015), and information obtained from semi-structured interviews has been used to inform, 

complement, improve, or directly integrate fishers’ knowledge with stock assessment (Neis 

1992, Carruthers and Neis 2011, Tesfamichael et al. 2014, Duplisea 2017). This study began 

with the idea that there could be a ‘middle ground’ between full and desk-based MSEs in which 

semi-structured interviews are conducted during a desk-based MSE with stakeholders, 

specifically fishers, to address knowledge gaps related to conceptual management objectives, 



   

64 

 

candidate management measures, fishing behavior, and other observations related to the 

management system when resource limitations preclude direct stakeholder participation. 

In this paper, we present a case study in which we applied this intermediate MSE 

approach to two marine fisheries in the Southeast United States: the Southeast black sea bass 

(Centropristis striata) and Atlantic cobia (Rachycentron canadum) fisheries. Although 

commercial fishing remains the dominant source of global removals, regionally, recreational 

fishing can rival or exceed commercial removals (Coleman et al. 2004, Arlinghaus et al. 2019). 

In the Southeast United States (SE US), recreational fishing is the dominant source of fishing 

mortality (Shertzer et al. 2019). We chose these two fisheries for our case study to compare 

interview results and integration with MSE across fisheries with different degrees of recreational 

use. The overarching goal of the article is to describe how information obtained from semi-

structured interviews conducted with commercial and recreational fishers was used to inform a 

MSE tool designed to evaluate tradeoffs between potentially competing commercial and 

recreational fishing objectives. We present results from interviews with commercial fishermen 

and recreational anglers in each fishery and discuss how information obtained from interviews 

was used to set up management scenarios for future testing of the MSE tool.  

Methods      

Case Study Background 

Currently, both fisheries’ recreational component is made up of private recreational 

anglers and the for-hire recreational fleet, i.e., private charter vessels and headboats, and there 

exists at least one commercial fishery (SEDAR 56, SEDAR 58). The management procedure 

used to set total allowable catch (TAC) for both black sea bass and cobia fisheries is a constant 

catch harvest control rule (HCR) based on a fishing mortality (F) reference point and is regulated 
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using management tools such as minimum size limits, vessel/trip limits, bag limits and seasonal 

closures (SEDAR 56, SEDAR 58). Southeast black sea bass fisheries are managed using an 11-

inch size limit and vessel limits in the commercial sector, and a 13-inch size limit and 

combination of bag limits and vessel trip limits for the recreational sector, respectively (SEDAR 

56). The TAC for black sea bass is allocated nearly equally (50-50) between commercial and 

recreational sectors, but in recent years, commercial fisheries have not attained their allocation, 

recreational fishing, primarily from private angling, has become the dominant source of mortality 

and the magnitude of dead discarded fish from the recreational sectors has greatly increased 

(Rudershausen et al. 2014, SEDAR 56). The Southeast Atlantic cobia commercial fishery, an 

incidental bycatch fishery, is managed using a 36-inch size limit and vessel limits, while the 

recreational fishery is also managed using a 36-inch size limit and bag limit (SEDAR 58). As of 

the 2019 stock assessment, the commercial fleet is allocated less than 10% of the TAC, and the 

recreational fleets over 90% (SEDAR 58). During the past 10 years however, the recreational 

fleets have landed more than 95% of the cobia TAC (SEDAR 58). 

Research Design 

 

We conducted interviews with commercial and recreational fishers from the Southeast 

US to learn what they valued about the fishery they participated in, their desired fishery 

objectives, preference for future management actions, and how past management actions had 

affected their fishing behavior. Interviews were conducted using a semi-structured interview 

instrument (Appendix B – I), meaning that interviewees could introduce other topics, including      

suggesting alternative goals and management actions not included in the instrument (Patton 

1990, Murray et al. 2010, Carruthers and Neis 2011). The goal of the interviews was to obtain      

information related to the values driving broad-scale conceptual fishery objectives (Andrews et 



   

66 

 

al. 2021), learn fishers’ preferred management measures, and collect information on fisher 

behavior that could inform the development of the MSE tool. We designed the interview 

instrument to include questions salient to the history of management in each fishery and 

described in the case study background. 

We conducted a total of 30 interviews between May and August of 2020 in two phases 

due to a difference in sampling methods. During the first phase, 14 interviews were conducted 

during May with five commercial fishers who fished for black sea bass in the commercial pot 

fishery, one commercial fisher who caught cobia in seasonal commercial bycatch fisheries, six 

recreational fishers for black sea bass, of whom five identified as private anglers and one as a 

private charter, two recreational fishers for cobia, of whom one identified as a private angler and 

the other a private charter and headboat captain (Table 1). We selected initial interview 

participants based on the number of years of participation in each fishery with preference for 

those who had fished for 10 or more years, and additional participants were identified using 

snowball sampling by asking interviewees to recommend other commercial fishermen or 

recreational anglers (Murray et al. 2006). The second phase occurred during June-August, in 

which an additional 16 interviews were conducted with 16 recreational fishers, all of whom 

identified as private anglers: ten who fished for black sea bass and six who fished for cobia 

(Table 1). Participants during the second phase were selected from the National Oceanic and 

Atmospheric Administration’s (NOAA) Marine Recreational Information Program (MRIP) 

database using a combination of stratified random sampling (by state within the Southeast US) 

and systematic random sampling of license holders who had renewed their license for 10 or more 

years.  
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Table 1. Interview participation by sector (recreational or commercial) and species (black sea 

bass or cobia) by phase (1 or 2).  

Phase I 

Participants 

 

 

Number of Phase 

I participants 

Phase II Participants Number of Phase II 

participants 

Recreational 

black sea bass 

6 Recreational black sea 

bass 

10 

Recreational 

cobia  

2 Recreational cobia  6 

Commercial 

black sea bass 

5 Commercial black sea bass  

Commercial 

cobia 

1 Commercial cobia  

    

    

 

Interviews  

Our study occurred during the height of the COVID-19 pandemic, therefore all 

participants were contacted and interviewed via telephone. Once contacted, fishers were read a 

script that described the purpose of the study and how information collected during interviews 

would be used (Appendix B - II). For those who declined to participate, we thanked them for 

their time and ended the call. For those who chose to participate, we assigned them a code 

referring to the species they fished for, i.e., “BSB” for black sea bass or “COB” for cobia, the 

sector they fished in, i.e., “CO” for commercial and “RE” for recreational (includes private and 

for-hire sectors), and their number in the order of interviews conducted. Detailed notes, including 

participant quotes, were made during each call. We attempted to call from university-owned 

computers using Cisco Jabber to call from a North Carolina State University (NCSU) number 
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and record calls. However, calls were flagged as spam on cell phones, therefore all calls were 

made using personal phones and were not recorded. As such, we made transcriptions whenever 

possible during calls, and kept detailed notes. Interviews ranged from approximately 20 minutes 

to 1.5 hours. All participants were anonymously referred to in terms of their target species and 

sector in our results. All data collection and analyses involving human subjects were conducted 

in compliance with NCSU’s Human Subjects Independent Review Board.  

Integration with MSE 

We synthesized the information obtained from the semi-structured interviews to be 

integrated with an MSE tool. The MSE tool consists of an OM connected with an assessment 

model, and an implementation/projection model. The OM was conditioned to reflect the 

estimates of population and fishery dynamics from the most recent black sea bass and cobia 

stock assessments (SEDAR 56, SEDAR 58), and written in R statistical software (R Core Team 

2022). The assessment model is an integrated statistical catch-at-length model developed by Cao 

et al. (2017) for the Gulf of Maine Northern Shrimp (Pandalus borealis) population in AD 

Model Builder (Fournier et al. 2012); it is a forward-projecting assessment that applies a growth 

transition matrix to the fish (or shellfish) population dynamics to model the probability of fish 

transitioning from one length bin to the next (Chen et al. 2003). The implementation/projection 

model is an extension of the OM that simulates the population forward in time three years, then a 

stock assessment is conducted to model the real-world assessment process, then 

implementation/projection model applies reference points estimated from the assessment to the 

population to simulate the implementation of management procedures, and the process is 

repeated. This forms the complete MSE simulation loop that models the entire management 

scenario. We chose a size-structured framework because most marine stocks in the Southeast US 
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are managed using regulations that are size-based and avoids the need for age-length conversion 

which introduces additional uncertainty into assessment model estimates (Quinn and Deriso 

1999, Cao et al. 2017).   

We emphasize that the purpose of this study is not to present the MSE model in full or its 

results, but rather to demonstrate the ways that semi-structured interviews can be integrated with 

the framework itself. Integration with the framework described above was accomplished by 

synthesizing the interview results to determine the conceptual objectives of commercial and 

recreational fishers in black sea bass and cobia fisheries against which management procedures 

are evaluated and determine the management procedures for simulation testing. We used 

interview responses related to changes in fishing behavior to determine what kind of HCR was 

necessary to capture the functional response of the commercial and recreational fleets to changes 

in the population dynamics within the implementation/projection model. We determined 

management procedures for implementation and simulation testing by reconciling the HCR with 

preferred management measures, i.e., finer-scale tools such as sector allocation and minimum 

size limits. We also used responses to determine performance metrics: the measurements that are 

required to determine whether objectives were met by the management procedure (Plagányi et al. 

2014, Grüss et al. 2016). 

Results 

Responses to interview questions 

Results are organized in the following order: summaries of responses from general 

recreational fishers (if applicable), followed by summaries specific to recreational black sea bass 

and cobia fishers, followed by general commercial fishers (if applicable), followed by summaries 

specific to commercial black sea bass and cobia fishers.  
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In response to Question 1, which asked what was most important to participants about the 

fishery, most recreational fishers voiced that sustainability/conservation and the ability to keep 

fishing seasons open were of utmost importance to them (Table 2). Some recreational fishers 

discussed their concerns: those who fished for cobia specifically cited a reduction in the 

availability of legal-sized fish and importance of larger fish to the fishery (Table 2). Recreational 

black sea bass fishers also identified catching larger fish as being of great importance (Table 2), 

and identified maintaining clean water, fishery sustainability, availability, and equitable harvest 

between recreational and commercial sectors as features important to them (Table 2). 

Commercial both black sea bass and cobia fishers described fishing as a business and necessity 

for their livelihood. In this sense, they summarized what they valued about the fishery in terms of 

how it fit into their business portfolio. However, some commercial black sea bass fishers 

expressed enthusiasm for eating black sea bass, and the sustainability of the fishery (Table 2).  

Table 2. Responses to interview Question 1 by sector (recreational or commercial) and species 

(black sea bass or cobia). Question 1 asks fishers to tell the interviewer what they value most 

about the fishery.  

 

Recreational Black 

Sea Bass 

Recreational Cobia 

 

 

Commercial Black 

Sea Bass 

Commercial Cobia 

Enjoyment/being able 

to get outdoors/Food 

Having year-round 

availability of legal 

fish                 

 

Sustainability/keeping 

it open 

Important seasonal 

bycatch, supplement 

to other fisheries 

Availability during 

cooler months 

Uniqueness of the fish 

and availability  

Important winter 

fishery 

 

Regularly catch 

fish/large individuals 

Maintaining healthy 

stock of larger fish 

Added source of 

income/family 

business 

 

Maintain clear water 

 

 Enjoy eating them  
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Table 2. (Continued) 

Sustainability/legitima

te season (keep it 

open) 

 

   

Equitable harvest    

 

 Question 2 asked participants to choose three conceptual objectives from a list of six that 

we provided: A) “Catching the greatest number of pounds,” B) “Catching the greatest number of 

fish,” C) “Catching the largest size fish,” D) “Maximizing the length of the season,” E) 

“Conservation of the resource,” and E) “Increased access or opportunity within the fishery,” and 

rank each as their first, second and third most-preferred. All participants were encouraged to 

provide any other objectives they thought were missing and rank them if desired. Responses to 

Question 2 provided quantitative summaries of objective prioritization for commercial and 

recreational fisheries by species (Figure 1). We note that not all participants chose to rank 

objectives, providing qualitative answers instead. Recreational black sea bass fishers ranked 

“catching the largest fish,” and “maximizing the length of the season” second and most 

frequently, each with n = 4, and “conservation of the resource” and “increased access or 

opportunity [within the fishery]” third, each with n = 4; another also suggested reducing 

recreational black sea bass discards as an objective but did not rank it. The recreational black sea 

bass fisher who identified as a charter captain explicitly suggested the sustainability and 

optimization of yield as their top-ranked objective. Recreational cobia fishers ranked 

“maximizing the length of the season” first with n = 5, and also second with n = 4, and “catching 

the greatest number of fish” third and most frequently with n = 6; the fisher who identified as a 

charter and headboat captain suggested “consistency of success” as an equally top-ranked 
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objective to “maximize length of the season,” referring to a combination of having enough days 

to fish and enough fish available to be caught. Commercial black sea bass fishers consistently 

ranked “catching the greatest number of pounds'' first (n = 3), followed by “catching the greatest 

number of fish” and “increased access or opportunity [within the fishery]” (n = 2), and nearly all 

options excluding “catching the largest fish” were ranked third by at least one participant (n = 1). 

One commercial black sea bass fisher suggested that one objective should be reducing mortality 

from recreational discarding of black sea bass. The commercial cobia fisher ranked “increased 

access or opportunity [within the fishery]” first, “maximizing the length of the season” second, 

and “catching the greatest number of pounds” third. At least one recreational black sea bass 

fisher ranked each objective first, but “catching the greatest number of pounds” received the 

highest rank (n = 3).  

 
Figure 1. Tallied responses to Interview Question 2 which asks fishers to identify their top three conceptual 

objectives from a list provided by the interviewer. Conceptual objectives were ranked 1st, 2nd or 3rd by commercial 

fishers (left) and recreational fishers (right) for black sea bass (red) and cobia (blue). Options for ranking were A) 

“Catching the greatest number of pounds,” B) “Catching the greatest number of fish,” C) “Catching the largest size 

fish,” D) “Maximizing the length of the season,” E) “Conservation of the resource,” and F) “Increased access or 

opportunity within the fishery.” 
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 Question 3 asked participants to choose three management measures from a list of six 

that we provided: A) “Changing the vessel/trip or bag limits,” B) “Changing the size limits,” C) 

“Changing the size limits to a slot limit,” D) “Seasonal closures,” E) “In-season adjustments to 

vessel/trip or bag limits,” and E) “Changing catch limit allocation among sectors,” and rank them 

as their first, second, and third most-preferred. Interviewers encouraged participants to list any 

additional management measures they preferred and rank them as desired. Question 3 provided 

quantitative summaries of management measures preference for commercial and recreational 

fisheries by species (Figure 2). Recreational black sea bass fishers ranked “change size limits” 

first and most frequently (n = 6), “change size limit to a slot limit” second (n = 5), and “change 

vessel/trip/bag limits,” “change size limits,” and “seasonal closures” third, each with n = 3. 

Recreational cobia fishers generally ranked “change allocation among sectors” first (n = 4), 

“change vessel/trip/bag limits” second (n = 4), “change vessel/trip/bag limits,” “change size limit 

to a slot limit,” and “in-season adjustments to limits” third, each with n = 1. Commercial fishers 

consistently ranked “changing the size limits” first (n = 3), “seasonal closures” second (n = 3), 

and “changing vessel/trip/bag limits” third (n = 2). The commercial cobia fisher did not choose 

to rank any of the six measures first, ranked “changing vessel/trip/bag limits” second, and both 

“changing size limits” and “seasonal closures” third. No additional management measures were 

proposed. 
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Figure 2. Tallied responses to Interview Question 3 which asks fishers to identify their top three management 

measures from a list provided by the interviewer. Management measures were ranked 1st, 2nd or 3rd by commercial 

fishers (left) and recreational fishers (right) for black sea bass (red) and cobia (blue). Options for ranking were A) 

“Changing the vessel/trip or bag limits,” B) “Changing the size limits,” C) “Changing the size limits to a slot limit,” 

D) “Seasonal closures,” E) “In-season adjustments to vessel/trip or bag limits,” and F) “Changing catch limit 

allocation among sectors.” 

 

Question 4 asked participants to describe any changes in their fishing behavior in 

response to past vessel or trip limits, depending on whether they were a commercial or 

recreational fisher. Some recreational fishers expressed hesitation when answering this question. 

They often answered that they followed the regulations, threw small fish back, or did not fish 

during a closure. Other recreational fishers reported that they fished less, targeted other species, 

or promoted more catch and release when trip limits were reduced. Some also expressed that this 

caused them to fish less offshore. A recreational cobia fisher reported that, “I will not run 

offshore and justify the fishing if I can’t come home with enough fish.” Most recreational fishers 

however stated that it caused no change to their behavior, that they followed the regulations, and 

kept fewer fish. Commercial fishers generally cited switching up gear, fishing new areas, or 
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targeting different species when past changes to vessel limits were implemented. Commercial 

black sea bass and cobia fishers reported having to change some aspect of their business 

operations when vessel limits were reduced; for example, the commercial cobia fisher described 

changing the business model to focus on fewer catches of higher quality meat, stating that “you 

need to be able to make it on less and be smart about how to go about it, “ and one commercial 

black sea bass fisher shared that they, “had to work to maximize profits. Used to have two guys 

working on the boat, now we have only one. I’ve cut corners on everything I can. Learned to 

maximize bait and groceries. Pay less a percent to the crew that I used to. Been taking off things 

off expenses, taking tackle out of expenses.” Another commercial black sea bass fisher 

commented on their frustration with past changes to trip limits, “We’ve gone through changes 

and every year we go through a different change. The problem with trip limits is they’re not very 

enforceable. Can tell you from the commercial aspect, if commercial boats were required to carry 

VMS (vessel monitoring system), if they were required to have that, then it would be more 

enforceable...all they can do is look at your fish box, might catch a red snapper violation, but can 

only gauge trip limit when catch is offloaded.”   

Question 5 asked participants to describe any changes in their fishing behavior in 

response to past changes to size limits in their respective sector. Recreational fisher responses 

varied. Some expressed that the greater size limits caused them to fish more to catch their limit, 

and others stated that they, “just didn’t focus on black sea bass as much. But if I’m catching 9/10 

under size, I could be going after something else, I know I can catch.” Some recreational fishers 

expressed concern about handling more fish and increased discard mortality. One cobia angler 

stated that they “gotta handle more fish, so there’s more opportunity for injury to fish and 

angler.” A recreational cobia fisher said that the changes in size limits were confusing, especially 
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near state lines, or that they were disappointed and did not understand the rationale behind 

differing size limits among sectors. Slot limits, which were suggested as a potential management 

measure in Question 3, came up in discussions with both commercial and recreational fishers in 

response to this question. Most commercial fishers were against a slot limit because it would 

forgo yield. Recreational fishers were generally more receptive to slot limits. Some stated that 

they thought it would enable them to focus on retaining larger fish (within the legal range), with 

one angler stating that “if the science supports, I support it”. Others took the opportunity to say, 

“no slot limits.” Commercial fishers generally reported that they let more fish go, changed gear 

to accommodate the new size limits, or had no change. One commercial black sea bass fisher had 

repeatedly expressed that more restrictions would have negative effects for commercial 

fishermen; they said, “fight them [size limit changes] when they come up and they’re proposed. 

Fight them and try to stop them. No size limit when I started.”  

Question 6 asked participants to describe any changes in their fishing behavior in 

response to past seasonal closures. Recreational and commercial fishers for both black sea bass 

and cobia cited fishing less, targeting other species, or not fishing at all. Some recreational 

fishers stated that they were disappointed when closures occurred but noted that their livelihood 

was not at stake; others responded by saying they simply followed the regulations. However, one 

recreational cobia fisher reported that, “If I catch a cobia and it's out of season, he goes in the 

box.” One commercial black sea bass fisher described how they switched fisheries entirely in 

response to closures: “I gill netted instead of black sea bass fishing. Now I can black sea bass 

fish all year. I luckily can fish here in the wintertime for black sea bass now though since 

closures have not happened in a while.” Commercial black sea bass fishers also expressed strong 

opposition to seasonal closures, stating that they wanted to avoid them at all costs.  
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Synthesis of interview results for integration with MSE 

Several responses to Question 1 overlapped with ranked conceptual objectives listed in 

Question 2, therefore we synthesized responses to Questions 1 and 2 to identify a preliminary set 

of conceptual objectives and performance metrics for evaluation in the MSEs (Table 3). 

Additionally, for responses to Questions 2 and 3, we prioritized objectives and management 

measures by the number of times they were selected (highest n) regardless of rank. For 

recreational black sea bass fishers, “catching the most pounds'' was the number-one ranked 

objective in Question 2, however, “catching the largest fish” and “maximize the length of the 

season” were the most frequent responses. Given that recreational black sea bass fisher responses 

to Question 1 included “regularly catch large individuals/fish,” “availability during cooler 

months,” and “sustainability/legitimate season (keep it open)” (Table 2) suggest that the number-

two ranked objectives may be of greater importance. Consequently, we chose all three as 

recreational fishing objectives for evaluation. For performance metrics, we chose to measure 

changes in the median of recreational catch, the proportion of legal-sized fish in the estimated 

population, and the exploitation rate as a proxy for season length (Bohaboy et al. 2022). 

Reducing discards was an additional objective that both a commercial and recreational fisher 

cited but did not rank in response to Question 2. Given the recent increase in the number of dead 

discards in the most recent assessment for black sea bass (SEDAR 56), we included this as an 

additional conceptual objective for both sectors and chose to measure the magnitude of dead 

discards as a performance metric. For commercial black sea bass fishers, “catching the greatest 

number of pounds” was the most common and number one-ranked conceptual objective in 

response to Question 2, and responses to Question 1 included “added source of income/family 

business;” therefore we selected “catching the greatest number of pounds” as the primary 
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commercial fishing objective for the black sea bass MSE. However, commercial catches of black 

sea bass have consistently been lower than the proportion of the total allowable catch allocated to 

the sector (SEDAR 56), suggesting that attaining the TAC may not be a sufficiently realistic 

performance metric, therefore we chose to examine changes in the median of commercial catch. 

For the commercial and recreational cobia fishers, “maximize length of the season” was the 

number one-ranked objective in Question 2, therefore this was selected as the primary 

commercial and recreational fishing objective for the cobia MSE. Additionally, we selected 

“catching the largest fish,” recreational cobia anglers’ number two-ranked objective, as an 

additional recreational fishing objective. We used the same performance metrics identified for 

use in the black sea bass MSE. We chose exploitation rates as a performance metric for both 

commercial and recreational season length, and the proportion of legal-sized fish in the 

population, respectively. Conservation of the resource was not the number one-ranked objective 

in responses to Question 2 for any fishery or sector, however, recreational black sea bass fishers 

consistently ranked it second (Figure 2), and recreational fishers’ responses to Question 1 

suggested it was a high priority, e.g., “maintaining healthy stock of larger fish,” 

“sustainability/keeping it open,” and “sustainability/legitimate season (keep it open)” (Table 2). 

We interpreted these responses to mean that conservation, in the sense of keeping the fishery 

open in the long-term, was an important objective regardless of fishery and sector, therefore, we 

translated this into a conceptual objective designed to avoid fishery closures (SEDAR 56, 

SEDAR 58): maintain spawning stock biomass above the minimum stock size threshold (Table 

3).   
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Table 3. Conceptual objectives and performance metrics derived from participants’ responses to 

interview questions.  

Type of Objective Species Conceptual 

Objective 

 

Performance Metric 

Commercial Fishing Black sea bass Catch the greatest 

number of pounds 

Changes in the median of 

average catch 

Recreational Black sea bass Catch the greatest 

number of pounds 

Changes in the median of 

average catch 

Recreational Black sea bass Catch the largest fish Changes in the median 

proportion of legal-sized fish 

in the population 

Recreational Black sea bass Maximize the length 

of the season 

Changes in the median 

exploitation rate as a proxy 

for season length 

Recreational and 

Commercial Fishing 

Black sea bass Reduce discards Changes in the median of 

average dead discards 

Commercial Fishing Cobia Maximize the length 

of the season 

Changes in the median 

exploitation rate as a proxy 

for season length 

Recreational Fishing Cobia Maximize the length 

of the season 

Changes in the median 

exploitation rate as a proxy 

for season length 

Recreational Fishing  Cobia Catch the largest fish Changes in the median 

proportion of legal-sized fish 

in the population 

Conservation Black sea 

bass/Cobia 

Maintain SSB above 

MSST 

Percent of simulations in 

which SSB remains above 

MSST 

 

We synthesized responses from all questions to determine what HCR and management 

measures should comprise management procedures for implementation and simulation testing. In 

response to Question 3, “changing the size limit” was the highest ranked management measure 

among commercial fishermen and recreational anglers for black sea bass in response to Question 
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2 (Figure 2), and the reduction of discards was cited as a concern by both a commercial 

fisherman and recreational angler in response to Question 2. Additionally, “equitable harvest” 

was mentioned in response to Question 1 by recreational anglers for black sea bass (Table 2). 

Therefore, due to concerns over discards and the inequity in size limits across sectors, we chose 

to explore an 11-inch minimum size limit in both commercial and recreational fisheries, and a 

decrease in dead recreational discards by half (Table 3). Recreational cobia fishers ranked 

“changing allocation among sectors” as their most preferred management measure (Figure 2). 

We chose not to explore any management measures that would change the allocation further in 

favor of the recreational sector given the magnitude of the TAC landed by the recreational fleets. 

In responses to Questions 1 and 4, commercial fishermen for both black sea bass and cobia spoke 

of the value of the fishery in terms of economic importance and changing their business model or 

operations to maximize profits in response to management action (Table 2). This information is 

aligned with the prioritization of yield-based conceptual fishery objectives and is consistent with 

the aim of traditional maximum sustainable yield (MSY)-based management (Kell and 

Fromentin 2007). Therefore, we selected a range of status quo HCRs that are explored in current 

stock assessments, specifically variations of the F-based reference point that will achieve MSY, 

e.g., 𝐹𝑀𝑆𝑌 and fractions of 𝐹𝑀𝑆𝑌, including those with a P* management buffer, for testing in 

both MSEs. Additionally, because the majority of participants cited no change to fishing 

behavior in response to changes to vessel/trip and bag limits, changes to minimum size limits, or 

seasonal closures, we only included the constant catch HCR in the implementation/projection 

model, as opposed to an HCR that includes a functional response in fishing to stock status 

(Berger et al. 2012).  
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We reconciled F-based constant catch HCRs with preferred management measures to 

develop a list of management procedures for implementation (Table 4). For black sea bass, the 

management procedures included a constant catch at 𝐹𝑀𝑆𝑌 with no changes to minimum size 

limits or allocation by sector, 75% 𝐹𝑀𝑆𝑌 with no changes to minimum size limits or allocation by 

sector, 𝐹𝑀𝑆𝑌 with P* = 0.4 with no changes to minimum size limits or allocation by sector, 𝐹𝑀𝑆𝑌 

with P* = 0.38 with no changes to minimum size limits or allocation by sector, 𝐹𝑀𝑆𝑌 with P* = 

0.4 with no changes to minimum size limits, but 50% less catch allocated to discard to simulate 

improved discard practices ergo higher black sea bass discard survival, and 𝐹𝑀𝑆𝑌 with P* = 0.4 

with 11-inch minimum size limits for both recreational and commercial sectors and no change to 

allocation by sector (Table 4). 𝐹𝑀𝑆𝑌 with P* = 0.38 was included in the last two because it was 

the preferred alternative implemented for managing Southeast black sea bass in 2018 (Chip 

Collier, SAFMC, personal communication). For cobia, we chose to test the same four black sea 

bass management procedures without changes to size limits or allocation (Table 4). We chose 

𝐹𝑀𝑆𝑌, 75% 𝐹𝑀𝑆𝑌 and 𝐹𝑀𝑆𝑌 with P* = 0.4 because these are all management procedures used for 

projections in the most recent stock assessments (SEDAR 56, SEDAR 58). After some 

preliminary analyses, we chose to explore some additional management scenarios that combined 

lower rates of F with size-based management measures in search of reference points that could 

optimize achieving recreational management objectives. For black sea bass, this included a 

combination of 75% 𝐹𝑀𝑆𝑌 with improved discard practice, and 75% 𝐹𝑀𝑆𝑌 with an 11-inch 

minimum size limit (Table 4). For cobia, we explored the following additional management 

scenarios: 60% 𝐹𝑀𝑆𝑌 and 50% 𝐹𝑀𝑆𝑌 with no changes to size-based management measures, and 

75% 𝐹𝑀𝑆𝑌 with a 33-inch minimum size limit for the recreational sectors. We chose to explore a 

33-inch size limit because the size limit was raised in North Carolina during 2016 and 2017, and 
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in Georgia during 2018. For North Carolina, increasing the size limit was in response to reported 

overharvest, but as of the 2020 assessment, the stock abundance was estimated to be higher than 

was initially thought during that timeframe (SEDAR 58).  

Table 4. Management scenarios by management procedure, including harvest control rule and 

any changes to management measures by species: black sea bass (BSB) and cobia (COB).  

 

Management procedure 

(HCR + management 

measures) 

Species 

 

Management scenario name 

𝐹𝑚𝑠𝑦  

– constant catch, no change to 

management measures 

 

BSB BSB FMSY 

75%𝐹𝑚𝑠𝑦  

– constant catch, no change to 

management measures 

 

BSB BSB 75FMSY 

𝐹𝑚𝑠𝑦 with P* = 0.4  

– constant catch no change to 

management measures, 

 

BSB BSB P40 

𝐹𝑚𝑠𝑦 with P* = 0.38  

– constant catch, no change to 

management measures 

 

BSB BSB P38 

𝐹𝑚𝑠𝑦 with P* = 0.38 and 50% 

reduction in discard F 

– constant catch, no change to 

management measures 

 

BSB BSB P38 HD 

𝐹𝑚𝑠𝑦 with P* = 0.38  

– constant catch, 11-inch 

recreational minimum size 

limit 

 

BSB BSB P38 SL 

75%𝐹𝑚𝑠𝑦 and 50% reduction 

in discard F 

– constant catch, no change to 

management measures 

 

BSB BSB 75FMSY HD 

75%𝐹𝑚𝑠𝑦  

 

 BSB 75FMSY SL 
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Table 4. (Continued) 

– constant catch, 11-inch 

recreational minimum size 

limit 

 
𝐹𝑚𝑠𝑦  

– constant catch, no change to 

management measures 

 

COB COB FMSY 

75%𝐹𝑚𝑠𝑦  

– constant catch, no change to 

management measures 

 

COB COB 75FMSY 

𝐹𝑚𝑠𝑦 with P* = 0.4  

– constant catch, no change to 

management measures 

 

COB COB P40 

𝐹𝑚𝑠𝑦 with P* = 0.38  

– constant catch, no change to 

management measures 

 

COB COB P38 

60%𝐹𝑚𝑠𝑦 

– constant catch, no change to 

management measures 

 

COB COB 60FMSY 

50%𝐹𝑚𝑠𝑦 

– constant catch, no change to 

management measures 

 

COB COB 50FMSY 

75%𝐹𝑚𝑠𝑦  

– constant catch, 33-inch 

recreational and commercial 

minimum size limit 

 

COB COB 75FMSY SL 

 

Discussion 

Using information obtained from semi-structured interviews with stakeholders, we were 

able to identify conceptual objectives and preferred management measures, and develop 

candidate management procedures for implementation and simulation testing; these constitute 

several elements of the MSE participatory modeling framework outlined by Goethel et al. 
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(2019), and represent several key features of stakeholder engagement in MSE regardless of 

timetable (Punt et al. 2016, Deroba et al. 2019, Feeney et al. 2019). Our study demonstrates that 

conducting semi-structured interviews with stakeholders, specifically commercial fishermen and 

recreational anglers, in tandem with MSE tool development is a viable intermediate approach to 

a full MSE when direct stakeholder participation in MSE is not feasible.  

Our study was not without some shortcomings. Without iterative stakeholder 

participation and feedback, we had to translate information obtained from interview responses 

into information that could be used in the MSE tool. The compartmentalization and distillation of 

information obtained from fishers is an ongoing concern in resource management (Holm 2003) 

and who is doing the translating, and how the information is put to use by resource managers and 

scientists matters, therefore we must look critically at the translation process (Murray et al. 

2005). Our participants chosen during the first phase was largely based on snowball sampling, 

however, most participants were recreational fishers who were chosen using a statistical 

sampling framework during Phase II. Most landings in Southeast marine fisheries come from 

recreational fishing (Shertzer et al. 2019), therefore we believe our approach was equitable. 

Another challenge in integrating experiential knowledge with quantitative frameworks is that it 

requires a process designed to receive it (Nadasdy 1999, Stephenson et al. 2016, Steins et al. 

2020); the design of our MSE tool and initial testing precluded the exploration of certain 

management scenarios that could have been developed from interview responses. For example, 

recreational black sea bass anglers ranked “changing the size limit to a slot limit” as their second 

most-preferred management procedure in Question 3 (Figure 2), and slot limits were the subject 

of much discussion in response to Question 5 (see Results). During initial testing of the MSE 

tool, we modified fishery selectivity in the OMs and implementation/projection model to reflect 
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the implementation of a slot limit but could not obtain convergent model results. Similarly, 

although “seasonal closures” was the third most-preferred management procedure for both 

recreational black sea bass and cobia anglers (Figure 2), this conflicted with our goal of 

conditioning the OMs to reflect the most recent stock assessment estimates for black sea bass 

and cobia, which used non-seasonal models (SEDAR 56, SEDAR 58). We also acknowledge 

some sampling bias. In choosing fishers who have participated in the black sea bass and cobia 

fisheries for 10 or more years, we exclude those who may have exited either fishery due to past 

management actions. By selecting participants with long histories of fishing however, we may 

avoid the ‘shifting baseline syndrome’ sometimes associated with newer entrants to the fishery 

whose experience with fisheries management may be limited (Murray et al. 2010). We also 

acknowledge a heavy skew toward private anglers in terms of recreational fisher participation in 

interviews. Charter and headboat operations are an important component of recreational fishing 

economies in the Southeast US, and the captains, crew and clients are likely to have different 

motivations and perspectives concerning each fishery. Moreover, for black sea bass, private 

angling comprises the greatest proportion of landings and fishing mortality (SEDAR 56). For 

cobia, landings data and fishing mortality are aggregated by general commercial and recreational 

fleets (SEDAR 58), but MRIP catch estimates suggest that private angling and charter boats are 

equally responsible for the majority of fishing mortality in the Southeast US (National Marine 

Fisheries Service Fisheries Statistics Division, personal communication). Additionally, we 

focused on fishermen participating in the commercial pot fishery for black sea bass because it is 

the dominant source of fishing mortality in the commercial sector (SEDAR 56). This introduces 

a bias toward views of the commercial black sea bass pot fishery in commercial black sea bass 



   

86 

 

responses. However, few fishers attended SEDAR 56, and those that did were participants in the 

commercial pot fishery. 

One of the key features of MSE is the ability to identify tradeoffs associated with each 

management procedure (Bunnefeld et al. 2011, Punt et al. 2016). Many of the management 

procedures chosen for simulation testing based on the interview results were MSY-based, which 

have often failed to meet recreational objectives (Miller et al. 2010, Idhe et al. 2011). 

Recreational fisheries remain the dominant source of fishing mortality in the Southeast US 

(Shertzer et al. 2019), therefore, it is vital to engage with fishery stakeholders, specifically those 

from recreational sectors, to determine where those tradeoffs may occur. New intermediate 

approaches to engaging stakeholders and utilizing their data in MSE are being pioneered to 

determine whether management strategies meet recreational objectives (Bellquist et al. 2022). 

Although labor-intensive, our study represents a cost-effective alternative intermediate 

framework for stakeholder engagement in MSE. We anticipate that these approaches will 

become increasingly necessary as recreational fisheries outgrow commercial fisheries 

(Arlinghaus et al. 2019) and the cost of government implementation of MSE remains high 

(Aranda & Motos 2006). 
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CHAPTER 4 

Introduction 

 

Fishery resources have historically been managed based on the theory of maximum 

sustainable yield (MSY) (Schaefer 1991). The concept is designed to ensure that fisherman 

maximize the weight of their catch in the long term (Kell and Fromentin 2007). Although MSY 

may be an ideal management objective for commercial fishing, it is not necessary the most 

desired objective for recreational fishing, where fishermen are more focused on abundance and 

size, the opportunities to fish, and stable management measures (Pitcher and Hollingworth 

2008). Therefore, MSY-based management may not address the priorities of recreational 

fishermen, making it an ineffective strategy for managing recreational fisheries (Miller et al. 

2010; Ihde et al. 2011). This is an issue of particular concern in the Southeast US Atlantic region 

where recreational fisheries play an important role (Coleman et al. 2004) and is the dominant 

source of fishing mortality (Shertzer et al. 2019).  

There are very few studies that have focused on developing management strategies and 

objectives dedicated to recreational fisheries, in part due to the lack of theoretical and analytical 

solutions. Catch-related drivers of recreational fishermen’s satisfaction, a strong predictor of 

management preference, include catch rates, size and number of fish caught (Birdsong et al. 

2021). In practice, alternative management strategies have been used for managing recreational 

fisheries, e.g., a catch-rate-based approach is implemented for Atlantic striped bass by the 

Atlantic States Marine Fisheries Commission. However, the performance of this management 

approach has never been tested, and questions have been raised regarding its effectiveness. 

Adopting an untested harvest strategy can lead to ineffective management or even management 

failure. A simulation approach that allows the managers to examine the outcomes of proposed 
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management strategies against a variety of management objectives would greatly increase the 

likelihood of effective and successful management.  

Management strategy evaluation (MSE) has been increasingly used in the field of fishery 

science to evaluate the outcomes of management measures given uncertainty (Smith et al. 1999; 

Bunnefeld et al. 2011; Punt et al. 2016; Ono et al. 2017). MSE is a closed-loop simulation 

framework that attempts to model the entire management system (Punt et al. 2016), including an 

operating model which describes the true states of nature (e.g., stock dynamics), an observation 

model which simulates the data, a stock assessment model, and management implementation that 

feeds back to affect the stock. MSEs have been used to examine various aspects of the 

management system, e.g., performance of the stock assessment model, uncertainties, and 

alternative management measures (Punt and Donovan 2007; Punt and Hobday 2009). One of the 

key features of MSE is the ability to identify tradeoffs associated with each management 

strategy, aka procedure (Bunnefeld et al. 2011, Punt et al. 2016).  

Few studies have sought to evaluate the performance of recreational management 

measures against recreational fishing objectives in a simulation framework: van Poorten and 

MacKenzie (2019) used decision analysis to compare the performance of measures relative to 

angler utility vs. conservation in a simulated kokanee (Oncorhyncus nerka) population; 

Melnychuk et al. (2021) used a combination of stated-preference surveys and bioeconomic 

models to identify an optimal recreational management policy for Atlantic Florida red snapper 

(Lutjanus campechanus), and Oregon Pacific halibut (Hippoglossus stenolepis) recreational 

fisheries; and Bohaboy et al. (2022) used decision analysis to explore the effects of harvest slot 

limits and reduced recreational discard mortality in a simulated population of Gulf of Mexico red 

snapper (L. campechanus). Zhang et al. (2018) have been developing an age structured MSE tool 
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for Gulf of Mexico red snapper based on feedback from iterative stakeholder engagement, but no 

such tool has been developed or used to test recreational management strategies in the Southeast 

Atlantic region.  

There are several challenges associated with the potential development of an MSE tool 

for Southeast Atlantic US marine stocks. A recent study conducted by Holder et al. (2020) 

synthesized 100 research questions to consider for future management of recreational fisheries, 

of which several pertained to the effects of fishing on certain sizes of fish, i.e., how the number 

of dead discards would be influenced by changes to size limits, the strengths and weakness of 

fishing on smaller or larger fish, what are the potential impacts on size structure resulting from 

recreational fishing pressure, e.g., recruitment overfishing and impacts to spawning potential, 

compared to those from commercial fishing. Indeed, most marine fisheries in the Southeast 

Atlantic US region are managed using a combination of MSY-based harvest control rules and 

size-based management measures. Therefore, to address these challenges, we propose a size 

based MSE framework to test management strategies designed to achieve recreational objectives. 

. A size structured framework can be used to answer several of the research questions outlined by 

Holder et al. (2020), model the size-based management measures used in Southeast Atlantic US 

marine fisheries, and avoids the need for age-length conversion which introduces additional 

uncertainty into assessment model estimates (Quinn and Deriso 1999, Cao et al. 2017).   

The goals of this project were to develop and apply a MSE tool to evaluate the 

performance of proposed management strategies against a variety of management objectives, 

with a focus on distinct objectives of recreational fisheries, evaluate tradeoffs between 

recreational and commercial fisheries where they occur, and forecast changes in the fishery, i.e., 

catch, stock abundance, recruitment, and spawning stock biomass (SSB). We applied the MSE 
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tool to two marine fisheries in the Southeast United States: the Southeast black sea bass 

(Centropristis striata) and Atlantic cobia (Rachycentron canadum) fisheries. We chose these two 

fisheries for our case study to compare interview results and integration with MSE across 

fisheries with different degrees of recreational use and different life histories. 

Methods 

 

Case Study Background Information 

 

Currently, both black sea bass and cobia fisheries’ recreational sectors are made up of 

private recreational anglers and the for-hire recreational fleet, i.e., private charter vessels and 

headboats, and there exists at least one commercial fishery (SEDAR 56, SEDAR 58). The 

management procedure used to set total allowable catch (TAC) for both black sea bass and cobia 

fisheries is a constant catch harvest control rule (HCR) based on a fishing mortality (F) reference 

point and is regulated using management tools such as minimum size limits, vessel/trip limits, 

bag limits and seasonal closures (SEDAR 56, SEDAR 58). Southeast black sea bass fisheries are 

managed using an 11-inch size limit and vessel limits in the commercial sector, and a 13-inch 

size limit and combination of bag limits and trip limits for the recreational sector, respectively 

(SEDAR 56). The TAC for black sea bass is allocated nearly equally (50-50) between 

commercial and recreational sectors, but in recent years, commercial fisheries have not attained 

their allocation, recreational fishing, primarily from private angling, has become the dominant 

source of mortality and the magnitude of dead discarded fish from the recreational sectors has 

greatly increased (Rudershausen et al. 2014, SEDAR 56). Black sea bass are a largely sedentary 

reef fish and are protogynous hermaphrodites (SEDAR 56). The Southeast Atlantic cobia 

commercial fishery, an incidental bycatch fishery, is managed using a 33-inch size limit and 

vessel limits, while the recreational fishery is managed using a 36-inch size limit and bag limit 
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(SEDAR 58). As of the 2019 stock assessment, the commercial fleet is allocated less than 10% 

of the TAC, and the recreational fleets over 90% (SEDAR 58). During the past 10 years 

however, the recreational fleets have landed more than 95% of the cobia TAC (SEDAR 58). 

Cobia are a shorter-lived, fast-growing species with complex migratory patterns (Gallagher 

2020, SEDAR 58).  

Operating Model Description  

 

Table 1. Summary of Operating Model (OM) terms in the order that they appear in equations 1-

22. 

 

Symbol Description 

 
 

k Length  
y Year  
f Fleet  
𝑁𝑦,𝑘 Abundance in numbers of fish in year y and at size class k  

𝑀𝑦,𝑘 Natural mortality in year y and at size k  

𝐹𝑓,𝑦,𝑘 Fishing mortality scaled by selectivity for fleet f in year y at size k  

𝐺𝑦 Growth transition matrix for year y   

𝑅𝑦,𝑘 Recruitment in year y and size class k  

𝑁𝑖𝑛𝑖𝑡 Initial total abundance  
𝑃𝑖𝑎𝑘 Initial length composition  
𝑅𝑦 Realized recruitment in year y   

𝑅𝑝𝑟𝑜𝑘 Proportion of fish recruited to size class k  
�̅� Average estimated recruitment   
𝑅𝑑𝑒𝑣𝑦 Recruitment deviations  

𝜎𝑅  Coefficient of variation for recruitment deviations  

𝑆𝑆𝐵𝑦 Spawning stock biomass in year y  

𝑝𝑠𝑠𝑏 Proportion of total mortality that occurred before spawning  
𝑍𝑦,𝑘 Total mortality in year y and size class k  

𝑊𝑦,𝑘 Weight in year y and size class k  

𝑃𝑦,𝑘 Proportion of fish female/mature in year y and size class k  

𝐹𝑒𝑐𝑦,𝑘 Fecundity in year y and length class k  

𝑤𝑎 Weight-length relationship parameter  
𝑤𝑏 Weight-length relationship parameter  
𝑓𝑎 Parameter of fecundity function  
𝑓𝑏 Parameter of fecundity function  
𝐿50% Parameter of maturity function; length at 50% maturity  
𝐿𝑘 Length at size k  
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Table 1. (Continued)   
𝐼𝑛𝑡𝑒𝑟𝑦 Parameter of maturity function; interquartile range of size bins  

𝐹50% Length at which 50% of fish are female (black sea bass-only)  
𝛥𝐿𝑘 The growth increment   
𝐿∞ Parameter of von Bertalanffy growth function  
K Parameter of von Bertalanffy growth function  
𝜎𝐿∞

 Parameter of von Bertalanffy growth function  

𝜎𝐾 Parameter of von Bertalanffy growth function  
𝜌  Parameter of von Bertalanffy growth function  
low Minimum length of size bin  
up Maximum length of size bin  
𝑤𝑦 Weighting factor for natural mortality by year  

𝑤𝑘 Weighting factor for natural mortality by length  
𝐹𝑓,𝑦 Fishing mortality by fleet f in year y  

𝑆𝑓,𝑦,𝑘 Selectivity for fleet f in year y at length k  

𝐹𝑑𝑒𝑣𝑓,𝑦 Fishing mortality deviations for fleet f in year y  

𝑠𝑙1 Logistic selectivity parameter  
𝑠𝑙2 Logistic selectivity parameter  
𝑠𝑑𝑙1 Double logistic (“dome shaped”) selectivity parameter  
𝑠𝑑𝑙2 Double logistic (“dome shaped”) selectivity parameter  
𝑠𝑑𝑙3 Double logistic (“dome shaped”) selectivity parameter   
𝑠𝑑𝑙4 Double logistic (“dome shaped”) selectivity parameter  
𝑠𝑖𝑛𝑑1 Log-scale survey selectivity parameter  
𝑠𝑖𝑛𝑑2 Log-scale survey selectivity parameter  
𝐶𝑓,𝑦,𝑘 “Catch,” i.e., landings or dead discards by fleet f in year y and size 

class k 
 

𝐼𝑦  Survey index of abundance in year y  

𝑞 Catchability coefficient for survey index  
indmonth The month during which the survey begins  
𝑆𝑖𝑛𝑑,𝑦,𝑘 Survey index selectivity in year y and size k  

𝐼𝑦
𝑝𝑟𝑒𝑑

 Estimated abundance index in year y  

𝐼𝑦
𝑜𝑏𝑠 Observed abundance index in year y  

𝜎𝐼
𝑜𝑏𝑠 Coefficient of variation for survey index  

𝑞𝑓,𝑦 Catchability for index  

𝐸𝑆𝑆 Effective sample size  
   

 

The operating model was designed to simulate population dynamics and fisheries of 

black sea bass or cobia and was developed using R Statistical Software (R Core Team, 2021).  

Size structured population dynamics are projected forward in time using: 
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𝑁𝑦,𝑘 = 𝑁𝑦−1,𝑘𝑒−(𝑀𝑦−1,𝑘+∑ 𝐹𝑓,𝑦−1,𝑘𝑓 )𝐺𝑦−1 + 𝑅𝑦𝑅𝑝𝑟𝑜𝑘      (1),  

where abundance in each year y and size bin k, 𝑁𝑦,𝑘, is calculated from abundance in the 

previous year that survived natural mortality M and fishing mortality F summed over all fleets f 

multiplied by a growth transition matrix G with added recruitment R multiplied by a vector of 

size bins 𝑅𝑝𝑟𝑜𝑘 to which proportions of recruitment are assigned. Abundance in the first year 

𝑁1 is calculated from a starting value for total population size 𝑁𝑖𝑛𝑖𝑡 in the first year of the OM 

and multiplied by a vector of proportions 𝑃𝑖𝑎𝑘 that assigns initial abundance to size bins: 

𝑁1 =  𝑁𝑖𝑛𝑖𝑡𝑃𝑖𝑎𝑘          (2). 

 Recruitment 𝑅𝑦,𝑘 is assumed to enter the population at the start of the year y and to size 

bins k as the product of recruitment 𝑅𝑦 and a vector of size bins 𝑅𝑝𝑟𝑜𝑘 to which fish recruit: 

𝑅𝑦,𝑘 =  𝑅𝑦𝑅𝑝𝑟𝑜𝑘          (3). 

Recruitment may be simulated as a product of mean recruitment �̅� and annual deviations from 

mean recruitment 𝑅𝑑𝑒𝑣𝑦: 

𝑅𝑦 =  �̅�𝑒𝑅𝑑𝑒𝑣𝑦−
𝜎𝑅

2

2           (4), 

where 𝜎𝑅
2 is the standard deviation for recruitment deviations and there is no functional 

relationship to spawning stock biomass (SSB)  

 SSB for each year 𝑆𝑆𝐵𝑦 measures the number of mature females in weight and is 

calculated as the product of abundance at size 𝑁𝑦,𝑘 that survived total mortality before spawning 

𝑝𝑆𝑆𝐵𝑍𝑦,𝑘, the weight at length matrix 𝑊𝑦,𝑘, the matrix of the proportion of mature female fish at 

size 𝑃𝑦,𝑘 summed over all lengths k: 

𝑆𝑆𝐵𝑦 = ∑ 𝑁𝑦,𝑘𝑒−𝑝𝑆𝑆𝐵𝑍𝑦,𝑘𝑊𝑦,𝑘𝑘 𝑃𝑦,𝑘         (5). 

𝑆𝑆𝐵𝑦 may also be calculated as the number of eggs:  
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𝑆𝑆𝐵𝑦 = ∑ 𝑁𝑦,𝑘𝑒−𝑝𝑆𝑆𝐵𝑍𝑦,𝑘
𝑘 𝑃𝑦,𝑘𝐹𝑒𝑐𝑦,𝑘        (6), 

where 𝐹𝑒𝑐𝑦,𝑘 is the fecundity in year y and size bin k. Weight 𝑊𝑦,𝑘 is calculated from two-

parameter exponential weight-length model relating fish body weight to length as follows: 

𝑊𝑦,𝑘 =  𝑒𝑤𝑎+𝑤𝑏×log (𝐿𝑘)         (7), 

where 𝑤𝑎 and 𝑤𝑏 are parameters and 𝐿𝑘 is the length in size bin k in millimeters (mm). 

Fecundity is similarly calculated by relating fish fecundity to body weight using an exponential 

function:  

𝐹𝑒𝑐𝑦,𝑘 = 𝑒𝑓𝑎+𝑓𝑏×log (𝑊𝑦,𝑘)         (8), 

where 𝑓𝑎 and 𝑓𝑏 are model parameters. The proportion of mature female fish 𝑃𝑦,𝑘 is calculated 

using a logistic function:  

𝑃𝑦,𝑘 =  
1

1+𝑒
[
−2log (3)

𝐼𝑛𝑡𝑒𝑟𝑦
 ×(𝐿𝑘−𝐿50%)]

         (9),  

where 𝐿50% is the length at 50% maturity and 𝐼𝑛𝑡𝑒𝑟𝑦 is the interquartile range of lengths 𝐿𝑘. The 

OM can also accommodate species with sequential hermaphroditism, e.g., protogyny, by 

modeling the proportion mature as a double-logistic function for dome-shaped maturity 

dynamics:  

𝑃𝑦,𝑘 =  
1

1+𝑒
[
−2log (3)

𝐼𝑛𝑡𝑒𝑟𝑦
 ×(𝐿𝑘−𝐿50%)]

 × 1 −
1

1+𝑒
[
−2log (3)

𝐼𝑛𝑡𝑒𝑟𝑦
 ×(𝐿𝑘−𝐹50%)]

     (10),  

in which 𝐹50%is the size at which 50% of females have transitioned to male.  

 The growth transition matrix is modeled assuming the expected growth increment 

follows a Von Bertalanffy growth function (Cao et al. 2017a). The distribution of the growth 

increment follows a normal distribution with mean 𝐸(𝛥𝐿𝑘) and variance 𝑉𝑎𝑟(𝛥𝐿𝑘) calculated as 

follows (Chen et al. 2003):  

𝐸(𝛥𝐿𝑘) = (𝐿∞ − 𝐿𝑘)(1.0 − 𝑒−𝐾)        (11),  
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𝑉𝑎𝑟(𝛥𝐿𝑘) = 𝜎𝐿∞

2 (1.0 − 𝑒−𝐾)2 + (𝐿∞ − 𝐿𝑘)2𝜎𝐾
2𝑒−2𝐾 

-2𝜌(1 − 𝑒−𝐾) (𝐿∞ − 𝐿𝑘)𝑒−𝐾        (12),  

where 𝐿∞, K, 𝜎𝐿∞
, 𝜎𝐾 , and the correlation between 𝐿∞ and K, 𝜌, are the growth model 

parameters. 𝑃𝑝𝑘→𝑘+1, the probability of a fish growing from size bin k to another size bin, is 

calculated using:  

𝑃𝑝𝑘→𝑘+1 = ∫ 𝑓(𝑥|𝐸(𝛥𝐿𝑘), 𝑉𝑎𝑟(𝛥𝐿𝑘))𝑑𝑥
𝑢𝑝

𝑙𝑜𝑤
       (13), 

where low and up represent the first and last size bins, respectively. These values make up the 

growth transition matrix, 𝐺𝑦.  

Natural mortality M can be assumed constant or weighted by a size factor 𝑤𝑘 or year 

factor 𝑤𝑦 as follows:  

𝑀𝑦,𝑘 =  𝑤𝑦𝑤𝑘𝑀          (14). 

Fishing mortality F is separable by fleet f and modeled as the product of F and selectivity at size 

by fleet 𝑆𝑓,𝑦,𝑘: 

𝐹𝑓,𝑦,𝑘 = 𝐹𝑓,𝑦𝑆𝑓,𝑦,𝑘          (15).  

Log deviations from annual values of F log(𝐹𝑑𝑒𝑣𝑓,𝑦) can be input directly or modeled as the 

difference from the previous year’s F:  

log(𝐹𝑑𝑒𝑣𝑓,𝑦) = log(𝐹𝑓,𝑦) − log(𝐹𝑓,𝑦−1)       (16),  

and fleet selectivities can be either logistic/flat-topped or double logistic/dome-shaped:  

𝑆𝑓,𝑦,𝑘 =  
1

1+𝑒(𝑠𝑙1−𝐿𝑘)𝑠𝑙2
          (17),  

𝑆𝑓,𝑦,𝑘 =  [
1

1+𝑒(𝑠𝑑1−𝐿𝑘)𝑠𝑑2
 ]× [1 −

1

1+𝑒(𝑠𝑑3−𝐿𝑘)𝑠𝑑4
 ]      (18),  

where the logistic equation requires two parameters: 𝑠𝑙1, the size at 50% selection and 𝑠𝑙2, the 

slope parameter. The double logistic requires four parameters, 𝑠𝑑1 and 𝑠𝑑2 that correspond to the 
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size at 50% selection and upward slope of the dome, and 𝑠𝑑3 and 𝑠𝑑4 that correspond to the size 

and slope that describe the right side of the dome.  

 Annual catch by size and fleet 𝐶𝑓,𝑦,𝑘 is modeled using the Baranov catch equation 

(Baranov 1918) where catch is a function of the abundance at size that does not survive the 

proportion of total mortality that is due to fishing. These comprise the landings from commercial 

and recreational fleets, and dead discards in the discard “fleet”: 

𝐶𝑓,𝑦,𝑘 =
𝐹𝑓,𝑦,𝑘

∑ 𝐹𝑓,𝑦,𝑘+𝑀𝑦,𝑘𝑓
[1 − 𝑒∑ 𝐹𝑓,𝑦,𝑘+𝑀𝑦,𝑘𝑓 ]𝑁𝑦,𝑘      (19).  

A single annual survey index 𝐼𝑦  is simulated as the product of survey gear catchability 𝑞, 

abundance at size that is vulnerable to the gear, and index selectivity 𝑆𝑖𝑛𝑑: 

𝐼𝑦 = 𝑞 ∑ 𝑁𝑦,𝑘𝑘 [1 − 𝑒−(
𝑖𝑛𝑑𝑚𝑜𝑛𝑡ℎ

12
)𝑍𝑦,𝑘] 𝑆𝑖𝑛𝑑,𝑦,𝑘      (20), 

and index selectivity can be modeled as a logistic or double logistic function.  

Using R’s pseudo-random number generator functions rlnorm() and rmultinom(), lognormal (21) 

and multinomial observation error (22) can be added to the simulated index and catch data, and 

length composition data, respectively:  

ln(𝑃) = −ln (√2𝜋𝜎𝐼
𝑜𝑏𝑠) − ln(𝐼𝑜𝑏𝑠) −

[ln(𝐼𝑜𝑏𝑠)−ln(𝐼𝑝𝑟𝑒𝑑)]
2

2(𝜎𝐼
𝑜𝑏𝑠)2

     (21), 

ln(𝑃) = ln(𝐸𝑆𝑆!) − ∑ (𝑥𝑘!) + 𝐸𝑆𝑆 ∑ 𝑝𝑘
𝑜𝑏𝑠

𝑘𝑘 ln (𝑝𝑘
𝑝𝑟𝑒𝑑

)     (22).  

Operating Model Conditioning  

 

We conditioned each OM to reflect the life history processes, population dynamics, and 

fisheries captured by the most recent stock assessments, SEDAR 56 and SEDAR 58, for black 

sea bass and cobia, respectively. For black sea bass, the OM simulated data during 1990-2017 

and a population across 17 size bins at 25 mm growth increments. Three fishery fleets were 

simulated: a general commercial fleet with logistic selectivity, a general recreational fleet with 
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logistic selectivity, and dead discard fleet with dome-shaped selectivity (Table 2). Catches were 

assumed to be approximately known without error (cv = 0.05). One survey index was simulated 

to model the Southeast Reef Fish Survey (SERFS) integrated video camera and trap (CVID) 

index (Bacheler and Ballenger 2018) with logistic selectivity and lognormal observation error 

with a cv of 0.27 based on assessment estimates (SEDAR 56). We chose the 1990-2017 time 

series to begin at the same time as the CVID index and when size limit-driven changes in 

selectivities stabilized – this allowed the use of single sets of parameters across selectivity 

functions for simplicity. For observation error in black sea bass length compositions in catch and 

the survey, we chose an effective sample size (ESS) of 100. For cobia, the OM simulated data 

during 1986-2017, the complete time series of data used in the assessment, and a population 

across 25 size bins at 50 mm growth increments. Two fishery fleets were simulated: the 

commercial bycatch fleet with logistic selectivity, and the general recreational fleet with logistic 

selectivity. Catches were assumed to be approximately known without error (cv = 0.05). One 

survey index was simulated to model the NOAA Southeast Region Headboat Survey with 

logistic selectivity. For observation error in cobia length compositions in catch and the survey, 

we chose an effective sample size (ESS) of 100. Both SEDAR 56 and 58 were conducted using 

the Beaufort Assessment Model (BAM), a forward-projecting, integrated statistical catch-at-age 

model, therefore certain age to length conversions were required to parameterize the black sea 

bass OM. When size-based estimates or information were not available, the VBGF and estimates 

of abundance at size were used to make informed guesses, otherwise scientific literature was 

consulted to fill in parameter gaps (Table 2).    
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Table 2. Summary of functions, parameters, and simulated data to condition black sea bass 

(BSB) and cobia (COB) operating models. Conditioning is based on assessment model 

configuration, estimated parameters, and model outputs from the most recent BSB assessment 

(SEDAR 56) and cobia assessment (SEDAR 58) unless otherwise noted in the Notes column.   

 

Item BSB COB  Notes 

 

Years covered 1990-2017 1986-2017  BSB – time series selected after 

fleet and index selectivities 

stabilized 

 

Lengths 100-500 mm 250-1500  BSB – user decision; COB - based 

on size bins in Brown-Peterson et 

al. (2011)  

     

Length bins 25 mm 50 mm   

     

     

Weight at length Exponential 

function 

Exponential 

function 

  

 

 

Weight length 

parameters 

 

-9.9, 2.8 -13, 3.4  BSB – Wenner et al. (1986); COB 

– Smith (1995) 

Maturity function Double 

logistic; 

proportion 

female 

Logistic; 

proportion 

female 

  

     

Maturity parameters 250 mm, 

inter,  

125 mm, 

inter   

500 mm, inter  BSB – Mercer (1989); COB – 

SEDAR 28 

 

Fecundity function 

(BSB only) 

Logistic  N/A  BSB assessment measures SSB in  

eggs; COB assessment measures 

SSB in mature individuals 

 

Fecundity parameters 

(BSB only) 

 

7.69, 0.0053 N/A  BSB – Klibansky and Scharf 

(2011) 

Natural Mortality Constant at 

0.38 

Constant at 

0.276 

 COB – SEDAR 28 

Fishery selectivity 

functions 

 

 

Logistic/flat-

topped for 

commercial, 

recreational,  

Logistic/flat-

topped for 

commercial  
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Table 2. (Continued)  

dome-shaped 

for discard 

 

 

and 

recreational 

Fishery selectivity 

parameters 

 

200 mm, 2.0; 

200 mm, 2.0, 

400 mm, 2.0 

800 mm, 3.74   

Commercial Fishing 

Mortality 

 

Sum of 

commercial 

F over all 

fleets 

Input directly   

Recreational Fishing 

Mortality 

 

Sum of 

recreational 

F over all 

fleets 

Input directly   

Discard Fishing 

Mortality 

 

Input directly N/A   

F devs (all fleets) 

 

Generated 

based on 

deviation 

from 

previous 

year’s F 

 

Generated 

based on 

deviation from 

previous year’s 

F 

 

  

Growth 

 

Growth 

transition 

matrix based 

on VBGF 

Growth 

transition 

matrix based 

on VBGF 

 Based on methods of Cao et al. 

(2017a) and Chen et al. (2003). 

     

VBGF 𝐿∞ 

 

 

530 mm 1500 mm   Set slightly higher than assessment 

estimates due to size-structured 

assessment requirements 

VBGF 𝜎𝐿∞
 

 

159 mm 174 mm   

VGBF K 

 

0.173 0.3086   

VBGF 𝜎𝐾 0.052 0.036 

 

  

VBGF ρ 0.7 0.7  User-specified to reflect high 

covariation between 𝐿∞ and K 

Initial condition First-year 

length 

composition 

assumed in 

the model 

First-year 

length 

composition 

assumed in the 

model 

 Based on estimated VBGF and age 

compositions estimated in most 

recent assessments.  
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Table 2. (Continued)     
Initial abundance 2.4 × 106 6.5 × 107  Assessment estimate of total 

abundance in first year (1990 for 

BSB, 1986 for COB) 

     

Spawner-recruitment 

relationship 

 

No 

functional 

relationship 

No functional 

relationship 

  

Recruitment lengths 100-125 mm 250-350 mm  Based on VBGF and age 

composition 

 

 

Initial mean 

recruitment  
6.5 × 107 1.33 × 106  Estimates of R0 

 

 

Recruitment 

deviations 

Input to 

model 

Input to model   

     

Recdev sd 0.29 0.532  Calculated from recruitment 

deviations 

     

Spawning stock 

biomass 

 

Number of 

eggs 

Number of 

mature females 

 

  

SSB month 

 

 

March June  COB – based on Brown-Peterson 

et al. (2001)  

Survey Index 

 

 

CVID Headboat 

Survey 

  

Survey selectivity 

function 

 

Logistic/flat-

topped 

Logistic/flat-

topped 

  

Survey selectivity 

parameters 

200 mm, 

3.41 

800 mm, 3.74  Estimated parameters were 

approximately equal to those in 

fishery selectivity and OM only 

allows one set of parameters per 

function 

 

Survey catchability 0.000001 0.000002   

Survey index month 

 

May May   

Survey cv 0.27 0.22   

     

Catch cv 0.05 0.05   
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Table 2. (Continued) 

 

ESS 100 100   

 

Assessment Model Description 

 

We used a size structured assessment model AM developed by Cao et al. (2017a) in AD 

Model Builder software (Fournier et al. 2012) to fit to the simulated data sets. The size structured 

assessment framework is a flexible framework that has been peer-reviewed, simulation tested 

(Cao et al. 2017b), and applied to both invertebrate (Cao et al. 2017a) and finfish populations 

(NC Division of Marine Fisheries, 2022). The AM is a fully statistical model like statistical catch 

at age models and uses penalized maximum likelihood estimation to derive MSY-based 

biological reference points such as 𝐹𝑚𝑠𝑦, 𝑆𝑆𝐵𝑚𝑠𝑦, and proxies such as 𝐹%𝑆𝑃𝑅. The population 

dynamics and fisheries simulated by the OM use identical sub-models to those included in the 

AM. Parameters were estimated by minimizing the negative log-likelihood. A complete 

description of the AM methods and estimable quantities is provided in Cao et al. (2017a).  

Implementation/Projection Model Description 

 The projection/implementation model begins by fitting the AM to the data generated by 

the OM during the initial periods defined above; this estimates reference points used for 

implementation during the first projection. The projection model simulates the population 

dynamics forward for pre-specified number of years defined by the user to model the assessment 

cycle. A vector of apical F by fleet and based on a10-year average of past proportions scales the 

estimated reference point, e.g., 𝐹𝑚𝑠𝑦, and F by fleet and their associated selectivities, and are 

projected forward to model the implementation of a constant catch strategy. Selectivities can be 

modified to model the implementation of size-based management procedures such as changes to 

minimum size limits, however, they must be modified within the OM – selectivities must be 
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internally consistent over both the OM and projection period. No implementation error was 

included in the model.  

Simulation Loop 

 The OM, AM, and Projection/Implementation models were connected to form the 

complete MSE loop. In keeping with best practices, we fit the AM to the data from the OM 

simulated without error (perfect information), projected forward 17 assessment cycles at 3-year 

intervals (51 years into the future), to confirm that dynamics equilibrate to the target reference 

point in the implementation model, that the AM fit is perfect, and that the coding is correct (Punt 

et al. 2016). We conducted deterministic simulations over 100 iterations of 17 assessment cycles. 

When observation error is included in the simulated data, the number of iterations represent the 

sampling error and is set by the user.   

Management Scenarios 

 We tested each management scenario described in Chapter 3. Reference levels of each 

performance metric were based on the status quo management scenario for each species: for 

black sea bass, BSB P38 was the preferred management alternative that was implemented in 

2018, and for cobia, COB FMSY was the preferred management alternative that was 

implemented in 2020. 

Model Decisions 

Each simulation run included 200 iterations of an assessment fit to the OM and 17 

projected assessment cycles at 3-year interval, i.e., the AM is fit to the OM first, then fit every 

three years a total of 17 times, repeated 200 times. Estimation was “turned on,” i.e., a 

prior/penalty term was included for the first year of F and F deviations by fleet, the initial 

population size 𝑁𝑖𝑛𝑖𝑡, mean recruitment �̅� and deviations from mean recruitment. All other 
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priors/penalties for estimable quantities were “turned off.” During each assessment fit, some 

slight modifications were made to the assessment model code to remove restrictions to parameter 

estimation. AD Model Builder’s recruitment deviations vector imposes a requirement that the 

estimated recruitment deviations sum to zero – this restriction was removed to address 

systematic bias occurring in the final three years of each assessment within the MSE loop. We 

could not obtain direct estimates of 𝐹𝑚𝑠𝑦, therefore we used the proxy 𝐹40%𝑆𝑃𝑅 for testing all 

MSY-based reference points, i.e., all references to 𝐹𝑚𝑠𝑦 and %𝐹𝑚𝑠𝑦 are references to variations 

of the proxy 𝐹40%𝑆𝑃𝑅.  

Results 

 

Black sea bass model performance and dynamics description 

 

 True and predicted catch data by fleet approximated the dynamics captured in SEDAR 56 

during 1990-2017 (Figures 1-8). AM fits to the catch by fleet data generated by the OM were 

precise and without bias for all iterations of the final simulation (Figures 1-8). Catch dynamics 

generally equilibrated by the end of the second projected assessment cycle (2021-2023). 

Management scenarios with high rates of F, i.e., BSB FMSY (Figure 1), BSB P40 (Figure 3), 

and BSB P38 (Figure 4) maintained projected catches near the 10-year historical average with 

variation around the mean due to stochastic projections in recruitment deviations. Variation in 

projected catches were generally largest in the discard fleet and recreational fleet. Management 

scenarios with lower rates of F, i.e., BSB 75FMSY (Figure 2) showed reduced projected catches 

in all fleets. Only management scenarios BSB P38 HD (Figure 5) and BSB 75FMSY HD (Figure 

7) in which discard F was halved, and the remainder distributed to the recreational fleet show 

notably reduced catches in discard and increased catches in recreational compared with other 

high F scenarios. Scenarios in which the minimum size limit was reduced to 11 inches for the 
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recreational sector: BSB P38 SL (Figure 6), and BSB 75FMSY SL (Figure 8) resulted in higher 

catches in the recreational fishery, but no noticeable changes in commercial or discard catches.  

 
Figure 1. BSB FMSY management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (middle), discard (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  

 
Figure 2. BSB 75FMSY management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (middle), discard (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  
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Figure 3. BSB P40 management scenario predicted (estimated) catch by fleet (left): recreational (top), commercial 

(middle), discard (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  

 
Figure 4. BSB P38 management scenario predicted (estimated) catch by fleet (left): recreational (top), commercial 

(middle), discard (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  
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Figure 5. BSB P38 HD management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (middle), discard (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  

 
Figure 6. BSB P38 SL management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (middle), discard (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  
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Figure 7. BSB 75FMSY HD management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (middle), discard (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  

 
Figure 8. BSB 75FMSY SL management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (middle), discard (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  
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 The simulated CVID survey CPUE approximately captured the dynamics in SEDAR 56 

during 1990-2017. The simulated survey CPUE was noisy around a mean pattern, which was 

expected because the cv was set to 0.27. AM fits converged on the mean thereby capturing the 

general pattern in the time series (Figures 9-16). Projected survey CPUE dynamics for all 

management scenarios equilibrated by the end of the second projected assessment cycle (2021-

2023) and at low levels relative to the OM time series. Notable increases in projected survey 

CPUE occurred in management scenarios BSB 75FMSY (Figure 10), BSB P38 HD (Figure 13), 

and BSB 75FMSY HD (Figure 15).  

 
Figure 9. BSB FMSY management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 200 

iterations of the final simulation.  
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Figure 10. BSB 75FMSY management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 

200 iterations of the final simulation.  

 
Figure 11. BSB P40 management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 200 

iterations of the final simulation.  
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Figure 12. BSB P38 management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 200 

iterations of the final simulation.  

 
Figure 13. BSB P38 HD management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 200 

iterations of the final simulation.  
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Figure 14. BSB P38 SL management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 200 

iterations of the final simulation.  

 
Figure 15. BSB 75FMSY HD management scenario predicted survey CPUE (left) and true survey CPUE (left) for 

all 200 iterations of the final simulation.  
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Figure 16. BSB 75FMSY SL management scenario predicted survey CPUE (left) and true survey CPUE (left) for 

all 200 iterations of the final simulation.  

 

The OM-simulated population dynamics of recruitment, abundance, and spawning stock 

biomass approximately captured the trends in SEDAR 56 estimates of the same quantities during 

1990-2017 (Appendix C - I). The exception being SSB in 1990, which given the lack of 

functional relationship to recruitment, is simply an output calculated from starting abundance, 

maturity, fecundity, and weight, and starting abundance was relatively low. The AM fit the OM 

and projections closely, with variation being driven by the standard deviation of recruitment 

deviations in the OM, and the random lognormal deviates driving variation around the mean in 

each projected assessment cycle (Appendix C - II). Recruitment equilibrated after the first 

projected assessment cycle (2017-2020), and the population dynamics equilibrated around the 

third projected assessment cycle (2024-2026) once the population reached equilibrium size 

structure (Appendix C - III). Most management scenario projections equilibrated at similar levels 

of mean recruitment (Figure 17). Management scenarios that reduced discards, i.e., BSB P38 HD 

and BSB 75FMSY HD, resulted in the highest mean projected abundance (N) in the long-term, 
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while the other six performed comparably (Figure 18). Differences in the magnitude of N during 

the assessment period was due to the altered selectivity parameters in scenarios BSB P38 SL and 

BSB 75FMSY SL. SSB, which was calculated directly from N produced similar results (Figure 

19), and no management scenarios resulted in estimated SSB dropping below the MSST. No 

scenarios resulted in N or SSB rising above pre-2010 levels. Estimates of recruitment, 

abundance, and SSB for all management scenarios in the terminal year were highly uncertain but 

unbiased. This was expected because states in the terminal year are not informed by any size 

composition information.  

 

Figure 17. Mean recruitment in numbers of fish for black sea bass (BSB) management scenarios simulated over 

1991-2068. 
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Figure 18. Mean abundance (N) in numbers of fish for black sea bass (BSB) management scenarios simulated over 

1991-2068. 

 

Figure 19. Mean spawning stock biomass (SSB) in numbers of eggs for black sea bass (BSB) management 

scenarios simulated over 1991-2068. The cyan dotted line is the minimum stock size threshold (MSST).  
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Black sea bass management scenario tradeoffs  

 

The BSB P38 management scenario represents long-term simulations of the preferred 

management alternative for black sea bass implemented in 2018, therefore tradeoffs are 

measured in the percent change from the BSB P38 management scenario performance metrics. 

Figures 20-25 show the difference in the mean of each performance metric by scenario for 

illustrate purposes, however, the distribution of simulated results are largely non-symmetric 

(Appendix C - IV), and therefore not a good measure of central tendency. Table 7, which 

contains percent changes in the median of the performance metric should be the baseline for 

interpretation. The BSB FMSY management scenario, which represents the highest rate of F 

applied using a constant catch HCR, resulted in a very small increase (<0.1%) in the median 

recreational catch, virtually zero change to the median commercial catch, a small increase (<1%) 

in the median recreational season length, a 1.75% reduction in the median recreational catch rate, 

and an 8.43% reduction in the median proportion of legal-sized fish in the population (Table 7, 

Figures 29-30). We expected increases in exploitation rate to be associated with decreases in 

catch rates, which represent expansion and truncation of season length, respectively; increased 

catch rates of smaller fish, for example, will lead to shorter seasons (Bohaboy et al. 2022). The 

BSB 75FMSY scenario resulted in a very small reduction in median recreational catch (<0.1%), 

a small reduction in median commercial catch (<1%), a 2.04% reduction in median recreational 

season length, a 4.02% increase in median recreational catch rate, and a 20.6% increase in the 

median proportion of legal-sized fish (Table 7). The BSB P40 management scenario resulted in a 

small reduction in median recreational catch (<1%), a small increase in median commercial catch 

(<1%), a small increase (<1%) in median recreational season length, a small reduction in median 

recreational catch rate (<1%), and a 2.30% reduction in the proportion of legal-sized fish (Table 
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7). The BSB P38 HD scenario which applied a P* buffer of 0.38, a 6% reduction in constant F 

from 𝐹𝑀𝑆𝑌, and half the rate of discard F, resulted in a small reduction in median recreational 

catch (<1%), a small increase in median commercial catch (<1%), a 33.7% increase in median 

recreational season length, an 8.24% increase in median recreational catch rate, and a 7.54% 

increase in the proportion of legal-sized fish in the population (Table 7). The BSB P38 SL 

management scenario resulted in a 54.7% increase in median recreational catch, a 69.0% 

increase in median commercial catch, an 82% increase in median recreational season length, a 

3.47% reduction in median recreational catch rate, and a 100% increase in the proportion of 

legal-sized fish in the population (Table 7). The BSB 75FMSY HD management scenario 

resulted in small increase (<1%) in median recreational catch, a small reduction (<1%) in median 

commercial catch, a 27.18% increase in median season length, a 11.08 increase in median catch 

rate, and a 24.64% increase in the median proportion of legal-sized fish in the population (Table 

7). The BSB 75FMSY SL management scenario resulted in a 70% increase in median 

recreational catch, a 54.54% increase in commercial catch, a 73.14% increase in median season 

length, a small increase (<1%) in median catch rate, and a 133.11% increase in median 

proportion of legal-sized fish in the population (Table 7); it is important to note that the 

proportion of legal-sized fish in the BSB P38 SL and BSB 75FMSY SL scenarios represent fish 

that are 11 inches (approx. 280 mm) or larger, compared to all other scenarios in which legal fish 

are 13 inches (approx. 330 mm) or larger. 
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Table 7. Black sea bass management scenario tradeoffs measured in the percent change in 

median recreational (rec) catch, median commercial (comm) catch, median season length, 

median catch rate, and median proportion of legal-sized fish in the population from the BSB P38 

management scenario.  

 

Management 

Scenario 

Median rec 

catch 

Median 

comm catch 

Median 

season 

length 

Median 

catch rate 

Median prop 

legal 

 

BSB FMSY +0.43% -<0.001% +0.38% -1.75% -8.43% 

      

BSB 75FMSY -0.07% -0.35% -2.04% +4.02% +20.6% 

      

BSB P40 -0.66% +0.64% +0.23% -0.52% -2.30% 

      

BSB P38 HD -0.28% +0.82% +33.7% +8.24% +7.54% 

      

BSB P38 SL +54.7% +69.0% +82.0% -3.47% +100% 

 

BSB 75FMSY 

HD 

 

+0.83% -0.42% +27.18% +11.08% +24.64% 

BSB 75FMSY 

SL 

+70.0% +54.54% +73.14% +0.30% +133.11% 
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Figure 20. Mean recreational catch in numbers of fish for black sea bass (BSB) management scenarios simulated 

over 1991-2068.  

 

Figure 21. Mean commercial catch in numbers of fish for black sea bass (BSB) management scenarios simulated 

over 1991-2068.  
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Figure 22. Mean dead discards in numbers of fish for black sea bass (BSB) management scenarios simulated over 

1991-2068.  

 

Figure 23. Mean recreational season length, i.e., exploitation rate, for black sea bass (BSB) management scenarios 

simulated over 1991-2068.  
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Figure 24. Mean recreational catch rate (unitless)for black sea bass (BSB) management scenarios simulated over 

1991-2068.  

 
Figure 25. Mean proportion of legal sized fish for black sea bass (BSB) management scenarios simulated over 

1991-2068. Legal size for BSB P38 SL and BSB 75FMSY SL management scenarios is 11 inches; 13 inches for all 

other scenarios.  
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Cobia model performance and dynamics description 

 

True and predicted catch data by fleet approximated the dynamics captured in SEDAR 58 

during 1986-2017 (Figures 28-34). Catch data was assumed to be approximately known without 

error (cv = 0.05), therefore AM fits to the catch by fleet data generated by the OM were precise 

and without bias for all iterations of the final simulation (Figures 26-33). Catch dynamics 

generally equilibrated by the end of the third projected assessment cycle (2024-2026). All cobia 

management scenarios maintained projected catches near the 10-year historical average with 

variation around the mean due to stochastic projections in recruitment deviations. The relative 

degree of variation in projected catches was generally largest in the commercial fleet. All 

scenarios with rates of F reduced from 𝐹𝑀𝑆𝑌 generally did not affect the recreational or 

commercial catch (Figures 26-33); the exception being management scenario COB 75FMSY SL 

which resulted in slightly higher recreational catches (Figure 33).  

 
Figure 26. COB FMSY management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  

 



   

122 

 

 
Figure 27. COB 75FMSY management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  

 
Figure 28. COB P40 management scenario predicted (estimated) catch by fleet (left): recreational (top), commercial 

(bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  
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Figure 29. COB P38 management scenario predicted (estimated) catch by fleet (left): recreational (top), commercial 

(bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  

 

 
Figure 30. COB 60FMSY management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  
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Figure 31. COB 50FMSY management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  

 
Figure 32. COB 75FMSY SL management scenario predicted (estimated) catch by fleet (left): recreational (top), 

commercial (bottom), and true catch by fleet (right) for all 200 iterations of the final simulation.  
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The simulated headboat survey CPUE approximately captured the dynamics in SEDAR 58 

during 1986-2017. The simulated survey CPUE assumed a cv of 0.22 and was similarly noisy 

around a mean pattern. AM fits converged on the mean thereby capturing the general pattern in 

the time series (Figures 33-39). Projected survey CPUE dynamics for all management scenarios 

equilibrated by the end of the third projected assessment cycle (2024-2026) and at approximately 

median levels relative to the OM time series. Equilibrium CPUE and scale were consistent over 

all management scenarios. 

 
Figure 33. COB FMSY management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 200 

iterations of the final simulation.  
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Figure 34. COB 75FMSY management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 

200 iterations of the final simulation.  

 
Figure 35. COB P40 management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 200 

iterations of the final simulation.  
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Figure 36. COB P38 management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 200 

iterations of the final simulation.  

 
Figure 37. COB 60FMSY management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 

200 iterations of the final simulation.  
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Figure 38. COB 50FMSY management scenario predicted survey CPUE (left) and true survey CPUE (left) for all 

200 iterations of the final simulation.  

 

 
Figure 39. COB 75FMSY SL management scenario predicted survey CPUE (left) and true survey CPUE (left) for 

all 200 iterations of the final simulation.  

 

The OM-simulated population dynamics of recruitment, abundance, and spawning stock 

biomass approximately captured the trends in SEDAR 58 estimates of the same quantities during 

1986-2017 (Appendix C - I). The AM fit the OM and projections closely, with variation being 

driven by the standard deviation of recruitment deviations in the OM, and the random lognormal 
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deviates driving variation around the mean in each projected assessment cycle. Recruitment 

equilibrated after the first projected assessment cycle (2017-2020), and the population dynamics 

equilibrated around the fourth projected assessment cycle (2027-2030) once the population 

reached equilibrium size structure (Appendix C - III). Management scenario projections 

equilibrated at generally similar levels for recruitment (Figure 40). N equilibrate at a historically 

average level and scenarios with the heaviest reduction in F, i.e., COB 60FMSY and COB 

50FMSY resulting in the highest long-term mean N (Figure 41). No management scenarios 

resulted in estimated SSB dropping below the MSST. Estimates of recruitment deviations were 

uncertain but unbiased in the penultimate year, however, the terminal year appeared to hit the 

lower bound of the penalty in all management scenarios (Appendix C - II). This resulted in 

reduced estimates of recruitment and abundance in the terminal year for all management 

scenarios, however, this did not appear to affect SSB in the terminal year.  

 

Figure 40. Mean recruitment in numbers of fish for cobia (COB) management scenarios simulated over 1986-2068.  
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Figure 41. Mean abundance (N) in numbers of fish for cobia (COB) management scenarios simulated over 1986-

2068.  

 

Figure 42. Mean spawning stock biomass (SSB) in mature female weight for cobia (COB) management scenarios 

simulated over 1986-2068. The cyan dotted line is the minimum stock size threshold (MSST). 
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Cobia management scenario tradeoffs 

 

The COB FMSY management scenario represents long-term simulations of the preferred 

management alternative for cobia; therefore, tradeoffs are measured in the percent change from 

the COB FMSY management scenario performance metrics. Due to the pattern in the terminal 

year of simulations, performance metrics were calculated using the penultimate year simulation 

results (2067). Figures 43-47 show the difference in the mean of each performance metric by 

scenario for illustrate purposes, however, like the BSB management scenarios, the distribution of 

simulated results are largely non-symmetric (Appendix C - IV), and therefore the mean is not a 

good measure of central tendency. Table 8, which contains percent changes in the median of the 

performance metric should be the baseline for interpretation. The COB 75FMSY management 

scenario resulted in small gains to median recreational catch (<1%), small loss to median 

commercial catch (<1%), a 20.6% reduction in median recreational season length, a 2.88% 

increase in median recreational catch rate, and a 2.05% loss in the proportion of legal sized (36 

inch) fish in the population (Table 8). The COB P40 management scenario resulted in, relative to 

COB 75 FMSY, identically small gains to median recreational catch (<1%), a slightly smaller 

loss in median commercial catch (<1%), a 4.63% reduction in median recreational season length, 

a small increase in median recreational catch rate (<1%), and a small loss in the number of legal-

sized fish in the population (<1%; Table 8, Figures 45-49). The COB P38 management scenario 

resulted in a very small increase in median recreational catch (<0.01%), a small loss in median 

commercial catch (<1%), a 6% reduction in median recreational season length, a small increase 

in median recreational catch rate (<1%), and a small loss to the proportion of legal-sized fish 

(<1%; Table 8). The COB 60FMSY management scenario resulted in a small increase (<1%) in 

median recreational catch, a small reduction (<1%) to median commercial catch, a 34.1% 
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reduction in median season length, a 5.03% increase in median catch rate, and a 3.43 % decrease 

in the proportion of legal-sized fish in the population (Table 8). The COB 50FMSY management 

scenario resulted in a small increase (<1%) in median recreational catch, a small reduction (<1%) 

to median commercial catch, a 43.44% reduction in median season length, a 6% increase in 

median catch rate, and a 4.53 % decrease in the median proportion of legal-sized fish in the 

population (Table 8). The COB 75FMSY SL management scenario resulted in an 8.26% increase 

in median recreational catch, a 10.16% increase in median commercial catch, a 12.11% reduction 

in median season length, a 1.65% increase in median catch rate, and a 31.7% increase in the 

median proportion of legal sized (33-inch) fish in the population (Table 8).  

Table 8. Cobia management scenario tradeoffs measured in the percent change in median 

recreational (rec) catch, median commercial (comm) catch, median season length, median catch 

rate, and median proportion of legal-sized fish in the population from the COB FMSY 

management scenario.  

 

Management 

Scenario 

Median rec 

catch 

Median 

comm catch 

Median 

season 

length 

Median 

catch rate 

 

Prop legal 

COB 75FMSY +0.11% -0.94% -20.6% +2.88% -2.05% 

      

COB P40 +0.11% -0.18% -4.65% +0.90% -0.45 % 

      

COB P38 

 

+0.05% -0.37% -6.0% +0.67% -0.64% 

COB 60FMSY 

 

+0.30% -0.39% -34.1% +5.03% -3.43% 

COB 50FMSY +0.03% -0.97% -43.44% +6.0% -4.53% 

      

COB 75FMSY 

SL 

+8.26% +10.16% -12.10% +1.65% +31.7% 
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Figure 43. Mean commercial catch in numbers of fish for cobia (COB) management scenarios simulated over 1986-

2068. 

 

Figure 44. Mean recreational catch in numbers of fish for cobia (COB) management scenarios simulated over 1986-

2068. 
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Figure 45. Mean recreational season length, i.e., exploitation rate, for cobia (COB) management scenarios simulated 

over 1986-2068. 

 

Figure 46. Mean recreational catch rate (unitless) for cobia (COB) management scenarios simulated over 1986-

2068. 
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Figure 47. Mean proportion of legal sized fish for cobia (COB) management scenarios simulated over 1991-2068. 

Legal size for COB 75FMSY SL management scenarios is 33 inches; 36 inches for all other scenarios.  

 

4. Discussion 

 

In the black sea bass case study, all management procedures achieved the primary 

conservation objective, i.e., SSB rarely approached the MSST and had a 100% probability of 

remaining above that threshold in both case studies. Reduced F generally resulted in minute 

reductions in total catch regardless of sector, a small reduction in recreational season length, but 

large increases in catch rate and the number of legal sized (>13 inches) fish in the population 

over 51 years. This is consistent with past studies that determined lower rates of F improve the 

potential for catching larger fish at the expense of magnitude of catch (Hilborn 2007, Gwinn et 

al. 2015). Management procedures that reduced the size limit of black sea bass to 11 inches 

generally resulted in reduced recreational catch rates, but large increases in total catch in both 

commercial and recreational sectors, season length, and the number of legal sized (now >11 

inches) fish in the population. The increases to catch were not an unexpected result given that 
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length-based regulations, including minimum size limits are tools designed to achieve MSY 

(Gwinn et al. 2015, Maggs et al. 2016). These effects became more pronounced when applied in 

tandem with lower rates of F, e.g., the BSB 75FMSY SL scenario. Similarly, more technically 

legal sized fish, i.e., 11-inch black sea bass, intuitively result in more availability, and longer 

season lengths. However, these strategies come at a cost to maintaining cohorts of larger fish in 

the population (Appendix C - III). Scenarios in which improved discard practices were 

simulated, i.e., reducing the number of dead discards by half, resulted in minute changes to 

catch, and smaller increases to season length and legal-sized fish when compared to reduced size 

limits. However, reducing dead discards was the only management measure that resulted in large 

increases in catch rate while maintaining increases to season length and the proportion of legal 

sized (>13 inches) fish. Subsequently, the scenarios that reduced the number of dead discards 

prevented further truncation of the size (and implicitly age) structure (Bohaboy et al. 2022), 

whereas decreasing the size limit resulted in nearly zero black sea bass that were 13 inches or 

larger. The BSB 75FMSY HD scenario appears at first to be the optimal management procedure 

for achieving recreational objectives, e.g., season length and availability of larger fish 

(Melnychuk et al. 2021, this study), and catch rates while maintaining a high level of catch in 

general (Birdsong et al. 2021). However, mortality from discarding for black sea bass varies in 

magnitude over their geographic range (Bugley and Shepherd 1991, Schweitzer et al. 2020), and  

while discarding practices such as venting, or recompression can strong positive effects on post-

release survival (Collins et al. 1999, Zemeckis et al. 2020), black sea bass are relatively robust to 

post-release mortality (Rudershausen et al. 2014). In reality, the problem lies in the magnitude of 

recreational effort that is likely generating the large number of dead discards. Therefore, effort-
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reducing strategies such as BSB 75FMSY may be more realistic in terms of achieving 

recreational goals like maintaining a stronger size structure (Table 7).  

The cobia case study yielded similar results concerning the conservation objective: no 

management scenarios resulted in SSB dropping below the MSST. However, few management 

procedures were able to meet multiple recreational objectives. Reducing F resulted in large 

reductions in season length and small increases to catch rates and the proportion of legal sized 

(>36 inches) fish in the population with little change in total catch by sector. Reducing effort, 

i.e., F, resulted in nearly zero changes in total catch by sector, suggesting that yield is optimized 

near lower rates of F, e.g., 60-50% of 𝐹𝑀𝑆𝑌 past which it becomes undefined (Quinn and Deriso 

1999). Season lengths decreased greatly when F was reduced by 25% or greater with small 

associated increases in catch rate. The proportion of legal fish available to the recreational 

fishery also decreased with reduced effort. Catch, ergo, yield only increased in the COB 

75FMSY SL scenario in which we explored lowering the minimum size limit to 33 inches; this 

resulted in the smallest reduction to season length relative to other effort-reducing strategies, and 

the largest increase in the proportion of legal sized fish. This was somewhat surprising because 

the rate of natural mortality we used was fixed at a level consistent with SEDAR 28, which 

estimated a less productive stock than the one in SEDAR 58 that used a range of higher rates of 

natural mortality from the Charnov et al. (2013) meta-analysis. Given this result, the COB 

75FMSY SL management scenario may be the best candidate for achieving effective 

management of cobia, i.e., balances the needs of both commercial and recreational fisheries, 

although it appears that all seven scenarios were generally robust to the uncertainty we modeled 

in the management system. 
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The AM we selected to estimate reference points, and decisions relating to OM design 

imposed some constraints on the scope of this study. The AM developed by Cao et al. (2017) can 

accommodate a seasonal timestep but is not a spatially explicit model. The assessments we 

conditioned the OMs to approximate were not seasonal (SEDAR 56, SEDAR 58), therefore, this 

precluded our ability to model “seasonal closures” which was the third most-preferred 

management procedure for both recreational black sea bass and cobia anglers according to the 

interview results (Chapter 3, Figure 2). Other management measures such as slot limits have 

shown promise as a tool for achieving recreational fishing and conservation objectives (Gwinn et 

al. 2015, Bohaboy et al. 2022); in the interviews, recreational black sea bass anglers ranked 

“changing the size limit to a slot limit” as their second most-preferred management procedure in 

Question 3 (Chapter 3, Figure 2), and slot limits were the subject of much discussion in response 

to Question 5 of Chapter 3. However, during initial testing of the MSE tool, we modified fishery 

selectivity in the OMs and implementation/projection model to reflect the implementation of a 

slot limit but could not obtain convergent model results. We did not model dead discards for 

cobia because it was not included in the most recent assessment (SEDAR 58), but bycatch and 

the magnitude of dead discards remain a concern at multiple spatial and temporal scale 

(Aspinwall et al. 2019, Carlson and McCarthy 2019). The dynamics related to the number of 

dead discards are also likely entangled with cobia’s migration patterns and warrant a spatially 

explicit assessment approach in the future. Another major challenge for MSE studies in general 

is that the results can rarely keep up with the latest stock assessment, and consequently reflect 

projections from an older terminal year. As such, the black sea bass MSE results, while 

informative, do not account for the most recent population dynamics, e.g., the pronounced 

decline in survey abundance of black sea bass (Bacheler and Cheshire 2022, Bubley and Willis 
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2022), and low recruitment (SEDAR 76, personal communication). Future applications of the 

MSE tool presented in this study should seek to align with assessment schedules to condition 

OMs on the most recent data. At a minimum, extension of this work will require exploring 

alternate recruitment states for black sea bass, and alternate rates of natural mortality for cobia to 

better align with the current states of information.  

Recreational fishing remains the fastest growing sector in industrialized nations (Abbott 

et al. 2022, Arlinghaus et al. 2019) but can have substantial impacts on marine fish populations 

and ecosystems (Cooke and Cowx 2004, Lewin et al. 2019, Holder et al. 2020, Hyder et al. 

2020). Although the US is globally ranked among countries with more successful governance of 

recreational fisheries (Potts et al. 2019), as recreational fishing continues to grow, successful 

management will require moving away from one-size-fits-all harvest regulations (Arlinghaus et 

al. 2019) and understanding drivers of recreational angler satisfaction (Birdsong et al. 2021). 

Increasingly, recreational anglers prefer sustained access to fishing, longer seasons, and the 

availability of larger, i.e., legal, fishes (Hyder et al. 2020, Melnychuk et al. 2021, this study). 

Addressing these objectives and balancing tradeoffs with commercial fishing is essential to 

effective management overall (Hyder et al. 2020). We anticipate that the size structured 

framework presented in this study will provide a useful MSE tool for managers to select a robust 

harvest strategy, particularly when competing management objectives need to be balanced. 

Testing the MSE tool using the black sea bass and cobia case studies has provided insights into 

how to balance the tradeoffs between the management objectives of commercial and recreational 

fisheries and provided a foundation for exploring how exploring combinations of MSY-driven 

control rules and size-based management procedures can be used to identify reference points that 

optimize achieving recreational fishing objectives. The case of black sea bass is particularly 



   

140 

 

illustrative of the challenges of managing recreational fisheries in the Southeast US: black sea 

bass are essentially an incidental, though desirable, target in the Snapper Grouper bottom fishery. 

Our simulations demonstrate that even without further growth in the recreational sectors, no 

strategy will achieve higher levels of abundance. This draws into question whether the open-

access nature of the recreational Snapper Grouper bottom fishery in tenable in the long term. 
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Appendix A 

 
Supplementary Figure 1. Log-scale estimated densities for dolphinfish in the Western Atlantic Ocean for all years 

(1991-2019) and seasons. Seasons correspond to the decimal number next to each year: no decimal indicates 

“Winter,” .2 indicates “Spring,” .4 indicates “Summer,” and .8 indicates “Fall.”  
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Appendix B 

I. Interview Script 

  

[Target length: 15 minutes] 

  

[*Additional directions to the interview of are provided in brackets throughout the script] 

  

[If doing the census of commercial fishermen for black sea bass or cobia, the following language 

is not necessary. However, recreational anglers often target multiple species, so it’s prudent to 

ask what capacity they would like be interviewed in.] 

  

[Ask the participant to identify whether they would like to take the interview as a black sea bass 

fisherman or cobia fishermen and record the identifying information below] 

  

[If participant fishes for both black sea bass and cobia, ask them the following…] 

  

So, for this interview, I’m asking for you to answer these questions as either a black sea bass 

fisherman or as a cobia fisherman. Which would you like to participate in this interview as? 

  

[If it’s clear from the recruitment script that they fish for one or the other, then you don’t need to 

say that] 

  

[Record ID information here, e.g., “Cobia recreational interview 1” would be COBRE01] 
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I’m going to ask you a total of six questions to learn a bit about what you want out of the fishery 

you participate in and to get a sense of how past fisheries management measures have affected 

you. 

  

With that, I’ll ask my first question, which is: 

  

1) 

  

Would you please briefly and in your own words tell me what is most important to you about the 

fishery? 

  

  

  

2) 

  

Alright, thank you. For this next question, I’m going to give you a list of six possible goals for 

the fishery. What I’d like you to do is the pick the top three that are most important to you, and 

after you’ve picked the top three, rank them on a scale from 1 being most important, to 3 being 

the least important of that list. 

  

So, those goals are: 

  

1.  Optimizing the yield in pounds during a season 

2.  Catching the greatest number of fish possible during a trip 
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3.  Catching the largest size of fish possible during a trip 

4.  Maximizing the length of the season and access to the fishery 

5.  Conservation of the resource 

6.  Increased access or opportunity within the fishery 

  

Goal Mark number rank next to each of the three 

choices 

Catching the greatest number of pounds   

Catching the greatest number of fish   

Catching the largest size fish   

Maximizing the length of the season   

Conservation of the resource   

Increased access or opportunity within the 

fishery 

  

  

3) 

  

Awesome, thank you. Now I am going to list six management measures that could be used to 

achieve the top three goals you identified in the last question. I would like to you pick the top 

three choices that you would use to achieve those goals, and then rank them from 1 being the 

most preferred to 3 being the least preferred way to achieve those goals. 

  

Those management measures are: 
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1.  Changing the vessel/trip or bag limits 

2.  Changing the size limits 

3.  Changing the size limit to a slot limit 

4.  Seasonal closures, such as for spawning 

5.  In-season adjustments to vessel/trip or bag limits 

6.  Changing the catch limit allocation to the different fishery sectors, for example 

commercial, recreational and for-hire recreational sectors like charters and headboats. 

  

  

Management measure Mark number rank next to each of the three 

choices 

Changing the vessel/trip or bag limits   

Changing the size limits   

Changing the size limits to a slot limit   

Seasonal closures, such as for spawning   

In-season adjustments to vessel/trip or bag 

limits 

  

Changing catch limit allocation to the different 

sectors 

  

  

Now I’m going to ask three questions to get an idea of how past management measures have 

affected your fishing behavior in the past. Each question relates to a different kind of 

management measure that was taken within the last 10 years. 
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If the management measures didn’t change your behavior, you can just say “no change,” and if 

you aren’t sure, you can say “I’m not sure,” and if you weren’t fishing before the changes took 

place, we can skip to the next question. 

  

Alright, let’s move forward then. 

  

How did your fishing behavior change in response to changes in vessel limits (if comm) / trip 

limits (if rec)? 

  

  

  

How did your fishing behavior change in response to change to size limits? 

  

  

  

How did your fishing behavior change in response to fishery closures? 

  

  

Okay, that is everything that I have. Do you have any questions for me? 
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Alright, thank you very much for taking the time to complete this interview with me. 

  

If you have any further questions about the interview and how we are planning to use the data, 

feel free to call me or email me at [provide office number and ncsu email]. 

  

[End call] 

 

 

 

 

 

 

 

II. Interview Introduction and Recruitment Script 

  

[Target length: 5 minutes] 

  

Hi, am I speaking with [name of participant]? Hi, my name is [interviewer name]. I’m a student 

researcher at North Carolina State University studying fisheries. I’m calling to see if you would 

be interested in participating in a short interview for my research. Do you fish for black sea bass 

or cobia and do you have 15 minutes to spare right now? 
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[Allow interruption at any time to answer questions or to end the call if the potential participant 

is showing a strong lack of desire to participate.] 

  

[If potential participant is interested but doesn’t have time at the moment, offer to schedule a 

time for a callback to continue; if potential participant declines, thank them for their time and 

end the call; if the potential participant is interested and agrees to participate on this call, 

continue with the script below; finally, if the participant does not currently fish for black sea bass 

or cobia, thank them for their time and end the call.] 

  

That’s great. Thank you very much. So, I am part of a team of North Carolina State University, 

Duke University and NOAA scientists who are developing a management strategy evaluation 

tool designed to look at management measures that will benefit both commercial and recreational 

sectors targeting the same species. Specifically, we’re looking at the black sea bass and cobia 

fisheries here in the Southeast US. To try and make that tool as accurate and useful as possible, 

I’m doing this interview to learn more about what commercial and recreational fishermen want 

from their fisheries, what management measures you might prefer and how past management has 

affected your fishing behavior.   

  

Before we start the interview, I want to first ask for your permission to record this record this 

call. You do not have to agree to be recorded to participate, but the recording is helpful for me to 

refer back to when I’m looking at my notes. Also, any information you give me is going to be 

de-identified, meaning that I’m going to assign a code to your answers and match the code to 

your name in a master list that only I, and those working with me, can see. We plan to aggregate 

answers by the different fishery sectors, so there will be no way to identify you from the 

information we report. 

  

[If potential participant does not agree to be recorded but does agree to participate, proceed with 

the following question and then on to the interview (uploaded separately); if they decided they 

would no longer like to participate at this point in the call, thank them for their time and end the 

call] 

  

So, before we get started, do you have any questions for me? 

  

[Answer questions as needed and proceed to the interview 
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Appendix C 

I. Simulated Population Dynamics 

 
Figure A1. BSB FMSY management scenario mean simulated (black) recruitment (left), abundance (middle), and 

SSB in eggs (right), overlaid with jittered AM predicted values (purple) for all AM fits over 200 iterations of the 

final simulation. The black dotted line in the SSB plot (right) is the MSST.  
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Figure A2. BSB 75FMSY management scenario mean simulated (black) recruitment (left), abundance (middle), and 

SSB in eggs (right), overlaid with jittered AM predicted values (purple) for all AM fits over 200 iterations of the 

final simulation. The black dotted line in the SSB plot (right) is the MSST.  

 
Figure A3. BSB P40 management scenario mean simulated (solid black) recruitment (left), abundance (middle), and 

SSB in eggs (right), overlaid with jittered AM predicted values (purple) for all AM fits over 200 iterations of the 

final simulation. The black dotted line in the SSB plot (right) is the MSST.  
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Figure A4. BSB P38 management scenario mean simulated (solid black) recruitment (left), abundance (middle), and 

SSB in eggs (right), overlaid with jittered AM predicted values (purple) for all AM fits over 200 iterations of the 

final simulation. The black dotted line in the SSB plot (right) is the MSST.  

 
Figure A5. BSB P38 HD management scenario mean simulated (solid black) recruitment (left), abundance (middle), 

and SSB in eggs (right), overlaid with jittered AM predicted values (purple) for all AM fits over 200 iterations of the 

final simulation. The black dotted line in the SSB plot (right) is the MSST.  
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Figure A6. BSB P38 SL management scenario mean simulated (solid black) recruitment (left), abundance (middle), 

and SSB in eggs (right), overlaid with jittered AM predicted values (purple) for all AM fits over 200 iterations of the 

final simulation. The black dotted line in the SSB plot (right) is the MSST.  

 
Figure A7. BSB 75FMSY HD management scenario mean simulated (solid black) recruitment (left), abundance 

(middle), and SSB in eggs (right), overlaid with jittered AM predicted values (purple) for all AM fits over 200 

iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST.  
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Figure A8. BSB 75FMSY SL management scenario mean simulated (solid black) recruitment (left), abundance 

(middle), and SSB in eggs (right), overlaid with jittered AM predicted values (purple) for all AM fits over 200 

iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST.  
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Figure A9. COB FMSY management scenario mean simulated (solid black) recruitment (left), abundance (middle), 

and SSB in mature female weight (right), overlaid with jittered AM predicted values (purple) for all AM fits over 

200 iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST. 

 

 
Figure A10. COB 75FMSY management scenario mean simulated (solid black) recruitment (left), abundance 

(middle), and SSB in mature female weight (right), overlaid with jittered AM predicted values (purple) for all AM 

fits over 200 iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST.  
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Figure A11. COB P40 management scenario mean simulated (solid black) recruitment (left), abundance (middle), 

and SSB in mature female weight (right), overlaid with jittered AM predicted values (purple) for all AM fits over 

200 iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST.  

 
Figure A12. COB P38 management scenario mean simulated (solid black) recruitment (left), abundance (middle), 

and SSB in mature female weight (right), overlaid with jittered AM predicted values (purple) for all AM fits over 

200 iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST.  
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Figure A13. COB 60FMSY management scenario mean simulated (solid black) recruitment (left), abundance 

(middle), and SSB in mature female weight (right), overlaid with jittered AM predicted values (purple) for all AM 

fits over 200 iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST.  

 

 
Figure A14. COB 50FMSY management scenario mean simulated (solid black) recruitment (left), abundance 

(middle), and SSB in mature female weight (right), overlaid with jittered AM predicted values (purple) for all AM 

fits over 200 iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST.  
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Figure A15. COB 75FMSY SL management scenario mean simulated (solid black) recruitment (left), abundance 

(middle), and SSB in mature female weight (right), overlaid with jittered AM predicted values (purple) for all AM 

fits over 200 iterations of the final simulation. The black dotted line in the SSB plot (right) is the MSST.  

 

 

II. Estimated Recruitment Deviation Boxplots 

 
Figure A16. Estimated recruitment deviations in 200 iterations of the final assessment for the BSB FMSY 

management scenario.  
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Figure A17. Estimated recruitment deviations in 200 iterations of the final assessment for the BSB 75FMSY 

management scenario.  

 

 
Figure A19. Estimated recruitment deviations in 200 iterations of the final assessment for the BSB P40 management 

scenario.  
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Figure A20. Estimated recruitment deviations in 200 iterations of the final assessment for the BSB P38 management 

scenario.  

 
Figure A21. Estimated recruitment deviations in 200 iterations of the final assessment for the BSB P38 HD 

management scenario.  
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Figure A22. Estimated recruitment deviations in 200 iterations of the final assessment for the BSB P38 SL 

management scenario.  

 
Figure A23. Estimated recruitment deviations in 200 iterations of the final assessment for the BSB 75FMSY HD 

management scenario.  
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Figure A24. Estimated recruitment deviations in 200 iterations of the final assessment for the BSB 75FMSY SL 

management scenario.  

 

 
Figure A25. Estimated recruitment deviations in 200 iterations of the final assessment for the COB FMSY 

management scenario.  
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Figure A26. Estimated recruitment deviations in 200 iterations of the final assessment for the COB 75FMSY 

management scenario.  

 

 
Figure A27. Estimated recruitment deviations in 200 iterations of the final assessment for the COB P40 

management scenario.  
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Figure A28. Estimated recruitment deviations in 200 iterations of the final assessment for the COB P38 

management scenario.  

 
Figure A29. Estimated recruitment deviations in 200 iterations of the final assessment for the COB 60FMSY 

management scenario.  
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Figure A30. Estimated recruitment deviations in 200 iterations of the final assessment for the COB 50FMSY 

management scenario.  

 
Figure A31. Estimated recruitment deviations in 200 iterations of the final assessment for the COB 75FMSY SL 

management scenario.  

 

 

III. Simulated Numbers at Length 
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Figure A32. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the BSB 

FMSY management scenario.  

 

 
Figure A33. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the BSB 

75FMSY management scenario.  
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Figure A34. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the BSB 

P40 management scenario.  

 

 
Figure A35. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the BSB 

P38 management scenario.  
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Figure A36. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the BSB 

P38 HD management scenario.  

 

 

 
Figure A37. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the BSB 

P38 SL management scenario.  
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Figure A38. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the BSB 

75FMSY HD management scenario.  

 
Figure A39. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the BSB 

75FMSY SL management scenario.  
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Figure A40. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the COB 

FMSY management scenario. 
 

 
Figure A41. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the COB 

75FMSY management scenario. 
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Figure A42. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the COB 

P40 management scenario. 
 

 
Figure A43. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the COB 

P38 management scenario. 
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Figure A44. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the COB 

60FMSY management scenario. 

 
Figure A45. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the COB 

50FMSY management scenario. 
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Figure A46. Estimated abundance at size in 200 iterations of the final assessment through t-2 timesteps for the COB 

75FMSY SL management scenario. 
 

IV. Tradeoff Frequency Histograms 

 
Figure A48. BSB P38 management scenario frequency histograms for mean catch by fleet over 200 iterations of the 

final simulation: commercial (comm; left), recreational (rec; center), and discard (disc; right). The red line is the 

median of the means.  
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Figure A49. BSB P38 management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means.  

 

 
Figure A50. BSB FMSY management scenario frequency histograms for mean catch by fleet over 200 iterations of 

the final simulation: commercial (comm; left), recreational (rec; center), and discard (disc; right). The red line is the 

median of the means.  
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Figure A51. BSB FMSY management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means.  

 

 
Figure A52. BSB FMSY management scenario frequency histograms for mean catch by fleet over 200 iterations of 

the final simulation: commercial (comm; left), recreational (rec; center), and discard (disc; right). The red line is the 

median of the means.  
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Figure A53. BSB 75FMSY management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means.  

 
Figure A54. BSB P40 management scenario frequency histograms for mean catch by fleet over 200 iterations of the 

final simulation: commercial (comm; left), recreational (rec; center), and discard (disc; right). The red line is the 

median of the means.  
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Figure A55. BSB P40 management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means.  

 

 
Figure A56. BSB P38 HD management scenario frequency histograms for mean catch by fleet over 200 iterations 

of the final simulation: commercial (comm; left), recreational (rec; center), and discard (disc; right). The red line is 

the median of the means.  
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Figure A57. BSB P38 HD management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means.  

 

 
Figure A58. BSB P38 SL management scenario frequency histograms for mean catch by fleet over 200 iterations of 

the final simulation: commercial (comm; left), recreational (rec; center), and discard (disc; right). The red line is the 

median of the means.  
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Figure A59. BSB P38 SL management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means.  

 
 

Figure A60. BSB 75FMSY HD management scenario frequency histograms for mean catch by fleet over 200 

iterations of the final simulation: commercial (comm; left), recreational (rec; center), and discard (disc; right). The 

red line is the median of the means.  
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Figure A61. BSB 75FMSY HD management scenario frequency histograms for the mean exploitation rate, catch 

rate calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in 

the population. The red line is the median of the means.  

 
Figure A62. BSB 75FMSY SL management scenario frequency histograms for mean catch by fleet over 200 

iterations of the final simulation: commercial (comm; left), recreational (rec; center), and discard (disc; right). The 
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red line is the median of the means. 

 
Figure A63. BSB 75FMSY HD management scenario frequency histograms for the mean exploitation rate, catch 

rate calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in 

the population. The red line is the median of the means.  

 

 
Figure A64. COB FMSY management scenario frequency histograms for mean catch by fleet over 200 iterations of 

the final simulation: commercial (comm; left) and recreational (rec; right). The red line is the median of the means.  
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Figure A65. COB FMSY management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means. 

 
 
Figure A66. COB 75 FMSY management scenario frequency histograms for mean catch by fleet over 200 iterations 

of the final simulation: commercial (comm; left) and recreational (rec; right). The red line is the median of the 

means.  
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Figure A67. COB 75FMSY management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means. 
 

 
Figure A68. COB P40 management scenario frequency histograms for mean catch by fleet over 200 iterations of the 

final simulation: commercial (comm; left) and recreational (rec; right). The red line is the median of the means.  
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Figure A69. COB P40 management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means. 

 
Figure A70. COB P38 management scenario frequency histograms for mean catch by fleet over 200 iterations of the 

final simulation: commercial (comm; left) and recreational (rec; right). The red line is the median of the means.  
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Figure A71. COB P38 management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means. 

 
Figure A72. COB 60FMSY management scenario frequency histograms for mean catch by fleet over 200 iterations 

of the final simulation: commercial (comm; right) and recreational (rec; left). The red line is the median of the 

means.  
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Figure A73. COB 60FMSY management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means. 

 

 
Figure A74. COB 50FMSY management scenario frequency histograms for mean catch by fleet over 200 iterations 

of the final simulation: commercial (comm; right) and recreational (rec; left). The red line is the median of the 

means.  
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Figure A75. COB 50FMSY management scenario frequency histograms for the mean exploitation rate, catch rate 

calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in the 

population. The red line is the median of the means. 

 
Figure A76. COB 75FMSY SL management scenario frequency histograms for mean catch by fleet over 200 

iterations of the final simulation: commercial (comm; right) and recreational (rec; left). The red line is the median of 

the means.   
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Figure A77. COB 75FMSY SL management scenario frequency histograms for the mean exploitation rate, catch 

rate calculated using the exploitation rate for a season length proxy, and the mean proportion of legal-sized fish in 

the population. The red line is the median of the means. 

 

 

 

 

 

 

 

 


