
 

CHANGES IN TARGET SPECIES AND SPATIAL POPULATION STRUCTURE IN STOCK 

ASSESSMENT MODELS FOR HIGHLY MIGRATORY PELAGIC FISH STOCKS AS 

EXEMPLIFIED BY THE SOUTH ATLANTIC BLUE SHARK 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

By 

 

FELIPE CORREIA CARVALHO 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

A DISSERTATION PRESENTED TO THE GRADUATE SCHOOL 

OF THE UNIVERSITY OF FLORIDA IN PARTIAL FULFILLMENT 

OF THE REQUIREMENTS FOR THE DEGREE OF 

DOCTOR OF PHILOSOPHY 

 

UNIVERSITY OF FLORIDA 

 

2014 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© 2014 Felipe Correia Carvalho 

 

 

 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This dissertation is dedicated in loving memory of my grandparents, Jose Lira Soares de 

Carvalho and Maria Ivone de Carvalho. 
 

 

 

 

 



 

4 

ACKNOWLEDGMENTS 

Thank God for the wisdom and perseverance that he has been bestowed upon me during 

my years in Graduate School, and indeed, throughout my life: "I can do everything through him 

who give me strength” (Philippians 4: 13). 

A special feeling of gratitude to my loving parents, Gesner Correia and Irany Carvalho, 

and my brother Eduardo Carvalho for being the pillows, role models, catapults, cheerleading 

squad and sounding boards I have needed. 

I also would like to express my sincere gratitude to Dr. Debra Murie, my committee 

chairman for her countless hours of reflecting, reading, encouraging, and most of all friendship 

over the past seven years. You have set an example of excellence as a researcher, mentor, and 

instructor. I could not ask for a better advisor. 

A special thanks to my committee co-chairman Dr. Rob Ahrens. The door to Rob’s office 

was always open whenever I ran into a trouble spot with my statistical models or had a question 

about my research or writing. Rob makes learning stock assessment a piece of cake. 

My gratitude also goes to Dr. Daryl Parkyn for encouragement and guidance. He has 

walked with me through all the stages of this project, and his friendship, instruction, and positive 

attitude have enabled me to face and overcome various difficulties.     

I would to like to thank Dr. Jose Miguel Ponciano for enlightening guidance and inspiring 

instruction in the development and completion of this study. Dr. Ponciano was always there to 

help me strengthen my quantitative skills and my grounding in data analysis.   

My experience and research were greatly improved through engagements with and 

critiques of knowledgeable, dedicated, available, and supportive scientists from the NOAA - 

National Marine Fisheries Service, and I especially thank Mr. Keith Bigelow and Dr. John 

Carlson. 



 

5 

My gratitude and sincere thanks also goes to Dr. Fabio Hazin. His passion for fishery 

science, but more importantly, the analytical thinking that goes behind it has inspired me since 

my very first day in college.  

I also want to thank Dr. Alexandre Aires-da-Silva and Dr. Mark Maunder for their great 

support, encouragement, insight, and suggestions during the development of this work.    

My sincere thanks to Mr. George Burgess from the Florida Program for Shark Research. 

This journey would not have been possible without his support, guidance, and friendship.  

To the Pacific Islands Fishery Science Center (NOAA – PIFSC), I especially thank Lennon 

Thomas, Gerard DiNardo, Ben Richards, Yi-Jay Chang, Hui Hua Lee, William Walsh, Jon 

Brodziak, Keith Bigelow, Darryl Tagami, Penglong Tao, Donald Kobayashi, and Annie Yow. 

My special words of gratitude to Humberto Gomes Hazin, Bruno Leite Mourato, Catarina 

Wor, John Waters, Charlene da Silva, Yannis Papastamatiou, Mollie Brooks, Jake Ferguson, 

Rosana Zenil, Gabriela Blohm, Oscar Murillo, Christian Barrientos, Geoffrey Smith, John 

Hargrove, Dana Bigham, Chelsey Campbell, Pat Gardner, Amanda Croteau, Zy Biesinger, Rui 

Coelho, Joana Fernandez, Johanna Imhoff, Andrew Piercy, Paulo Travassos, Drausio Veras, 

Diogo Martins, Andre Afonso, Fabio Caltabellotta, Chris Wall, Laurent Dagorn, Paulo 

Guilherme Vasconcelos de Oliveira, Danielle Viana, Osman Crespo, Fernando Mendonca, 

Santiago Montealgre Quijano, and Mariana Travassos, for all their professional help that they 

have extended to me throughout.  

To my friends and roommates, thank you for listening, offering me advice, and supporting 

me through this entire process. Special thanks to my friends from Biology Department and 

Fisheries Program, soccer, and SURF.  



 

6 

Finally, I would like to express my deepest appreciation and thanks to my best friend, my 

companion, my better half, my partner in adventures…I love you Julie Zill. I would also like to 

acknowledge my extended family, Jim Nelson, Carol Banning, Steven, Emily, and Donna Zill 

for their encouragement, support, and friendship. 

Finally, I would like to express my deepest appreciation and thanks to my best friend, my 

companion, my better half, my love, my partner in adventures…I love you Julie Zill. I would 

also like to acknowledge my extended family, Jim Nelson, Carol Banning, Steven, Emily, and 

Donna Zill for their encouragement, support, and friendship. 

 



 

7 

TABLE OF CONTENTS 

 

 page 

ACKNOWLEDGMENTS ...............................................................................................................4 

LIST OF TABLES ...........................................................................................................................9 

LIST OF FIGURES .......................................................................................................................10 

LIST OF ABBREVIATIONS ........................................................................................................12 

ABSTRACT ...................................................................................................................................14 

CHAPTER 

1 INTRODUCTION ..................................................................................................................16 

1.1 Overview ...........................................................................................................................16 
1.1.1. Stock Assessment For Sharks ................................................................................20 

1.1.2. Surplus Production Models ...................................................................................21 
1.1.3. Age-Structured Models .........................................................................................23 
1.1.4. Statistical Catch-at-Age Model .............................................................................24 

1.2. Motivation ........................................................................................................................25 

2 INCORPORATING SPECIFIC CHANGE POINTS IN CATCHABILITY IN 

FISHERIES STOCK ASSESSMENT MODELS: AN ALTERNATIVE APPROACH 

APPLIED TO THE BLUE SHARK (Prionace glauca) STOCK IN THE SOUTH 

ATLANTIC OCEAN ..............................................................................................................29 

2.1. Background ......................................................................................................................29 

2.2. Materials and Methods ....................................................................................................32 
2.2.1. Catch and Effort Data ............................................................................................32 

2.2.2. Cluster Analysis .....................................................................................................33 
2.2.3. CPUE Standardization ...........................................................................................34 
2.2.4. Bayesian State-Space Production Model ...............................................................35 
2.2.5. Prior Distributions .................................................................................................38 
2.2.6. Biological Reference Points ..................................................................................41 

2.2.7. Sensitivity Analysis ...............................................................................................42 
2.3. Results..............................................................................................................................42 

2.3.1. Cluster Analysis Identifying the “Target” Factor ..................................................42 
2.3.2. CPUE Standardization ...........................................................................................43 
2.3.3. Biomass Dynamic Model ......................................................................................44 

2.4. Discussion ........................................................................................................................46 

3 HABITAT SELECTION AND TRANS-OCEANIC MIGRATION BY BLUE 

SHARKS IN THE SOUTH ATLANTIC OCEAN FROM SATELLITE TELEMETRY .....65 



 

8 

3.1. Background ......................................................................................................................65 

3.2. Materials and methods .....................................................................................................67 
3.2.1. Satellite Tracking ...................................................................................................67 
3.2.2. Space Utilization Distribution ...............................................................................68 

3.2.3. Analysis of Directionality ......................................................................................69 
3.2.4. Overlapping Tracking and Oceanographic Data ...................................................70 
3.2.5. Random Effect Models ..........................................................................................70 
3.2.6. Vertical Habitat Utilization ...................................................................................72 

3.3. Results..............................................................................................................................72 

3.3.1. Movements and Utilization Distribution ...............................................................72 
3.3.2. Habitat Selection and Mixed Models ....................................................................74 
3.3.3. Vertical Habitat Utilization ...................................................................................76 

3.4. Discussion ........................................................................................................................76 

4 INCORPORATING VERTICAL SPATIAL POPULATION STRUCTURE INTO 

STATISTICAL CATCH-AT-AGE STOCK ASSESSMENT MODELS ..............................92 

4.1. Background ......................................................................................................................92 
4.2. Materials and Methods ....................................................................................................94 

4.2.1. Data ........................................................................................................................94 
4.2.2. Data Analysis .........................................................................................................96 

4.3. Results............................................................................................................................101 

4.3.1. CPUE Standardization .........................................................................................101 
4.3.2. Statistical Catch-at-Age .......................................................................................101 

4.4. Discussion ......................................................................................................................102 

5 CONCLUSIONS ..................................................................................................................120 

APPENDIX 

A GAMM .................................................................................................................................123 

B ANALYSIS OF RESIDUALS .............................................................................................125 

C TUKEY TEST ......................................................................................................................127 

D EFFORT DISTRIBUTION ..................................................................................................135 

LIST OF REFERENCES .............................................................................................................140 

BIOGRAPHICAL SKETCH .......................................................................................................155 

 

 



 

9 

LIST OF TABLES 

Table  page 

 

2-1 Growth parameters values used in the Demographic analysis for South Atlantic blue 

shark. ..................................................................................................................................51 

2-2 Percentage of each species or group of species per cluster (Asterisks (*) indicates the 

target species in each cluster). ...........................................................................................52 

2-3 Deviance analysis of explanatory variables in the Tweedie models for blue shark 

caught by Brazilian pelagic tuna longline fleet, from 1978–2012. ....................................53 

2-4 Estimations of regression coefficients and related statistics for the main effects of the 

variables included in the GLMs. ........................................................................................54 

2-5 Estimated parameters from the southern Atlantic blue shark stock assessment using a 

Bayesian state-space production model. ............................................................................55 

2-7 Estimated reference points from the southern Atlantic blue shark stock assessment 

using a Bayesian state-space production model. ................................................................56 

3-1 Summary data for 28 blue sharks tagged with pop-off satellite-tags in the south 

Atlantic Ocean. F – female; M – male. ..............................................................................81 

3-2 Results from the generalized additive mixed models (GAMMs) for presence and 

absence of tagged blue sharks in areas across the south Atlantic Ocean. ..........................82 

3-3 Results from the generalized additive mixed models (GAMMs) for presence and 

absence of tagged blue sharks in areas across the south Atlantic Ocean. ..........................83 

4-1 Definition of subscripts, input data, and input parameters. .............................................107 

4-2 Notation for estimated parameters, age-schedule calculations. *Upper and lower case 

subscripts indicate unfished and fished conditions, respectively.....................................108 

4-3 Residuals and likelihoods. ...............................................................................................109 

4-4 Deviance analysis of explanatory variables in the Tweedie models for blue shark 

caught by Brazilian pelagic tuna longline fleet, from 2002–2012. ..................................110 

 



 

10 

LIST OF FIGURES 

Figure  page 

 

1-1 Theorized movements by female blue sharks in the South Atlantic Ocean. .....................27 

1-2 Spatial distribution of observed (left) and predicted (right) blue shark CPUE (sharks 

per 1000 hooks) caught by the Brazilian pelagic longline fleet from 1997 to 2008 in 

the Southwest Atlantic. ......................................................................................................28 

2-1 Distribution of fishing effort in number of hooks by the Brazilian longline fleet 

between 1978 and 2012. ....................................................................................................57 

2-2 Annual catches (1978-2012) of blue shark in the South Atlantic Ocean estimated by 

using data supplied by ICCAT and methods that use either: 1) the ratio of tunas to 

sharks in the catch; or 2) the total shark fins in the shark-fin trade. ..................................58 

2-3 Nominal (red circle) and standardized (black line) CPUE of blue shark caught by the 

Brazilian pelagic tuna longline fleet from 1978–2012 without and with the “Target” 

factor. .................................................................................................................................59 

2-4 Time series of observed (red circle) and predicted (black line) CPUE from the 

southern Atlantic blue shark stock assessment using a Bayesian state-space 

production model ...............................................................................................................60 

2-5 Prior and posterior densities for   and   estimated by the southern Atlantic blue 

shark stock assessment using a Bayesian state-space production model under 

scenarios I (split-catchability) and II (continuous catchability). .......................................61 

2-6 Time series of observation error, process error, and catchability estimated by the 

southern Atlantic blue shark stock assessment using a Bayesian state-space 

production model ...............................................................................................................62 

2-7 Time series of exploitable biomass (mt) estimated by the southern Atlantic blue 

shark stock assessment using a Bayesian state-space production model. ..........................63 

2-8 Estimated trajectories for the posterior median of B/BMSY and F/FMSY from the 

southern Atlantic blue shark stock assessment using a Bayesian state-space 

production model ...............................................................................................................64 

3-1 Proposed movements by female blue sharks in the south Atlantic Ocean ........................84 

3-2 Most-probable track for tagged blue sharks across the south Atlantic Ocean fit with 

the Kalman Filter State-Space Model. ...............................................................................85 

3-3 Use areas occupied by tagged blue sharks across the south Atlantic Ocean. ....................86 



 

11 

3-4 Rose diagrams showing the angular changes for tagged blue sharks that represented r 

statistically different from uniform distributions for both Rayleigh and Rao’s tests. .......87 

3-5 Boxplot of sea surface temperature (SST) in the quadrants experienced by tagged 

blue sharks across the south Atlantic Ocean. .....................................................................88 

3-6 Boxplot of depth of the mixed layer (DML) in the quadrants experienced by tagged 

blue sharks across the south Atlantic Ocean. .....................................................................89 

3-7 Partial response curves showing the effects of sea surface temperature (SST) and 

depth of the mixed layer (DML) on presence of blue sharks in quadrants across the 

south Atlantic Ocean. .........................................................................................................90 

3-8 Cluster analysis of the frequency distributions of the proportion of time-at-depth for 

each individual and for adult males, adult females, and juveniles (both sexes 

combined). .........................................................................................................................91 

4-1 Annual catches (2002-2012) of blue shark by country in the South Atlantic Ocean 

estimated by ICCAT using the ratio of sharks landed to the total landings of all tunas 

(including swordfish and billfishes).................................................................................111 

4-2 Distribution of fishing effort in number of hooks by the Brazilian longline fleets 

between 2002 and 2012 in Areas I and II. .......................................................................112 

4-3 Proportion of time-at-depth histograms for adults and juveniles for areas I and II. A) 

Area I. B) Area II. ............................................................................................................113 

4-4 Histogram of standard residuals (left panel) and quantile–quantile (Q-Q) plots of the 

deviance residuals (right panel) of the model fit for Fleets A (Area I) and B (Area II). .114 

4-5 Nominal (red circle) and standardized (black line) CPUE of blue shark caught by the 

Brazilian pelagic tuna longline fleets A and B from 2002–2012. Shaded region 

represents the 95% credibility interval for predicted CPUE values. ...............................115 

4-6 Observed and predicted CPUE from the southern Atlantic blue shark stock 

assessment using the SCAM under scenarios I and II. Shaded region represents the 

95% credibility interval for predicted CPUE values........................................................116 

4-7 Observed age-composition (top panel) and Pearson residuals between observed and 

predicted proportions-at-age (bottom panel, with negative residuals given by blue 

circles). .............................................................................................................................117 

4-8 Selectivity curves constructed using catch-at-age information of blue sharks caught 

by the Brazilian pelagic tuna longline fleets A and B from 2002–2012. Dashed black 

lines represent the estimated age at 50% selectivity. .......................................................118 

4-9 Total biomass and spawning stock biomass (SSB) estimated by the southern Atlantic 

blue shark stock assessment using the SCAM. ................................................................119 



 

12 

LIST OF ABBREVIATIONS 

ADMB AD model builder 

AIC Akaike information criterion 

ANOVA Analysis of variance 

ASM Age-structured models 

BBMM Brownian bridge movement model  

 

BIC Bayesian information criterion 

BSH Blue shark 

CI Credibility intervals  

 

CODA Convergence diagnosis and output analysis 

CPUE Catch-per-unit-effort 

CV Coefficient of variation 

DIC Deviance information criterion  

DML Depth of the mixed layer 

ECDF Empirical cumulative distribution function 

GAM Generalized additive model 

GAMM Generalized additive mixed model 

GLM Generalized linear model 

HBS Habitat based standardization 

ICCAT International commission for the conservation of Atlantic tunas 

MCMC Markov chain monte carlo  

MSY Maximum sustainable yield  

PODAAC Physical oceanography distributed active archive center 

 

PSAT  Pop-up satellite archival tag 



 

13 

RMFO Regional fisheries management organization 

SA South Atlantic 

SCAM Statistical catch-at-age models 

SPM Surplus production models 

SRR Stock recruitment relationship 

SSB Spawning stock biomass 

SST Sea surface temperature 

STC Subtropical convergence 

TAC Total allowable catch 

UD Utilization distributions  

VPA Virtual population analysis 

 

 

 

 



 

14 

Abstract of Dissertation Presented to the Graduate School 

of the University of Florida in Partial Fulfillment of the 

Requirements for the Degree of Doctor of Philosophy 

 

CHANGES IN TARGET SPECIES AND SPATIAL POPULATION STRUCTURE IN STOCK 

ASSESSMENT MODELS FOR HIGHLY MIGRATORY PELAGIC FISH STOCKS AS 

EXEMPLIFIED BY THE SOUTH ATLANTIC BLUE SHARK 

 

By 

Felipe Carvalho 

 

May 2014 

 

Chair: Debra Murie 

Co-chair: Robert Ahrens 

Major: Fisheries and Aquatic Sciences 

 

In 2008 The International Commission for the Conservation of Atlantic Tunas (ICCAT) 

encouraged future research on movement patterns, habitat utilization, and different stock 

assessment models that would allow incorporation of these types of information to improve the 

quality and reduce uncertainty in future Atlantic blue shark (Prionace glauca) stock assessments. 

Furthermore, the ICCAT working group on assessment methods also expressed concern that 

some CPUE series used in the assessments might be misleading due to changing fishing 

strategies within the fishery, such as changes in target species. My dissertation proposal 

addresses this necessity and focuses on investigating the movements of the South Atlantic blue 

shark stock using Pop-up Satellite Archival Tags (PSAT), as well as developing and comparing 

the predictions of a series of stock assessment models for the South Atlantic blue shark. Chapter 

2 presents a suite of Bayesian state-space production models fitted to the time series of a South 

Atlantic blue shark stock in which a single change point in the stationary distribution of the  

catchability coefficient is specified in order to capture a significant change in target species 

(hence catchability) in the Brazilian longline fishery. Accounting for a single change point in the 
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catchability coefficient had no significant impact on the status of South Atlantic blue shark (still 

above BMSY); however, it provided a robust way of accounting for changes in catchability as a 

result of changing target species. In Chapter 3, satellite telemetry and random mixed-models 

were used to quantify the factors driving movement patterns in blue sharks across the South 

Atlantic Ocean.  The majority of sharks showed a residency to core areas and showed patterns of 

vertical segregation between adults and juveniles. In Chapter 4, the effectiveness of integrating 

the vertical spatial structure of the South Atlantic blue shark population in Statistical Catch-at-

Age Models (SCAM) was evaluated. Although accounting for vertical spatial structure had no 

significant impact on the status of South Atlantic blue sharks (SSB2012 > SSBMSY), the model 

provided a simpler method to capture some of the complexities of a spatially-structured stock. 

Overall, accounting for changes in target species directly in the Bayesian surplus production 

model and spatial structure information into the Statistical Catch-at-Age Models indicated that 

the South Atlantic blue shark stock is not overfished (SSB2012 > SSBMSY), nor is overfishing 

occurring (F2012 < FMSY), and the stock is therefore in no danger of overexploitation and collapse. 
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CHAPTER 1 

INTRODUCTION 

1.1 Overview  

Most of the world’s catches of sharks are taken incidentally by various types of fishing 

gear, constituting bycatch that is either discarded at sea or landed for sale. Over the past decade 

there has been a growing global concern regarding bycatch of sharks in fishing operations 

(Coelho et al., 2003). However, the historically low economic value of shark products compared 

to other fishes has resulted in research and conservation of sharks being given a lower priority 

than traditionally higher-value fish species (Barker and Schleussel, 2005).  

The blue shark is one of the widest ranging sharks, having a circumglobal distribution in 

tropical, subtropical, and temperate seas, including the Mediterranean (Compagno, 1999). The 

blue shark’s relatively high abundance (Aires-da-Silva and Gallucci, 2008), in addition to its 

cosmopolitan distribution and presence in multiple and widespread fisheries, has resulted in it 

being a relatively well-studied elasmobranch and there is considerable information available on 

its biology in the North Atlantic Ocean (e.g., Skomal and Natanson, 2003) and in South Atlantic 

Ocean (Hazin et al., 1990, 1994a, 1994b, 2000; Amorim 1992).  

Little is yet known, however, about the stock structure of blue sharks in the world’s 

oceans (Aires-da-Silva and Gallucci, 2008). In the South Atlantic, the hypothesis of a single 

stock for management and stock assessment purposes is debatable (Amorim 1992; Hazin et al. 

1994a; Castro and Mejuto, 1995; Legat, 2001; Azevedo, 2003; Mejuto and García-Cortés, 2005). 

Using information from blue sharks caught off northeastern and southeastern Brazil, as well as 

the Gulf of Guinea off the western coast of Africa, Hazin et al. (2000) proposed that a single 

stock of blue sharks undertake a migratory cycle using a large portion of the South Atlantic 

Ocean. They hypothesized that mating occurs in southern Brazilian waters, primarily from 
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December to February, and that ovulation and fertilization follows about 3-4 months later from 

April to June while off northeast Brazil. Pregnant females then move eastward to the African 

west coast and from there southward to parturition grounds located at higher latitudes (Figure 1-

1A).  

However, Legat (2001), using reproductive and morphometric data from blue sharks 

caught off southern Brazil, proposed the existence of two separate stocks in the South Atlantic 

Ocean. Legat (2001) suggests that one stock is based in the western region of the South Atlantic 

Ocean near northeastern Brazil, where mating, ovulation, fertilization, and the initial stages of 

pregnancy occur. Pregnant females from this population then move towards African waters, with 

parturition occurring between 5°N and 5°S and 5°E and 10°E, near the Angola Gyre. The second 

stock has mating, ovulation, fertilization and pregnancy occurring between 20°S and 40°S, with 

a nursery area probably located in African waters between 30°S and 40°S (Figure 1-1B). 

Currently, there are not enough data to fully support or refute either of these hypotheses. 

However, we have tagged, and are currently tagging, blue sharks using Pop-up Satellite Archival 

Tags (PSATs) in the Southwest Atlantic to investigate large-scale movements and vertical 

distribution of this species. Preliminary results indicate trans-oceanic migration of female blue 

sharks, with one individual having moved from its tagging site off the northeast coast of Brazil to 

the Gulf of Guinea area off the west coast of Africa (F. Carvalho, unpublished data). A juvenile 

blue shark tagged off the coast of Uruguay was also recaptured in South African waters in 2009 

(da-Silva et al., 2010). In 2010, a juvenile moved from the southeast coast of Brazil up north 

towards the equatorial Atlantic after 44 days. These observations support the hypothesis of a 

single blue shark population in the South Atlantic.  
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In Brazil, blue sharks are taken along the entire coast by fleets targeting tunas and 

swordfish with pelagic longline gear (Carvalho et al., 2010). Since 1971, important changes have 

been observed in fishing gear and strategies in the Brazilian longline fishery that may have 

caused spatial and temporal trends in shark catches (Amorim, 1992). Between 1972 and 1995, 

the amount of sharks landed from the southeastern coast of Brazil increased greatly, with average 

annual landings in the Port of Santos increasing from 7.8 mt (8.6 t) between 1971 and 1976 to 

1,136 mt (1,250 t) between 1990 and 1994. In 1996, the landings declined abruptly to 491 mt 

(541 t) because 40% of the longline vessels operating off the coast of Brazil moved to Panama to 

fish (Hazin et al., 2000). Recently, the majority of blue sharks caught in Brazil were landed in 

the city of Itajai, State of Santa Catarina (550 mt/year), where the main fishing fleet operating off 

southern Brazil is based. 

Carvalho et al. (2010) analyzed the distribution and relative abundance of blue sharks in 

the Southwestern Atlantic Ocean based on catch-per-unit-effort (CPUE) and length frequencies 

of blue sharks caught by the Brazilian pelagic tuna longline fleet between 1978 and 2009. Blue 

shark CPUE showed a relatively stable trend from 1978 to 1995. In 1995, the first sharp increase 

in blue shark CPUE was observed, which could have been attributed to the introduction of 

monofilament gear in 1995-1996 to target swordfish, followed by a gradual increase in the 

market value of blue shark with time. In 2001 there was another increase in the trend in 

standardized CPUE, going up to a maximum value in 2008 that was approximately 1.8.  This 

may have been due to a few factors, including: 1) the majority of the national Brazilian longline 

fleet started to target swordfish instead tunas. Furthermore, good market conditions for swordfish 

were an extra stimulus for the national fleet, which was reflected in the number of vessels 

increasing 15% from 2002 to 2003 and 19% from 2004 to 2005 (Hazin, 2006); 2) the steady 
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supply of blue shark meat gradually helped to build a market for the species in Brazil, thereby 

driving landing values upward; 3) the value of fins, which were largely exported to Asian 

markets in the early 2000’s, followed a similar trend in increasing price during this time period; 

and 4) since 2000 the Santos and Itajaí fleets started to concentrate their fishing efforts in areas 

close to the oceanic banks of Rio Grande Rise, off the southern Brazil, where the blue shark 

abundance is much higher, as indicated by the predicted CPUE in the area (Figure 1-2) (Carvalho 

et al., 2011).  

Carvalho et al. (2010) also analyzed length frequency distributions of over 11,000 blue 

sharks caught in the Southwest Atlantic Ocean. Overall, the spatial distribution of blue sharks by 

size had a general tendency of large-adults to concentrate in lower latitudes and juveniles to be 

more common in higher latitudes. Seasonal variation in size was also observed for different 

latitudes.  

The management of blue shark stocks in the Atlantic Ocean is under the responsibility of 

the International Commission for the Conservation of Atlantic Tunas (ICCAT). ICCAT carried 

out a stock assessment for Atlantic blue sharks using the two stock hypothesis (one in the North 

Atlantic and another in the South Atlantic) and Bayesian surplus production models (ICCAT, 

2008). All analyses indicated that the current fishing mortality rates for the blue shark in the 

North and South Atlantic are sustainable. Although the general conclusion of the assessment was 

that the blue shark stock in the South Atlantic Ocean was not overfished, the results were 

interpreted with considerable caution due to data deficiencies and the resulting uncertainty in the 

assessment (ICCAT, 2008). ICCAT encouraged future research on different stock assessment 

models that would allow incorporating information, such as movement and age, to improve the 

quality and reduce uncertainty in future Atlantic blue shark stock assessments. 
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1.1.1. Stock Assessment For Sharks 

In recent years, there has been increasing concern about the deteriorating status of the 

world’s pelagic shark populations (i.e., Cailliet et al., 2005; Aires-da-Silva et al., 2009; Dulvy et 

al., 2008; Simpfendorfer et al., 2008). Whereas there is some uncertainty about the precise status 

of these species, there is no doubt that populations have declined significantly (Baum et al., 

2003, 2005; Baum and Myers 2004; Simpfendorfer et al., 2008). Most pelagic shark species are 

K-strategist because of their life-history characteristics, including late attainment of sexual 

maturity, long life span, slow growth and low fecundity (Gruber and Stout, 1983). These 

characteristics make them susceptible to heavy fishing pressure and prolonged recovery times 

from overfishing (Walker, 1998; Cortés, 2002, 2008; Smith et al., 2008). It is therefore important 

that management measures are in place to ensure the future sustainability and prevent population 

collapse of these species.  

 Perhaps the most influential works on shark stock assessment were those of Holden in 

the 1960s and 1970s (Musick and Bonfil, 2005). Holden was one of the first scientists to 

consider the problem of shark stock assessment from a general point of view. He correctly 

pointed out that sharks were different from most bony fishes in terms of their biology, but 

unfortunately he incorrectly concluded that classic fisheries models, such as stock production 

models, could not be applied to sharks and rays (Musick and Bonfil, 2005). He specifically stated 

that the assumptions of surplus production models regarding immediate response in the rate of 

population growth to changes in population abundance and independence of the rate of natural 

increase from the age composition of the stock do not hold for sharks. Currently, surplus 

production models have been used by many Regional Fisheries Management Organizations 

(RMFOs) to perform population assessments for pelagic sharks, such as the blue shark in the 
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Atlantic Ocean, motivated mainly by the lack of biological information (i.e. age data) 

(Simpfendorfer et al., 2008) 

1.1.2. Surplus Production Models 

The input parameters used in surplus production models are catch and effort data. In this 

approach, consistent with most other stock assessment techniques, CPUE is regarded as an index 

of resource biomass. The problem is to estimate (1) the constant of proportionality linking CPUE 

to resource biomass, referred to as the catchability coefficient, and (2) to estimate the resource 

carrying capacity. 

Most surplus production models fit a Schaefer Model and assume that the relationship 

between surplus production and resource biomass is bell-shaped and fairly symmetrical with a 

maximum about halfway between a resource biomass of zero and the carrying capacity 

(McAllister et al., 1994). In practice, surplus production curves are seldom symmetrical and 

there are a variety of surplus production models that accommodate virtually all-possible 

asymmetrical relationships that may be required for different situations. For example, in many 

finfish stocks the maximum is assumed to occur at a biomass less than the halfway point, 

whereas for whale stocks it is assumed to lie at a biomass greater than the halfway point, this is 

due mainly by differences in their life history patterns (Cortés et al., 2008).  

Simpfendorfer et al. (2008) analyzed the risk of over-exploitation for pelagic shark 

species taken in Atlantic longline fisheries using the position of the inflection point of the 

population growth curve (r) as a measure of the level (relative to virgin biomass) at which the 

biomass at maximum sustainable yield (BMSY) may be achieved (r  ~ BMSY). The results showed, 

for example, that blue sharks probably achieve MSY (Maximum Sustainable Yield) at levels of 

virgin biomass below the halfway point while thresher sharks achieve MSY at much greater 

biomass than that.   
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Computer-based techniques have to be used to estimate the catchability coefficient, the 

resource carrying capacity and the scale of the surplus production curve. It is also necessary to 

provide a value for the resource biomass at the start of the fishery – this is normally assumed to 

be equal to the resource carrying capacity, but a different value may be used in certain 

circumstances. The computer-based techniques involve comparing the implied (or estimated) 

CPUE trend for the resource, which one can calculate based on initial estimates of all the model 

quantities, to the actual CPUE recorded. Subsequent ‘iterations’ of the catchability coefficient, 

the resource carrying capacity and the scale of the surplus production curve are then made to 

improve this comparison. The model iterations are based on a mathematical algorithm and the 

whole process eventually converges to the best possible set of model quantities. The idea is for 

the predicted CPUE and the observed CPUE to agree exactly but because of statistical noise this 

is never possible.  

Surplus production models offer an excellent cost/benefit ratio. Data requirements are 

modest compared with other models, but they can yield critical information for assessment and 

management, such as estimates of virgin and current biomass, level of depletion of the 

population, MSY, and optimal effort. Most importantly, they can be used to make projections of 

the population under several scenarios of management (quotas or efforts) and to evaluate the 

outcome of each scenario.  

A further advantage of surplus production models is their simplicity, which at the same 

time can be viewed as a criticism because the models lack biological reality, and specifically 

they do not include age structure. These models assume that all the processes occurring in a 

population can be captured by the simple processes described above while ignoring the size or 

age structure of the population and the dynamics of different parts of the population. Pauly 
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(1980) mention that the main question the Schaefer model is not able to measure is the 

instantaneous changes to the intrinsic rate of natural increase of the population. Therefore the 

results obtained are limited to the static conditions and do not identify the equilibrium conditions 

of the stock. Maunder (2003) considered that the Schaefer model should be discarded from use in 

stock assessments and replaced by the Pella-Tomlinson model (Pella, 1993; Fletcher, 1978), 

which allows for flexibility in the shape of production curve.  

Finally, surplus production models are applied to elasmobranch fisheries as they are one 

of the easiest to implement and most fisheries databases available for shark stock assessments, 

such as blue sharks in the Atlantic, consist only of catch and effort data (Cortés et al., 2008). 

However, care should be taken when using production models to take the effects of the resource 

dynamics into account (Schnute, 1977). Most of the surplus production models treat the resource 

biomass as a lumped variable and do not take direct account of the underlying age-structure. In 

order to take the transient effects that result from time-lags into account, an age-structured 

production model should be applied (Punt et al., 1995), when required data are available.  

1.1.3. Age-Structured Models 

Age-structured models are a family of stock assessment methods that are based on catch-

at-age data. These methods are more detailed compared with surplus production models and 

basically are recursive algorithms that calculate stock size based on catches broken down by each 

age class. Using these methods it is possible to estimate the magnitude of fishing mortality, 

levels of recruitment and the numbers at age in the stock for each past year using only catch-at-

age and an estimate of natural mortality (M) (Musick and Bonfil, 2005). 

A fundamental part of age-structured models is the concept of cohort. A cohort comprises 

all the individuals that were born in the same year. Age-structured models track the history of 

each cohort in the exploited population back in time from the present to the time each cohort was 
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born, or more commonly to the time it recruited to the fishery. These models specifically 

calculate the number of fish alive in each cohort for each past year, following each cohort back 

through time. These models reconstruct the entire exploited population in order to estimate 

fishing mortality and numbers-at-age for each age class each year (Musick and Bonfil, 2005). 

There are several age-structured stock assessment methods, however, the most commonly used 

in stock assessment for highly migratory species are Virtual Population Analysis (VPA) and 

Statistical Catch-at-age Analysis (Porch et al., 2006).  

1.1.4. Statistical Catch-at-Age Model 

Statistical catch-at-age models take a different approach than the backward-projecting 

virtual population assessment models (VPA). Statistical catch-at-age models are almost always 

forward-projecting models and often treat the catch as data needing to be fit (rather than assumed 

known without error). Most statistical catch-at-age models take the Bayesian approach, which 

facilitates taking account of the uncertainties related to models and parameter values and permits 

incorporation of prior information.  

Compared to VPA models, statistical catch-at-age models use more formalized statistical 

approaches to link the data to the population dynamics models. The model-fitting exercise for a 

statistical catch-at-age model is the same as the generic model-fitting procedure. Because of its 

forward-projecting approach, the stock sizes in the projected years are the least precise (in 

contrast to virtual population analyses, in which the stock sizes in the earliest years are least 

precise). 

While statistical catch-at-age approaches are still sensitive to aging errors and to errors in 

natural mortality, the uncertainty in these parameters can be directly incorporated into the model 

if, that is, the modeler has some knowledge about how large those uncertainties might be  

(Methot, 2000). 
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1.2. Motivation 

Based on Carvalho et al. (2010, 2011) and trans-oceanic movement of blue sharks 

observed using satellite tags (F. Carvalho, unpublished data), it is clearly evident that blue sharks 

in the South Atlantic vary spatially at a large scale. This variability should be considered in the 

assessment and management of blue shark stocks. As data collection methods improve, more 

fine-scale spatial data become available. These data can be analyzed to get a better understanding 

of the spatial variability and movements of the stock and fishery dynamics. Management 

strategies can then be designed to either exploit this spatial variability or to be robust to it, 

depending on the situation. Currently, few stock assessment models directly address spatial 

variability and movements of stocks (i.e., Stock Synthesis; Methot, 2000).  

For the past 5 years, strong research efforts on blue sharks in the South Atlantic Ocean 

have resulted in a variety of data sets, including information on catch and effort, size, and 

movements by various agencies and research centers in many countries off the Brazilian and 

West African coasts.  

With this additional data and movement information, it is an opportune time to apply 

more than the typical surplus production model used to assess blue shark populations in the 

South Atlantic. The movement, length, age, catch, and effort data available provides a unique 

opportunity to develop a more realistic stock assessment model for blue sharks in the South 

Atlantic Ocean. To achieve this goal, I will (Figure 1-3):  

1. First, for continuity with current ICCAT blue shark stock assessments, I will assess the 

South Atlantic blue shark stock using a Bayesian Surplus Production Model with updated 

catch and effort data from the South Atlantic longline fisheries. Here, I will also develop 

an alternative method to integrate changes in fishing strategy directly into stock 

assessment models; 

2. I will then quantify the spatial structure, movement patterns, and habitat utilization of 

South Atlantic blue sharks using Pop-up Satellite Archival Tags (PSAT); and finally  
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3. To assess whether incorporating age and spatial population structure improves the blue 

shark stock assessment, I will use a statistical catch-age approach. Finally, I will compare 

the estimates of South Atlantic blue shark Fcurr/FMSY and Bcurr/BMSY obtained from the 

different models developed in the present study, with those suggested by ICCAT.  
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A 

 

B 

 

Figure 1-1.  Theorized movements by female blue sharks in the South Atlantic Ocean A) From 

Hazin et al. (2000). B) Two stocks structure hypothesized by Legat, J.F.A. (2001). 

Adapted from Legat, J.F.A. (2001). Distribuição, abundância, reprodução e 

morfometria de Prionace glauca no sul do Brasil. Master’s thesis, Fundação 

Universidade Federal do Rio Grande, Rio Grande, Brazil (Page 45, Figure 2-7). 
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Figure 1-2.  Spatial distribution of observed (left) and predicted (right) blue shark CPUE (sharks 

per 1000 hooks) caught by the Brazilian pelagic longline fleet from 1997 to 2008 in 

the Southwest Atlantic. A=Argentina, B=Uruguay, and C= Rio Grande Rise. The 

3000-m isobaths is shown by a solid black line. Adapted from Carvalho, F.C., Murie, 

D.J., Hazin, F.H.V., Hazin, H.G., Leite-Mourato, B., Burgess, G.H., 2011. Spatial 

predictions of blue shark (Prionace glauca) catch rate and catch probability of 

juveniles in the Southwest Atlantic. ICES J. Mar. Sci. 68, 890–900 (Page 896, Figure 

6). 
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CHAPTER 2 

INCORPORATING SPECIFIC CHANGE POINTS IN CATCHABILITY IN FISHERIES 

STOCK ASSESSMENT MODELS: AN ALTERNATIVE APPROACH APPLIED TO THE 

BLUE SHARK (Prionace glauca) STOCK IN THE SOUTH ATLANTIC OCEAN 

2.1. Background 

The majority of abundance indices used in stock assessments are derived from estimates 

of catch-per-unit effort (CPUE), the number or biomass of fish caught as a function of effort 

(Quinn and Deriso, 1999). The primary assumption behind a CPUE-based abundance index is 

that changes in the index are assumed to be proportional to changes in the actual stock 

abundance (Maunder and Punt, 2004). The catchability coefficient, the proportionality constant 

between an abundance index and a population size, can be an influential parameter in many stock 

assessment models (Arreguín-Sanchez, 1996). In general, the catchability coefficient is assumed 

to be constant over time and independent of population size. These assumptions are unrealistic 

because many biological, management-based, and fishery-dependent factors may influence 

catchability in fisheries, such as: spatial and temporal aggregation of fish, changes in fishing 

power, gear selectivity, environmental variability, and dynamics of the population or fishing fleet 

(Maunder et al., 2006; Carruthers et al., 2010). In addition to these other factors, fishermen often 

change the species they target without documentation (Hutchings and Myers, 1994; Salthaug and 

Aanes, 2003), adding ambiguity to the catchability information of the caught species (Carvalho 

et al., 2010). 

A number of alternative methods can be used to account for variation caused by the 

above-mentioned factors in the catchability coefficient over time, represented here as time-

varying catchability. Two methods are commonly used to address this variability: 1) 

standardization of the CPUE-derived indices via generalized linear models (GLMs) with the aim 

of correcting the raw dataset for known factors before the stock assessment, and 2) direct 
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specification of time-varying catchability during the fitting of the dynamic model used for the 

assessment. If the GLM approach is used, one way to compensate for changes in target species in 

a multi-species fishery over time is to include changes in target species, along with other factors 

that are known to influence catchability, in a CPUE standardization process. Carvalho et al. 

(2010), for example, used cluster analysis and GLMs to incorporate changes in target species of 

the Brazilian longline fishery when estimating abundance indices for the south Atlantic blue 

shark (Prionace glauca) stock. Their results clearly showed a major change in target species 

occurring in 1996 when most of the fleet started targeting swordfish (Xiphias gladius) instead of 

tunas (Thunnus spp.), with a concomitant switch from using multifilament to monofilament 

longlines with chemically luminescent light-sticks. Swordfish and blue sharks are commonly 

caught together in the longline fishery (Campana et al., 2011), and thus this change in target 

species also increased blue shark catches. However, it was still unclear if the standardization 

process was able to fully account for the effects of changes in target species on blue shark CPUE 

variability, indicating a need for further study.  

In the assessment process, state-space models are an alternative method to model time-

varying catchability. They can be formulated to estimate the catchability coefficient, historical 

abundance, and other parameters simultaneously, and allow them to vary over time without 

specifying the source of variation (Wilberg et al., 2010). The interest in state-space models as 

modeling tool in fisheries management has increased in the last decade (e.g. Rivot et al., 2004; 

Michielsens et al., 2006). One of the most important advantages of state-space models is that 

they can separate an observed process into two components: a system process that models the 

biological process over time and an observation process that accounts for imperfect detection of 

the system process, such as measurement error (Buckland et al., 2004; Dennis et al., 2006). 
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Another way to accommodate time-varying catchability in stock assessment models is through 

the estimation of the variance parameter of the likelihood for the CPUE data (Wilberg et al., 

2010). This method does not explicitly model catchability, but estimating an additive variance 

parameter accommodates additional white-noise variation in the catchability coefficient. Other 

methods that explicitly model time-varying catchability in stock assessment have also been 

developed (see Wilberg et al., 2010). 

The management of blue shark stocks in the Atlantic Ocean is under the jurisdiction of 

the International Commission for the Conservation of Atlantic Tunas (ICCAT). In 2008, ICCAT 

conducted a stock assessment for south Atlantic blue shark using a Bayesian surplus production 

model and multiple CPUE time series from various fishing fleets. All analyses indicated that 

current fishing mortality rates for blue shark in the south Atlantic are sustainable. However, the 

general conclusion of the assessment was that the results needed to be interpreted with 

considerable caution due to data deficiencies and the resulting uncertainty in the assessment 

(ICCAT, 2008). The ICCAT working group on assessment methods also expressed concern that 

some CPUE series used in the assessments might be misleading due to target species changing 

within the fishery. 

Time-varying catchability remains a central concern in fisheries science due to its 

potential to create biases in stock assessments. The present study aimed to improve the 

understanding of how changes in catchability over time, specifically due to changes in target 

species, affected the CPUE standardization process. Furthermore, we illustrate how specifying a 

single change point in the stationary distribution of the catchability coefficient can lead to 

different estimates of biological reference points and subsequent harvest quota options. For this 

purpose, a methodology to incorporate specific changing points in the catchability coefficient in 
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a Bayesian state-space production model was developed and applied to the south Atlantic blue 

shark stock.  

2.2. Materials and Methods  

Three sequential procedures were used to relate target species changes, catchability, and 

CPUE time-series to production models: 1) a cluster analysis was used to identify target species 

in the Brazilian longline fishery in the southwest Atlantic Ocean; 2) standardized CPUE 

abundance indices for blue shark were constructed with and without the “target species” factor 

identified through the cluster analysis; and 3) standardized abundance (CPUE) indices were fit to 

a Bayesian state-space production model under two scenarios. In scenario I, the CPUE series was 

split into periods pre- and post-1996, the year when there was a marked change (change-point) in 

the targeted species. The catchability coefficient values were then estimated for each period. In 

scenario II, the CPUE series used in the model was not split and a single value was estimated for 

the catchability coefficient. Biological and management reference point estimates from both 

scenarios were then compared. 

2.2.1. Catch and Effort Data 

Blue shark catch and effort data used in Carvalho et al. (2010) were updated to 2012, 

increasing the total of longline sets made by the Brazilian pelagic tuna longline fleet to 72,231, 

including both national and chartered vessels fishing from 1978 through 2012 (Figure 2-1). 

Logbooks were made available by the Ministry of Fisheries and Aquaculture within the Brazilian 

government. Longline sets were distributed throughout a wide area of the southwestern Atlantic 

Ocean, ranging from 10
◦
E and 50

◦
W longitude and between 10

◦
N to 45

◦
S latitude. This total 

fishing ground was divided into two areas, north and south of 15
◦
S, based on differences in the 

oceanographic characteristics (Carvalho et al. 2010) (Figure 2-1).   
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The Bayesian state-space production model used the total catch per year for the south 

Atlantic blue shark between 1978 and 2012. Because the catches reported to ICCAT over time 

are known to represent only a portion of total removals of the species of concern to ICCAT, 

working groups have resorted to various methods to estimate a time series of the total catch. Two 

such methods were used by ICCAT in its last blue shark assessment. The first method, developed 

by Clark et al. (2006), estimate shark catches in the Atlantic by all fleets based on a 

characterization of the global shark fin trade as of 2000, including number and biomass by shark 

species. In this method, Hong Kong fin trade-based estimates for 2000 were scaled to annual 

global values for 1980-2006 using the observed quantity of imports to Hong Kong and an 

approximation of Hong Kong’s share of the global trade in each year. The resulting global fin 

trade for each year was then scaled to Atlantic-specific values (Clarke, 2008, ICCAT, 2008). The 

second method was developed by the ICCAT shark working group (ICCAT, 2005). It estimates 

the percentage of reported shark catch vs. the combined total catch of tunas, swordfish, and 

billfish. The ratio from this calculation was aggregated by gear and fleet characteristics and 

applied to strata for which no shark catch information is available in order to estimate possible 

catch levels of blue shark for non-reporting fleets over the period 1978-2012 in the south 

Atlantic. As it was in the last ICCAT blue shark assessment, the total catch in each year was set 

equal to the maximum of the catch estimated from the tuna ratio and the catch estimated from the 

fin trade data. Except when no fin trade estimates were available during 1978-1980, 1982, 1985, 

1989, and 2006-2012, catches were much higher in the fin ratio based estimate than in the tuna 

ratio based estimate (Figure 2-2).  

2.2.2. Cluster Analysis 

We used cluster analysis to account for changes in target species of the Brazilian longline 

fishery from 1978 through 2012, as described by Carvalho et al. (2010). Data for the cluster 
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analysis were obtained from the logbooks of the Brazilian longline fishery, which included such 

information as: vessel identification, fishing locations, starting times of setting and retrieval, 

number of hooks deployed, and number of fish caught by species. Clusters were developed using 

SAS 9.3 software (SAS Institute, Cary NC). First, we fit a non-hierarchical cluster analysis (K-

means method; Johnson and Wichern, 1988) in order to identify the ideal number of clusters 

associated with targeting different groups of fish. After the cluster analysis, percentages of the 

species and species groups were calculated for each cluster. These clusters comprised the 

“target” species factor in the GLM.  

2.2.3. CPUE Standardization 

Two standardizations were performed for blue shark catch and effort data using GLMs. 

In order to assess the impact of the “target” factor in the standardization, this factor was added to 

one of the models. The number of zero blue shark catches was relatively high in the dataset 

(56%) and a Tweedie distribution with a log-link function was therefore used in the GLMs 

following Carvalho et al. (2010). The models used the following formulas: 
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where  : location parameter;   : diffusion parameter;  : power parameter (Shono, 2008). 
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The selection of predictors was evaluated exclusively on AIC (Akaike Information 

Criterion) values. The GLMs were computed in the R language for statistical analysis (R 

Development Core Team, 2011).  

2.2.4. Bayesian State-Space Production Model 

South Atlantic blue shark population dynamics were modeled within a surplus production 

model framework using AD Model Builder (ADMB; Fournier et al., 2012). Surplus-production 

models are the most commonly used stock assessment approach when data are comprised of only 

harvest and relative abundance time series (Hilborn and Walters, 1992). South Atlantic blue 

shark stock dynamics were accounted for by fitting a surplus-production model using a logistic 

difference equation to predict changes in population biomass (B) in year y (Equation 2-1). In this 

model, population change is governed by two population parameters while the harvest process is 

linked with changes in population size (Hilborn and Walters, 1992):  

              (  
    

 
)                                                                                     (   ) 

where By is the biomass at the start of year y,   is the intrinsic growth rate,   is the carrying 

capacity, and Cy is the total catch during year y.  

In order for model predictions to be useful for comparison in a management context, it is 

important to be able to make probabilistic statements regarding the likelihood of a particular 

outcome. Parameter estimation is therefore done using either a Bayesian or a Maximum 

Likelihood approach, with both methods incorporating external information of the parameters of 

interest. In the case of a Bayesian approach, this information comes in the form of a prior; the 

lack of parameter identifiability does not impose an inferential problem as long as this lack of 

information can be compensated using priors based on expert knowledge. Under Maximum 

Likelihood, extra information about the parameters of interest can be incorporated by writing the 
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Joint Likelihood function of the external data and the focal data of interest. In this latter 

approach, data, not priors, are elicited to solve the identifiability problem (Ponciano et al., 2012). 

In the present assessment, an existing Bayesian estimation framework developed by 

Meyer and Millar (1999) was used. This framework explicitly considers both observation error 

and process error to estimate south Atlantic blue shark population parameters while also 

providing probability distributions associated with population predictions. This model assumes 

there is a single closed stock and that the dynamics of the stock (e.g. density-dependent growth, 

mortality, and recruitment processes) are well described by the Schaefer model (Schaefer, 1954).  

Variability is an important feature of natural populations and ignoring it often leads to an 

incomplete representation of the state of a population and an incorrect prediction of its future. 

The process error model relates the dynamics of a population to natural variability resulting from 

demographic and environmental processes. Here, the process model uses a state-space 

representation of the Schaefer surplus production model. With this parameterization, the 

deterministic equation (Equation 2-1) is rewritten into a stochastic population model with 

population state values expressed as a proportion of the carrying capacity (Pt = Bt/K) (Equation 

2-2). The biomass in the first year of the time series was scaled using the model parameter  , 

which is defined as the ratio of the biomass in the first year of the CPUE time series to K.   

                  (   ) 

                (          (      )  
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where         are the unknown states and    the process error for year t. 

The observation error model connects the state process (Eq. 2) to CPUE (I), assuming 

CPUE is proportional to biomass (Equation 2-3). An "additional variance" approach, where the 
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variance of measurement errors is the sum of variance estimates from index standardization and 

additional variance, was also implemented.  

           
            (   ) 

      (      ) 

where q is the catchability coefficient, in year t, and   is the observation error for year t. 

Observation error variance, process error variance, and index standardization variance, are 

defined by the parameters   ,   , and  , respectively. When evaluating the joint-posterior 

distributions of the observed and unobservable processes (Equation 2-4), we used a reciprocal 

prior on the catchability coefficient (uniform on log-scale), which is the Jeffrey's prior (i.e. 

invariant under re-parameterization, see Millar, 2002). Separate catchability coefficient (q) 

values were estimated for each period (pre- and post- 1996) in scenario I, while a single value 

was estimated in scenario II.  

Using Bayes’ theorem, a posterior distribution for the fully conditional joint probability 

distribution of parameters was specified based on the observed information. The posterior 

distribution given assumed known catch removals and CPUE data, and is proportional to the 

product of the priors and the likelihood of the observable and unobservable processes (Equation 

2-4): 
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2.2.5. Prior Distributions 

In the present study we assumed non-informative prior distributions for all model 

parameters except   and  . For  ,     and    we assigned an inverse-gamma prior distribution 

with the scaling parameters   and k set to 0.001 (Brodziak and Ishimura, 2011) (Equation 2-5).  

  ( )   
   (   ) (   )

 ( )
       (   ) 

The prior for   was based on the analysis of historical catch and effort data of the 

Brazilian pelagic longline fishery, which can be divided in three distinct periods: I (1958-1962); 

II (1968-1970); and III (1978 to present). The average blue shark CPUE during period II 

(unpublished data) was 86% of that during period I (Carvalho et al., 2008). Based on this value, 

  was fixed at 0.86. In order to take into account the high uncertainty around this value we set a 

coefficient of variation (CV) of 45% (e.g. Hampton et al., 2004). There are no records on 

longline fishing activity by the Brazilian fleet in between these three periods. Additionally, the 

target species (yellowfin tuna) and gear (Japanese-type longline) were the same for periods I and 

II, meeting the assumptions required for calculating the depletion between these two periods.       

An informative prior distribution was developed for the population intrinsic rate of 

increase   following the demographic method outlined in McAllister et al. (2001). In this 

analysis, prior distributions for age-specific fecundity, maturity, and natural mortality are 

converted into prior distributions for  . This conversion is done using the Leslie matrix 

projection approach. The Leslie matrix model used is based on two equations: 1) the survival 

equation                  , where      is the number of age i individuals at time t, and    the 

survival rate from age i to age i+1; and 2) the reproduction equation        ∑     
 
      , 

where mi = the expected number of female pups per female. The number of age 0 individuals 

depends on mi, the average number of age zero individuals produced by an individual of age i. In 
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matrix form, the model is written [  ]        [  ]   where [  ]  is the vector of the numbers 

of individuals in age group i at time t and L = Leslie matrix of the form:  

[

       
     
     
     

] 

When the matrix coefficients are all positive, the rate of population growth is   = ln( ), 

where   is the dominant eigen value of matrix L. A distribution of population intrinsic rate of 

increase was computed and a probability density function was fitted for values of r generated 

from 20,000 Leslie population matrices. 

The life history information and parameters used to construct the prior distributions for   

were sourced from previous studies on blue shark life-history and are summarized in Table 1. To 

account for uncertainty we used a simulation approach as in Cortés (2002), where statistical 

distribution functions were defined for each life-history parameter, based on published records. 

A total of 20,000 independent vectors were randomly drawn to calculate the different 

components of the Leslie population matrices, i.e., annual survivorship at age i(S
i
) (age 1 to age 

16; the maximum age in the calculations was based on Aires-da-Silva and Gallucci, 2008), 

survival of age 0 (young-of the year) (S
0
), and expected number of female pups per female (mi), 

respectively. The expected number of female pups produced per female is given by       

       , where    
is the mean number of age 0 female pups produced per age   female,    is 

the sex ratio (1:1 embryonic sex ratio was assumed based on Hazin et al., 2000),    is the 

fecundity at age  , and    is the proportion of mature female at age  . Age-specific fecundities 

for blue shark were calculated according the equation proposed by Mejuto and García-Cortés 

(2005):  
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The logistic function that described the proportion of mature female at age   is: 

   
 

    (  (      ))          (   ) 

where   is the slope of the positive linear relationship between litter size and fork length of the 

pregnant females from Mejuto and García-Cortés (2005) and      is the age where 50% of the 

individuals are mature, which is 5 years according Lessa et al., (2004).  

To estimate natural mortality (hence survivorship,       ) we applied five methods, 

including Pauly (1980), Hoenig (1983), Chen and Watanabe (1989) and Jensen’s (1996) age-at-

maturity method; and, Jensen’s (1996)  growth coefficient method. All these methods rely on 

parameter estimates derived from the von Bertalanffy growth function (Cortés, 2002). As 

suggested by Aires-da-Silva and Gallucci (2008), we used the mean and coefficient of variation 

(CV) obtained for   across methods as parameter estimates to define a lognormal distribution, 

which ensures that the transformed estimates and resulting pdf of annual survivorship vary 

between 0 and 1. This demographic analysis resulted in a prior estimate of 0.297 (SD=0.08) for 

 . 

From Bayes’ theorem, the posterior distribution represents the uncertainty about the true 

parameter values and is used to make probability (or credibility) statements regarding parameter 

values. In the Bayesian framework, samples are generated from the posterior distribution of 

parameters, which can be implemented using Markov Chain Monte Carlo (MCMC) techniques 

(MacKay, 2003). The MCMC samples were calculated using the default algorithm in ADMB 

(Fournier et al., 2012). MCMC simulations were conducted in an identical manner for each 

model scenario. Each simulation included five chains with 2 million cycles, discarding the first 

200000 iterations as burn-in phase and then thinning the chain by saving every 200th iteration to 
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reduce autocorrelation. MCMC simulation convergence was tested using the CODA package 

(Convergence Diagnosis and Output Analysis; Plummer, 2006) in R statistics. A minimal 

thresholds of p = 0.05 was adopted for Geweke’s diagnostic (Geweke, 1992) and the two-stage 

Heidelberger-Welch stationary test (Heidelberger and Welch, 1992). We also used the Gelman 

and Rubin (1992) approach to evaluate the mixing and convergence of our MCMC sampler Tests 

results showed no evidence of failure to converge for all model parameters.  

The 2.5th and 97.5th percentiles of the posterior distributions are used to represent 95% 

Bayesian credibility intervals for all parameters, projections, and management quantities. The 

estimated 95% credibility intervals (CIs) are analogous to 95% confidence intervals and are also 

conditional on the model. CIs can be interpreted in the sense that there is a 95% probability that 

the lower and upper credibility intervals include the true value given the prior information and 

the data.    

Model fit was evaluated using a graphical assessment of the 95% prediction credibility 

intervals. To compare alternative models, the deviance information criterion (DIC) was used. 

The deviance information criterion is defined as:        ̅( )              ̅( )   

   [ ( )  ] is the posterior mean of the deviance, where   are the data,   are the unknown 

parameters of the model, and    =  ̅( )  −  ̂( ) =   [ ( )  ]− P [ ( )  ] is the difference in 

the posterior mean of the deviance and the deviance evaluated at the posterior mean of the 

parameters. As a rule of thumb, if two models differ in DIC by more than three, the one with the 

smaller DIC is considered the best fitting (Spiegelhalter et al., 2002).  

2.2.6. Biological Reference Points 

For each scenario, harvest management measures can be derived from equation 1, 

including Maximum Sustainable Yield (MSY). The production model provides direct estimates 



 

42 

of biological reference points for blue shark used for determining stock status: B2012, the stock 

biomass at the end of the last year of the assessment period; BMSY, the stock biomass at which 

MSY is achieved; FMSY, the fishing intensity corresponding to MSY; F2012, the fishing intensity 

during the last year of the assessment period; B2012/BMSY, the ratio of the spawning stock biomass 

at the end of the last year of the assessment period to that at which MSY is achieved; and 

F2012/FMSY, the ratio of the fishing intensity during the last year of the assessment period to that 

corresponding to MSY. Time series of the exploitable biomass was plotted using the mean 

values from model parameter joint-posterior distributions. Total Allowable Catch (TAC) was 

estimated as the product of the exploitation rate that produces the maximum sustainable yield 

and the 2012 biomass.  

2.2.7. Sensitivity Analysis 

The assessment of south Atlantic blue shark stock was subject to sensitivity analysis in 

order to evaluate model performance under alternative priors for   and  . The best model 

selected between scenarios I and II was used as the base case for the sensitivity analyses. For the 

alternative prior for   a less informative standard deviation of 0.3 was assigned. For the 

parameter   was given an uninformative (uniform) prior between 0.2 and 1.1 (ICCAT, 2008). 

Also, as taking the maximum catch in each year might inflate MSY, a catch sensitivity analysis 

using the tuna ratio catch series instead of the maximum of the tuna ratio and fin trade catch 

estimates was performed.  

2.3. Results  

2.3.1. Cluster Analysis Identifying the “Target” Factor 

The cluster analyses resulted in the separation of the catch into six different clusters 

representing fishing or target strategies, the % composition of species or species group in each 

cluster are as follow: Cluster 1 = bigeye tuna (Thunnus alalunga, 70.5%); Cluster 2 = yellowfin 
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tuna (Thunnus albacares, 45.1%); Cluster 3 = other teleosts (24.6%), together with other sharks 

(11.6%) and swordfish (Xiphias gladius, 10.4%); Cluster 4 = swordfish (58.9%); Cluster 5 = 

blue shark (68.2%); and Cluster 6 = albacore (Thunnus obesus, 71%) (Table 2-2). These clusters 

were the same ones identified in the analysis by Carvalho et al. (2010) using data from 1978-

2006, with only small differences in the % composition of the main species observable with the 

data updated to 2012.   

2.3.2. CPUE Standardization 

The final model for the blue shark CPUE standardization that did not include the Target 

variable consisted of four variables and explained 51% of the total deviance. The relative 

contribution from each variable in the total explained deviance for the model showed that Year 

(58%) was the most important factor, followed by Area (30%), Quarter (8%), and the interaction 

between Year and Quarter (4%) (Table 3). The CPUE model that included Target consisted of 

five variables and explained 59% of the total deviance. Target (49%) and Year (31%) were the 

most important factors, followed by Area (17%), Quarter (2%), and the interaction between Year 

and Target (1%) (Table 2-3). The estimations of the regression coefficients for the main effects 

in both models are shown in Table 2-4. For both models it can be noted that the estimated catch 

rates in area 2 were higher than catch rates for area 1 (reference area). Also, catch rates in quarter 

4 (October to December) were similar to catch rates gathered in quarter 1 (reference quarter), 

while catch rates in third and second quarter were lower than quarter 1. As expected, the model 

that included Target showed higher catch rates in cluster 5 (cluster with the highest % of blue 

shark catches (Table 2-2) than in cluster 1 (reference cluster). The standardized CPUE time 

series showed a stable trend from 1978 through 1995, increasing from 1996 onwards, and 

reached a peak in 2003 in both models (Figure 2-3). However, from 2002 onwards the model that 
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did not include the Target factor showed higher CPUE values (Figure 2-3A) than the CPUE 

model standardized with it (Figure 2-3B). 

2.3.3. Biomass Dynamic Model 

We fit the two biomass dynamic models to the blue shark standardized CPUE time series 

that included Target. The DIC analysis indicated better model fitting under scenario I, as it was 

87 deviance points smaller than for the model under scenario II. Under scenario I, predicted 

CPUE appeared to randomly fluctuate throughout the observed CPUE time series with an 

increase in both predicted and observed CPUE after 1996, followed by relative stability from 

2002 until 2012 (Figure 2-4A). Under scenario II (Figure 2-4B), predicted CPUE time series 

showed similar behavior as scenario I with a stable trend until 1996 and an increase in CPUE 

afterward. However, predicted and observed CPUEs from the model under scenario II exhibited 

similar values until 2001, after which the predicted CPUEs displayed markedly higher values 

than the observed CPUEs. When comparing the predicted time series between the two models, 

there was a noticeable discrepancy in the predicted CPUE values. After 2000, scenario II appears 

to overestimate predicted CPUE values, and the overestimation also seems to occur for scenario 

I, but to a lesser extent. In 2012, for example, predicted CPUE under scenario II was 26% higher 

than the model under scenario I. 

The posterior median estimates of parameters   and  , using the baseline priors, showed 

narrow marginal posterior distributions for both scenarios, and the observed parameter value for 

  within the predicted range obtained by the demographic analysis. The posterior median values 

of   and   are greater for scenario II (  = 0.323, SD = 0.082;   = 0.867, SD = 0.021) than 

scenario I (  = 0.282, SD = 0.068;   = 0.859, SD = 0.019) (Table 2-5, Figure 2-5). For carrying 

capacity ( ), the posterior median based on scenario I was 847,322 t (SD=118,625) while the 
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median based on scenario II was 971,048 t (126,431). Time series of observation and process 

errors for both models clearly show a positive trend over time, with no negative values occurring 

after 1995 (Figure 2-6A-B). The posterior median estimates for observation error were 0.058 

(SD=0.0098) for scenario I and 0.144 (SD=0.0271) for scenario II. For process error, the 

posterior median estimates were 0.0013 (SD=0.0002) for scenario I, and 0.0026 (SD=0.0004) for 

scenario II (Table 2-5). The amount of change in the catchability coefficient over time also 

showed an increase after 1995 for both models (Figure 2-6C). Under scenario I median estimates 

for           and            were 0.0000013 (SD=0.0000001) and 0.0000027 (SD=0.0000001), 

respectively, while for scenario II was 0.0000029 (SD=0.0000008) (Table 2-6). 

Biological reference points estimates produced a wide range of uncertainty and varied 

between the two scenarios (Table 2-7). The posterior median estimates of BMSY for scenario I 

were 14% below the estimates for scenario II. The posterior median estimates of MSY for 

scenario I were approximately 27% below the estimates for scenario II. All models provided 

different estimates for the current biomass (B2012). The highest posterior median estimated value 

was obtained by scenario II (Table 2-7). The estimates of TAC and the uncertainty around these 

estimates also varied between scenarios. The posterior median estimates of TAC were 93,437 mt 

per year based on scenario I, and 104,101 mt per year based on scenario II (Table 2-7). 

There was no practical difference in the estimates of stock status in 2012 between the two 

scenarios. In particular, the posterior median estimates of B2012 were greater than BMSY for both 

models (i.e., B2012/BMSY >1) and the associated probabilities of B2012 being below BMSY were 

close to zero as well. For scenario I, exploitable biomass fluctuated above BMSY during the entire 

model timeframe, with biomass fluctuating around 600,000 mt until 1995 when values started 

increasing, reaching their highest value in 2001, followed by a decrease and subsequent 
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stabilization (Figure 2-7A). Biomass estimates for scenario II were similar to scenario I until 

1996, after which the model under scenario II presented slightly higher values (Figure 2-7B). 

The trajectories of the posterior median estimates of the ratio of fishing mortality to FMSY for 

both biomass dynamics models are summarized using a stock-status plot (Figure 2-8). The stock 

biomass displayed similar trends throughout the years for both models, although scenario I 

produced a higher estimate of F/FMSY in 2012 (0.28) than scenario II (0.26). The ratio of B2012 to 

BMSY showed a lower value (1.49) under scenario I than scenario II (1.55). Both indicated that 

the stock is currently not overfished (B>BMSY) and that overfishing is not taking place (F<FMSY) 

(Figure 8). All of the sensitivity analyses (Table 7) were consistent in finding that the population 

abundance is probably above BMSY and fishing mortality is probably below FMSY. Although the 

sensitivity analyses showed similar population status, the posterior distributions of   and   were 

more variable when less informative priors were used for these parameters. The sensitivity 

analysis using only the tuna ratio catch series resulted in much lower estimates for   and current 

biomass (Tables 2-5 and 2-7).  

2.4. Discussion  

The tuna longline fishery is complex due to the large variety of boats and fleets and 

frequent switching of gear type and target species. Since the start of the fishery in 1956, 

approximately 237 boats, consisting of 20 fleets, have operated in the southwestern Atlantic 

Ocean. In fisheries where fishery-independent data are not available, such as in the southwestern 

Atlantic tuna longline fishery, it is necessary to develop models that standardize for the 

biological, technical, and economic factors that affect catch rates. However, under circumstances 

of abrupt change, standardization models assuming constant catchability may not be sufficient to 

minimize the effects of these factors. In the present study, for example, the substantial increase in 

blue shark nominal CPUE after 1996, due to changes in target species, persists in both 
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standardized CPUE series. Additionally, the variability found in the blue shark stock assessment 

models for both scenarios indicates that not correcting for time-varying catchability directly in 

the assessment model can lead to incorrect estimates of stock status and poorly informed 

management decisions.  

Besides CPUE standardization, several more sophisticated modeling procedures have 

been developed that incorporate time-varying catchability directly in stock assessment models; 

however, there is little consensus regarding which practice is ideal (e.g., Fox, 1974; Fournier and 

Archibald, 1982; Freon, 1988; Prager, 1994; Schnute, 1994; Fournier et al., 1998; Shepherd and 

Pope, 2002; Walters and Martell, 2004). State-space techniques and modeling the catchability 

coefficient as a function of time do not ascribe causation for changes in catchability (Meyer and 

Millar, 1999; Punt, 2003), while the use of functions of density or external variables assumes that 

the variables used are the dominant factors affecting the change.  

In the 1960’s and 70’s, most shark stock assessments were conducted using some form of 

the logistic Schaefer model, mainly because of a lack of data and computing power. This model 

often proved inappropriate to model shark population dynamics since it considered the 

relationship between surplus production and resource biomass to be symmetrical with a 

maximum at halfway between a resource biomass of zero and the carrying capacity (Maunder, 

2003). Pella and Tomlinson (1969) proposed the addition of a supplementary shape parameter to 

allow the production relationship to be skewed to the left or to the right. However, in order to 

improve the logistic model approach in the Pella and Tomlinson model, an additional parameter, 

the shape parameter, must be estimated to fit the model to the data. Despite its flexibility and 

suitability, this model may perform worse than the Schaefer due to an inverse relationship 

between the number of parameters to be estimated and model performance (e.g. precision) 
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(Prager, 2002). According to Cortés (2008), the blue shark is a very productive species with high 

fecundity and an inflection point near 50% of K (i.e., not skewed). For precautionary 

management, 50% is a reasonable estimate of the critical value. Subsequently, the use of the 

logistic Schaefer model would be appropriate for blue shark.  

The Bayesian estimation approach presented here provided better scientific advice than 

models that do not incorporate time-varying catchability. The estimated biological reference 

points from the two scenarios indicated that varying catchability had no qualitative impact on the 

status of the south Atlantic blue shark population with respect to MSY-based reference points 

based on current stock size, with both scenarios indicating that the stock is not currently 

overfished nor undergoing overfishing. Analyses also showed that it was very likely that the 

south Atlantic blue shark population biomass was above BMSY in 2012 with a high degree of 

confidence, since all scenarios showed B/BMSY > 1.0. Regardless of the scenario and the 

sensitivity analysis used, it is unlikely that the south Atlantic blue shark population was being 

fished in excess of its optimal equilibrium harvest rate in 2012, similar to the conclusion reached 

by the south Atlantic blue shark stock assessment in 2008 (ICCAT, 2008). However, it is 

important to highlight that an evaluation of the stock status for south Atlantic blue shark is 

strongly compromised by limited fishery statistics, as is any other bycatch shark species. Under- 

or non-reporting of bycatch, unknown discard levels, unknown status (dead or alive) of discards, 

and poor knowledge on the extent of finning practices are among the major reasons for the lack 

of data. In fact, the blue shark catch information provided by ICCAT and catch estimates based 

on the shark fin trade from Clarke (2008), represent, to date, the only sources of information on 

blue shark total removals in the south Atlantic Ocean.  
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Sharks are usually characterized by slow growth rates, long life spans, late maturity, and 

production of limited offspring after long gestation periods (Bonfil, 1994). This low reproductive 

output is responsible for the vulnerability of sharks to harvest, as shown by many cases of 

overexploitation (Cortés, 2004). However, the magnitude of the decline of the south Atlantic 

blue shark population is less than in other pelagic shark species in the Atlantic, such as the 

porbeagle (Lamna nasus) (ICES/ICCAT, 2009). This seems reasonable in light of their life 

history characteristics (Aires-da-Silva and Gallucci, 2008). According to Cortés (2002), blue 

shark have one of the highest fecundities documented among sharks (mean litter size of 37 pups, 

Mejuto and García-Cortes, 2005; reaching up to 82 pups, Pratt, 1979) and surprisingly fast early 

growth rates that result in near doubling of pup size over the first year (Skomal and Natanson, 

2003).  

Despite the benefits of the Bayesian estimation approach, it is important to note that the 

choice of prior distributions can alter posterior estimates of stock status, especially when data is 

uninformative. As a result, it is preferable to select prior probability distributions that are 

consistent with data from other populations. In the present analysis, the prior distribution of 

south Atlantic blue shark intrinsic rate of increase  , obtained using demographic analyses, 

encompassed the range of posterior predictions of r from Cortés (2002) and Aires-da-Silva and 

Gallucci (2008). Graphical analyses of the posterior distributions for   and   from both models 

were similar to the prior, which indicates the data are uninformative (McAllister and Kirkwood, 

1998). The sensitivity analyses also confirmed the current assessment results were sensitive to 

the prior and catch series choice. For example, the estimate of current biomass for the sensitivity 

analysis using the tuna ratio catch series is 36% smaller than the base case. 
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Time-varying catchability is a common feature of many fisheries. Unidentifiable trends in 

catchability can lead to biased results from stock assessment models and erroneous management 

recommendations (Pope and Shepherd, 1985; Patterson and Kirkwood, 1995; Wilberg and 

Bence, 2006, Thorson and Berkson, 2010, Thorson, 2011). As suggested by Wilberg et al., 

(2010), to best account for the many known causes of time-varying catchability, CPUE should be 

standardized for factors known to affect catchability while recognizing that it will be difficult to 

correct for all potential causes. This study implemented an alternative method to incorporate 

time-varying catchability in stock assessment models by specifying a single change point in the 

catchability coefficient, which resulted in significant improvements in model fit. Furthermore, a 

more stable trend and lower values of  , especially after 1995 for scenario I, indicates that the 

alternative model also better captures changes in catchability over time. We recommend that the 

alternative method that includes time-varying catchability presented here be tested on other fish 

stocks, along with other recommendations given by Wilberg et al. (2010). We suggest that the 

proposed method would be most appropriately applied to assessments where the catch data can 

clearly be separated into time periods with different fisheries dynamics.  
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Table 2-1. Growth parameters values used in the Demographic analysis for South Atlantic blue 

shark.   : asymptotic length;   (   ): growth Coefficient;   : age at zero length; 

    : age at 50% mature; and     : maximum age. 

Source  Parameter 

 Sex     (   )              Length 

measurement 

Pacific Ocean        

Cailliet et al.  

(1983) 

Male 295.3 0.175   -1.113 4 9         TL 

 Female 241.9 0.251 -0.795 5 9  

Nakano (1994)** Male 382.9 0.129 -0.756 5 10 PCL 

 Female 321.4 0.144 -0.849 6 10  

Manning and  

Francis (2005)* 

Male 410.8 0.088 -1.257 6 22 FL 

 Female 320.1 0.126 -1.047 7 19  

Atlantic Ocean        

Stevens (1975) Combined 423.0 0.110 -1.035 ** 6 TL 

Aires-da-Silva  

(1996) 

Combined 340.0 0.138 -1.075 ** 5 TL 

Henderson et al.  

(2001) 

Combined 376.5 0.120 -1.330 ** 6 TL 

Skomal and  

Natanson (2003)* 

Male 282.3 0.180 -1.350 5 16 FL 

 Female 310.8 0.130 -1.770 5 15  

Lessa et al. (2004) Combined 352.1 0.157 -1.010 5 12 TL 

Jolly et al. (2013) Male 294.6 0.140 -1.300 5 14  

 Female 334.7 0.110 -2.190 6 16  

Distribution  Normal Normal Normal Uniform Uniform  

* Given as fork length (FL) or pre-caudal length (PCL) and converted to total length (TL) using 

equation: FL = 0.8313(TL) and PCL = 0.9075(FL) – 0.3956 (Kohler et al., 1995). 

** No information available. 
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Table 2-2. Percentage of each species or group of species per cluster (Asterisks (*) indicates the 

target species in each cluster). 

 Species                                               Cluster 

 1 2 3 4 5 6 

Yellowfin tuna Thunnus albacares 5.4 45.1* 9.1 8 2.5 4.3 
Bigeye tuna Thunnus alalunga 70.5* 10.4 6.8 5.5 4.8 2.1 
Albacore Thunnus obesus 5.3 12.3 5.2 9.9 1.5 71* 
Swordfish Xiphias gladius 3.1 7.5 10.4 58.9* 8.3 9 
Sailfish Istiophorus albicans 1.3 2.4 2.1 1.9 0.8 1 
White marlin Tetrapturus albidus 0.7 2.2 1.7 0.9 0.6 0.6 
Blue marlin Makaira nigricans 0.5 1.3 0.7 1.3 0.4 0.9 
Other billfishes  0.1 0.1 2.4 0.7 0.3 0 
Wahoo Acanthocybium solandri  0.7 2.9 2.2 0.4 0.3 0.3 
Dolphin fish Coryphaena hippurus 0.4 0.7 6.7 1.5 3.4 0.4 
Blue shark Prionace glauca 4.9 2.3 6.1 6.7 68.2* 4.9 
Hammerhead shark Sphyrna sp. 0 0.5 3.1 0.4 1.6 0 
Bigeye thresher Alopias superciliosus 0 0.1 0.1 0.1 0.3 0 
Mako shark Isurus sp. 0.3 1.6 1.3 0.8 2.8 0.1 
Silky shark Carcharhinus falciformis 0 0.1 5.8 0.1 0.2 0.1 
Oceanic whitetip Carcharhinus longimanus 0 0 0.1 0 0 0 
Other sharks  2 1.5 11.6 1 2.4 2.4 
Other teleosts  3.9 7.1 24.6* 1.9 1.6 2 
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Table 2-3. Deviance analysis of explanatory variables in the Tweedie models for blue shark 

caught by Brazilian pelagic tuna longline fleet, from 1978–2012. 

Model without “Target”   

 

 
Df Deviance Resid. Df Resid. Dev Dev. Exp (%) AIC 

NULL   50108 211401.3  6312 

Year 34 51677.2 49872 146803.2 58 5404 

Area 1 29654.1 49114 135872.0 30 5309 

Quarter 3 7653.7 48983 121642.3 8 5283 

Quarter*Area  56 4412.1 48107 102088.0 4 5228 

       

Model with “Target”       

NULL   59444 297334.0  18549 

Year 34 49055.1 59131 255334.0 31 17230 

Area 1 38142.3 59022 234667.2 17 17004 

Quarter 3 4163.6 58897 226456.0 2 16981 

Target 5 84557.0 58814 220569.4 49 14187 

Quarter*Area  62 2044.8 58731 187408.9 1 14153 
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Table 2-4. Estimations of regression coefficients and related statistics for the main effects of the 

variables included in the GLMs for blue shark caught by Brazilian pelagic tuna longline fleet, 

from 1978–2012. 

 

 

 

  

Model without “Target” 

 

 

Estimate Std. Error t value 

Df 

P(>|t|) 

Dev Area 2 0.2290 0.0949 2.35 0.0190 

Quarter 2 -0.2876 0.1106 -2.60 0.0093 

Quarter 3 -0.2898 0.0877 -3.30 0.0013 

Quarter 4 0.0304 0.1334 0.23 0.8198 

Model with “Target”     

Area 2 0.2853 0.0987 2.8355 0.0049 

Quarter 2 -0.4748 0.2728 -3.6468 0.0030 

Quarter 3 -0.4000 0.2879 -2.0840 0.0374 

Quarter 4 0.0950 0.0712 1.3476 0.1818 

Target 2 -0.5381 0.2781 -0.1935 0.8466 

Target 3 0.0107 0.2390 0.4481 0.6565 

Target 4 0.0146 0.3148 0.5732 0.7012 

Target 5 1.3956 0.1270 10.9720 <0.001 

Target 6 0.0660 2.9587 0.0221 0.9823 
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Table 2-5. Estimated parameters from the southern Atlantic blue shark stock assessment using a 

Bayesian state-space production model under scenarios I (split-catchability) and II (continuous 

catchability).  : population intrinsic rate of increase;  : ratio of the biomass in the first year to  ; 

 : carrying capacity;  : observation error; and  : process error. 

           

 Median 

(SD) 

Median 

(SD) 

Median 

(SD) 

Median  

(SD) 

Median 

(SD) 

Scenario I (base case) 0.282 

(0.068) 

0.859 

(0.019) 

847322 

(118625) 

0.058 

(0.0098) 

0.0013 

(0.0002) 

Scenario II 0.323 

(0.082) 

0.867 

(0.021) 

971048 

(126431) 

0.144 

(0.0271) 

0.0026 

(0.0004) 

                  Sensitivity analysis      

Scenario I (Less informative  ) 0.316 

(0.114) 

0.863 

(0.034) 

935259 

(168993) 

0.053 

(0.0091) 

0.0015 

(0.0002) 

Scenario I (Uninformative 

prior for  ) 

0.310 

(0.091) 

0.810 

(0.160) 

927195 

(192331) 

0.063 

(0.0099) 

0.0021 

(0.0003) 

Scenario I (Tuna ratio catch 

series only) 

0.301 

(0.074) 

0.852 

(0.015) 

653972 

(91447) 

0.055 

(0.0094) 

0.0019 

(0.0002) 
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Table 2-6. Estimated catchability parameters ( ) from the southern Atlantic blue shark stock 

assessment using a Bayesian state-space production model under scenarios I (split-catchability) 

and II (continuous catchability). 

                        

 Median (SD) Median (SD) Median (SD) 

Scenario I (base case) 0.0000013 

(0.00000010) 

0.0000027 

(0.00000011) 

- 

Scenario II - - 0.0000029 

(0.00000081) 

                  Sensitivity analysis    

Scenario I (Less informative  ) 0.0000011 

(0.00000009) 

0.0000025 

(0.00000012) 

 

Scenario I (Uninformative prior 

for  ) 

0.0000014 

(0.00000012) 

0.0000021 

(0.00000010) 

 

Scenario I (Tuna ratio catch 

series only) 

0.0000010 

(0.00000011) 

0.0000025 

(0.00000008) 

 

 

Table 2-7. Estimated reference points from the southern Atlantic blue shark stock assessment 

using a Bayesian state-space production model under scenarios I (split-catchability) and II 

(continuous catchability). 

 BMSY B2012 MSY TAC 

 Median (SD) Median (SD) Median 

(SD) 

Median 

(SD) 

Scenario I (base case)  422861 

(59200) 

632442 

(82445) 

59736 

(8960) 

93437 

(12146) 

Scenario II 485631 

(67973) 

757442 

(90893) 

78412 

(9801) 

104101 

(15883) 

Sensitivity analysis     

Scenario I  (Less informative  ) 465362 

(84212) 

716035 

(124611) 

73491 

(13072) 

97807 

(18673) 

Scenario I (Uninformative prior 

for  ) 

466587 

(83447) 

718338 

(111566) 

71849 

(15508) 

96411 

(16813) 

Scenario I (Tuna ratio catch 

series only) 

325441 

(39507) 

436713 

(70114) 

49014 

(6305) 

75124 

(9655) 
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Figure 2-1.  Distribution of fishing effort in number of hooks by the Brazilian longline fleet 

between 1978 and 2012.  
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Figure 2-2.  Annual catches (1978-2012) of blue shark in the South Atlantic Ocean estimated by 

using data supplied by ICCAT and methods that use either: 1) the ratio of tunas to 

sharks in the catch; or 2) the total shark fins in the shark-fin trade.  
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Figure 2-3.  Nominal (red circle) and standardized (black line) CPUE of blue shark caught by the 

Brazilian pelagic tuna longline fleet from 1978–2012 without and with the “Target” 

factor. Shaded region represents the 95% credibility interval for predicted CPUE 

values. A) Standardized CPUE without target factor. B) Standardized CPUE with 

target factor 
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Figure 2-4.  Time series of observed (red circle) and predicted (black line) CPUE from the 

southern Atlantic blue shark stock assessment using a Bayesian state-space 

production model under scenarios I (split-catchability) and II (continuous 

catchability). Shaded region represents the 95% credibility interval for predicted 

CPUE values. A) Scenario I. B) Scenario II. 
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Figure 2-5.  Prior and posterior densities for   and   estimated by the southern Atlantic blue 

shark stock assessment using a Bayesian state-space production model under 

scenarios I (split-catchability) and II (continuous catchability). 
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Figure 2-6.  Time series of observation error, process error, and catchability estimated by the 

southern Atlantic blue shark stock assessment using a Bayesian state-space 

production model under scenarios I (split-catchability) and II (continuous 

catchability). Horizontal dashed lines indicates zero and the vertical dashed line 

indicates the year 1996. A)Observation error. B) Process error. C) Catchability 
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Figure 2-7.  Time series of exploitable biomass (mt) estimated by the southern Atlantic blue 

shark stock assessment using a Bayesian state-space production model under 

scenarios I (split-catchability) and II (continuous catchability). Shaded region 

represents the 95% credibility interval for predicted biomass values. A) Scenario I. B) 

Scenario II. 
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Figure 2-8.  Estimated trajectories for the posterior median of B/BMSY and F/FMSY from the 

southern Atlantic blue shark stock assessment using a Bayesian state-space 

production model under scenarios I (split-catchability) and II (continuous 

catchability).  
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CHAPTER 3 

HABITAT SELECTION AND TRANS-OCEANIC MIGRATION BY BLUE SHARKS IN THE 

SOUTH ATLANTIC OCEAN FROM SATELLITE TELEMETRY 

3.1. Background  

Open ocean predators are faced with complex movement decisions as they strive to 

obtain resources (e.g. prey, mates) and select habitats in a largely featureless and oligotrophic 

environment.  Unlike animals in coastal marine environments, which may be able to utilize more 

definitive landmarks for navigation (e.g. bathymetry), offshore marine organisms, including 

pelagic sharks, appear to rely on cues, which may be not apparent (e.g. geomagnetic gradients, 

haloclines, thermoclines, and patterns of sub-surface polarization, and various celestial 

compasses) (Klimley, 1993; Montgomery and Walker, 2001; Luschi, 2013). Despite these 

limitations, there can still be predictable locations of high fish abundance, such as within 

oceanographic fronts (Block et al., 2011; Queiroz et al., 2012). Oceanographic conditions are 

likely to be strong drivers of pelagic shark movements and distribution.  While it is common for 

studies to identify ‘hotspot’ areas of abundance, actual quantitative studies of the conditions 

driving movements are rare (Block et al., 2011; Carvalho et al., 2011; Queiroz et al., 2012; 

Bestley et al., 2013). These environmental drivers or processes are important to fisheries 

management, as marine predators are frequently caught as bycatch in pelagic longline fisheries 

(Carvalho et al., 2010, 2011).   

Analysis of fisheries logbook data suggests that shark populations in the Northwestern 

Atlantic have declined by 53–70% over the last 50 years due, in large part, to bycatch (Baum and 

Blanchard, 2010). The fact that pelagic sharks are considered wide ranging in their movements 

makes management decisions difficult, particularly when it relates to designating stock structure 

(Kohler et al., 2002; Aires-da-Silva et al., 2009). However, more recent satellite telemetry data 

suggest that despite populations being distributed over wide geographic areas, some pelagic 
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sharks show relatively restricted movements and demonstrate philopatry (e.g. Weng et al., 2005; 

Queiroz et al., 2012; Howey-Jordan et al., 2013). 

The blue shark (Prionace glauca) is one the most wide-ranging shark species, with high 

bycatch rates in pelagic longline fisheries (Compagno et al., 2005). Blue sharks segregate by size 

and sex in some locations and are known to move across the Atlantic Ocean (e.g. Pratt, 1979; 

Kohler et al., 2002; Da Silva, 2010). In the south Atlantic, there are two theories of blue shark 

migration patterns. Based on fisheries data from Brazilian and African coastal waters, the first 

hypothesis suggests a single south Atlantic stock with adults performing clockwise migrations 

across breeding stages (Amorim, 1992; Castro and Mejuto, 1995; Hazin and Lessa, 2005; Jolly et 

al., 2012). Under this scenario, copulation occurs off the SE coast of Brazil, ovulation and 

fertilization off the NE coast of Brazil, gestation off NW Africa, and parturition in South African 

waters (Hazin and Lessa, 2005, Figure 3-1A).  In contrast, a second hypothesis assumes two 

separate stocks off Brazil and western Africa. Under this scenario, mating, ovulation, 

fertilization, gestation, and parturition occurs separately off southern Brazil and Africa (Legat 

and Vooren, 2004; Figure 3-1-B). 

The management of the blue shark stock in international waters of the south Atlantic 

Ocean is under the responsibility of the International Commission for the Conservation of 

Atlantic Tunas (ICCAT). In 2008, ICCAT carried out a stock assessment for Atlantic blue sharks 

using one stock for the north and one for the south with a Bayesian surplus production models 

(ICCAT, 2009). All analyses indicated that the fishing mortality rates for the blue shark in the 

North and south Atlantic at that time were sustainable.  Although the general conclusion of the 

assessment was that the blue shark stock in the south Atlantic Ocean was not overfished, ICCAT 
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encouraged future research on movement patterns and stock structure of blue sharks to improve 

the quality and reduce uncertainty of future Atlantic blue shark stock assessments.  

Differing blue shark stock structure hypotheses might lead to completely divergent 

management strategies and change our understanding of the drivers of habitat selection and 

large-scale migrations in this apex marine predator. Blue shark movements appear to be closely 

linked to the temperature structure of the water (Carey et al., 1990; Campana et al., 2011; 

Carvalho et al., 2011; Queiroz et al., 2012). In the North Atlantic, most blue sharks spend 

summers on or near the continental shelf, encountering the warm waters of the Gulf Stream 

during their eastward movements.  In the winter most or all blue sharks remain in association 

with the warm waters of the Gulf Stream, its rings, or the Sargasso Sea further south (Campana 

et al., 2011). The ability to predict how oceanographic conditions drive habitat selection 

decisions made by blue sharks would further improve managers’ ability to efficiently develop 

sound stock assessment models.  

In the present study, we combined satellite telemetry data of blue shark movements for 

individuals throughout the south Atlantic Ocean, with a hierarchical mixed model and 

oceanographic data, to reveal the factors driving habitat selection and trans-Atlantic migrations 

in the species. Further, we discuss how these results can assist in implementing stock 

assessments and management approaches to ensure sustainable populations of this commercially 

and ecologically important pelagic shark species. 

3.2. Materials and methods  

3.2.1. Satellite Tracking 

Tagging was spatially and temporally stratified to match the reproductive cycle of female 

blue sharks in the south Atlantic Ocean reported by Hazin and Lessa (2005) (Figure 3-1A). The 

south Atlantic was split into four quadrants, each representing a geographical area in the south 
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Atlantic Ocean (NE – Area I; NW – Area II; SW – Area III; SE – Area IV) (Table 3-1).  A total 

of 28 mature females and males (Total Length, TL > 228 cm and  > 225 cm, respectively; Hazin 

and Lessa, 2005) and immature male and female blue sharks were caught from longline vessels 

and tagged with MK10-PAT (Pop-up Archival Transmitting) tags (PSATs; Wildlife Computers, 

Redmond, WA). Female and male blue sharks fork length (FL) ranged from 98 to 275 cm (209 ± 

69; mean ± SD) and from 102 to 290 (212 ± 70), respectively (Table 3-1).  Mature females 

tagged off the southern coast of Brazil (Area IV) possessed scars indicative of recent copulation. 

PSATs were programmed to record depth, temperature, and light intensity for a period of 3 to 7 

months until release. All 28 tags successfully detached and transmitted data on the movements 

and habitat variables for each individual.  PSAT attachment time for the 28 individuals averaged 

107.2 ± 41.7 days with a maximum attachment time of 209 days (Table 3-1). 

Archival data from the detached tags were internally binned at 3-h, 6-h, or 12-h intervals 

and the summarized data were transmitted to an Argos satellite. Light intensity records were pre-

processed using the global positioning software WC-GPE (Wildlife Computers, Redmond, WA, 

USA) to provide daily raw geo-locations (i.e. unfiltered and uncorrected estimates) of tagged fish 

for each day at-liberty. To estimate blue shark movement parameters and provide the most 

probable track for each shark, we processed the PSAT data using a Kalman filter model (KFSST) 

that integrates sea surface temperature (SST) measurements (Nielsen and Sibert 2005; Nielsen et 

al., 2006). 

3.2.2. Space Utilization Distribution 

A Brownian Bridge Movement Model (BBMM) was used to estimate the sharks’ 

Utilization Distributions (UD) across the south Atlantic Ocean (Bullard, 1999; Horne et al., 

2007). The BBMM estimates UDs by modeling movements between locations (i.e. KFSST 

estimated locations) as a conditional random walk consisting of a series of steps where the step 
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length, direction, and time interval between steps are independent of each other and those of 

preceding steps (Bullard, 1999; Horne et al., 2007). The time step (iteration increment) in the 

model was 24 hours. The BBMM also accounts for the error associated with the estimated 

position of the tracked animal by calculating a variance component, referred to as the ‘‘Brownian 

motion variance’’ (Horne et al., 2007).   

A grid system consisting of 1.0° latitude × 1.0° longitude cells (~ 111 km x 111 km) was 

constructed for the entire south Atlantic Ocean. An animal’s trajectory was modeled using 50000 

random-walk iterations to develop a probability distribution of the animal’s position between 

actual location estimates. Each cell had its own UD value, and population level probabilities 

were generated by summing the cell values of all UDs for all individuals (tagged across the south 

Atlantic Ocean) and then re-scaling their cumulative cell values to sum to 1. All calculations 

were performed using the BBMM package in R 2.13.1 language for statistical computing (R 

Development Core Team, 2011). 

3.2.3. Analysis of Directionality 

Directionality in the individual movements of blue sharks was quantified using circular 

statistics (Zar, 2009). Tests were then used to compare the distribution of bearings calculated by 

moving from one point to another along a movement track relative to uniformity (i.e. the 

probability of the animal going in any particular direction is equal). Rao’s spacing test was used 

to quantify directionality in blue sharks (Bergin, 1991; Bonadonna et al., 2001). This statistic 

incorporates the mean directional vector ( ), the angular concentration (r) and the circular 

standard deviation (csd). Rao’s spacing test is considered robust, especially in those cases where 

an individual shark was observed to have a bimodal preference in direction, e.g. both 90 and 180 

degree bearings (Bergin, 1991). Circular histograms were generated for each shark to graphically 
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demonstrate the preferred directionality. All circular statistics were performed using Oriana 4.0 

(Kovach Computing Services). 

3.2.4. Overlapping Tracking and Oceanographic Data 

Weekly time-series of SST (ºC) and depth of the mixed layer (DML) were obtained from 

the Physical Oceanography Distributed Active Archive Center (PODAAC) - Jet Propulsion 

Laboratory/NASA (La Cañada Flintridge, CA). These data were used to construct a database of 

1.0° latitude × 1.0° longitude quadrats assembled by day, month, year, latitude, and longitude for 

the entire study area.  KFSST-estimated locations for each shark were then overlapped on the 

1.0° × 1.0° quadrats containing the weekly averaged estimated SST for that specific date.  

Continuous normally distributed SST and DML data for quadrats experienced by tagged blue 

sharks were expressed as means ± 1 SD. For multiple comparisons, data were analyzed with a 

one-way analysis of variance. Post-hoc multiple comparisons tests were performed using 

Tukey's honestly significant difference test.  

3.2.5. Random Effect Models  

The inclusion of environmental variables in statistical modeling is often complex.  

Statistical analysis often assumes a linear relationship between the response and environmental 

variables (e.g. SST and DML), when actually they are very likely to be nonlinear. To overcome 

these difficulties, Hastie and Tibshirani (1990) proposed generalized additive models (GAMs).  

GAMs are extensions of generalized linear models (GLMs) in which a link function describing 

the total explained variance is modeled as a sum of the variables. The terms of the GAMs can be 

local smoothers or simple transformations with fixed degrees of freedom (Maunder and Punt, 

2004; Venables and Dichmont, 2004).  

In regression studies, the coefficients are commonly considered fixed.  However, there 

are cases in which it makes sense to assume some random coefficients. These cases typically 
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occur in situations where the primary focus is to make inferences on the entire population from 

which some levels are randomly sampled. In the present study, observations were collected from 

the same individuals over time. Therefore, it is reasonable to assume that correlations exist 

among the observations from the same individual. Consequently, an approach that conserves the 

additive model framework with both fixed and random effects (generalized additive mixed 

model - GAMM) would be more appropriate for these analyses (see Appendix A for details on 

model formulation and inference).  

GAMMs were used to investigate the influence of a series of variables on habitat use of 

blue sharks across the south Atlantic Ocean. The binary response variable for these analyses is 

presence (1) or absence (0) of blue sharks in the four geographical areas (I, II, III, and IV). The 

variables included SST (continuous), DML (continuous), and Area (categorical).  All variables 

(SST, DML, and Area) were considered as fixed effects. Since there were multiple occurrences 

for each individual, each tracked individual was included in the models as a random effect.  

Additive mixed-effects modeling was conducted using R statistical language and the mgcv 

package (Wood, 2006). First, the effect of the variable (SST and DML) was compared to the 

response variable for each area. Second, to determine whether the relationship differed by area, 

Area was added as a variable in the model.  To find the most parsimonious GAMM model, 

standard selection criteria based on Akaike Information Criteria (AIC) (Akaike, 1973) and 

Bayesian Information Criteria (BIC) (Schwarz, 1978) were used to determine which variables 

best explained the variability in the data.  The model was built with variables independent from 

each other (Stage I).  The best model was selected based on AIC and BIC values and 

subsequently tested in the next stage.  Stages II to III used the initial model, with an additional 

variable.  Likelihood Ratio tests were also used to determine whether the inclusion of additional 
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variables in the model significantly improved the explanatory power of the model.  The relative 

effect of each variable over the dependent variable of interest (presence or absence) was assessed 

using the distribution of partial residuals (Neter et al., 1989).  Partial response curves can be 

interpreted by examining the change in the standardized partial residuals.  If the residual value is 

greater than 0, the variable has a positive influence on the dependent variable (estimated UD) at 

that particular variable value (Carvalho et al., 2011).  The larger the partial residuals are (as long 

as > 0), the greater the influence of the variable on the dependent variable.  The relative 

influence of each variable was then assessed based on the values normalized with respect to the 

standard deviation of the partial residuals.  For model diagnostics, normality was assessed using 

Q-Q plot and the histogram of residuals (see Appendix B for detailed model diagnostics). 

3.2.6. Vertical Habitat Utilization   

To compare the vertical habitat utilization of blue sharks across the south Atlantic Ocean, 

we calculated time-at-depth histograms for adult male, adult female, and juveniles (both sexes 

combined) for each area using vertical data from the PSATs.  A non-hierarchical cluster analysis 

(based on Euclidean distances and Ward’s method) was performed using proportion of time-at-

depth data to identify groups of individuals that were similar to each other with regards to 

vertical habitat utilization. 

3.3. Results  

3.3.1. Movements and Utilization Distribution   

Tracking results showed complex and remarkable movement patterns by blue sharks in 

the south Atlantic Ocean with some individuals staying in the vicinity of the tagging location 

while others performed long trans-oceanic migrations (e.g. north to south and west to east, Table 

3-1 and Figure 3-2).  Most of the individuals tagged in Area I off the northeastern coast of Brazil 

stayed in the vicinity of their tagging site, with one mature female (BSH 3) performing the 
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shortest maximum linear distance traveled among all blue sharks tagged in the present study (114 

km in 57 days).  However, another mature female (BSH 2) performed a previously unobserved 

trans-oceanic migration, spanning the entire equatorial Atlantic Ocean in 209 days from the 

northeast coast of Brazil to the Gulf of Guinea, Africa (Area II) (Area II) (Figure 3-2), a distance 

of 4456 km.  From Area IV off the eastern coast of Brazil, a mature female (BSH 27) arrived in 

Area I after travelling along a large portion of the Brazilian coast in 175 days, a distance of 3,470 

km.  The most probable tracks of blue sharks tagged in the Gulf of Guinea (Area II) revealed 

very distinct movement patterns among individuals.  Some blue sharks (BSH 8, 9, and 13) 

tended to move in waters closest to the African coast; some others (BSH 10, 11, and 14) stayed 

in the central and deeper part of the Gulf of Guinea; while one mature female (BSH 12) migrated 

further south to offshore waters of South Africa in Area III.  Two mature female blue sharks 

(BSH 2 and 16), which had been tagged in Areas I and III, respectively, moved long distances to 

reach the Gulf of Guinea in Area II.  Satellite tracking of blue sharks tagged off the coast of 

South Africa (Area III) also revealed different movement patterns among individuals.  BSH 15, 

17, 18, and 19 did not move far from the tagging site, with BSH 17 and 19 crossing the meridian 

of 20° E that separates the Atlantic and Indian Oceans.  BSH 20 spent most of its time off the 

South African coast; however, during the last month of tracking this individual moved northward 

to the Namibian coast. 

Long distance movements were only performed by mature females.  Specifically, BSH 16 

traveled 4,000 km to the Gulf of Guinea in 103 days and BSH 21 moved west from the tagging 

site.  Although the tag on BSH 21 popped off prematurely, its most probable track suggests that 

this mature female would have reached Area IV in a few more days.  Blue sharks tagged in Area 

IV also performed a variety of movement patterns with one mature female (BSH 27) swimming 
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north into Area I.  The remaining individuals swam towards the coast to areas surrounding the 

Rio Grande Rise.  A mature male (BSH 28) tagged on the Uruguayan continental shelf break 

moved south towards the Argentinean coast before returning back towards the tagging site. 

The utilization distributions demonstrated high use areas for blue sharks off the Northeast 

region of Brazil (Area I), characterized by the presence of seamounts (Cadeia Norte do Brasil) 

and oceanic islands (Fernando de Noronha and Atol da Rocas) (Figure 3-3).  Within Area II, 

high utilization areas were located in the central part of the Gulf of Guinea and coastal waters of 

Gabon, Equatorial Guinea, and Cameroon.  While in Area III, areas of high utilization were 

located off the western coast of South Africa.  Within Area IV high utilization areas were 

associated with the Rio Grande Rise, a large seismic ridge with depths of 300–4000 m, and 

waters off the coast of Santa Catarina State.   

Most blue sharks performed movements that had a uniform distribution of directional 

vectors, a result of the animals maintaining residency in a relatively small area formed by the 

sharks moving in small loops (e.g., BSH 26 and 28 in Figure 3-2).  However, there were several 

individuals within each area that displayed directed movements, the majority of which were 

mature individuals (Table 3-1).  Easterly movements were performed by BSH 2, 23, and 24 

(tagged in Area I and IV), while westerly movements were performed by BSH 13 and 21 (tagged 

in Area II and III).  A number of other individuals performed southeasterly or northeasterly 

movements (Figure 3-4).  

3.3.2. Habitat Selection and Mixed Models   

Habitat use varied considerably among individuals in all areas (One-way ANOVA, 

Figures 3-5 and 3-6; Tukey’s post hoc (Appendix B)).  Sea surface temperatures and DMLs were 

relatively similar among individuals in Area I.  However, in Area II mature females BSH 8, 9, 

and 13 used areas close to shore with warmer SST (mean = 27.04 ± 0.81°C) and deeper DML 
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(21.44 ± 5.12 m), while BSH 10, 11, 12, 14, and 16 spent most of their time in locations with 

cooler SST (mean = 23.47 ± 1.21°C) and shallower DML (12.15 ± 9.21 m).  In Area III, males 

BSH 15 and 19 occurred in waters with cooler SST (mean = 9.76 ± 0.61 °C) when compared to 

BSH 16, 17, 18, 20, and 21 (SST mean = 13.17 ± 1.03 °C) and BSH 12 (mean = 15.00 ± 1.13 

°C).  BSH 15 and 19 also occurred at deeper DML (67.23 ± 26.24 m) compared with all other 

sharks (mean = 46.41 ± 20.44 m).  In Area IV, BSH 22, 23, 24, 25, and 27 occurred in water 

with significantly warmer SST (mean = 20.01°± 1.34°C) when compared to BSH 26 and 28 

(mean = 18.32°± 1.26°C).  BSH 22, 23, 24, 25, and 26 were more likely to occur in shallower 

DML (39.09 ± 10.38 m) compared with BSH 27 (mean = 51.51 m ± 9.97 m) and BSH 28 (mean 

= 67.02 m ± 10.41 m). 

Both SST and DML had a statistically significant influence on model predictions, and 

lowered AIC and BIC values for all areas (Table 3-2).  The best-fit model that described the 

effect of the variables on the presence or absence of tagged blue sharks in a specific quadrant 

was obtained for Area II (R
2
 = 0.61), followed by Area IV (R

2
 = 0.58), Area I (R

2
 = 0.47), Area 

III (R
2
 = 0.41), and all Areas combined (R

2
 = 0.40) (Table 3-2).  The output of the fifth GAMM 

model, investigating the effect of Area on the presence or absence of tagged blue sharks in a 

specific quadrant, showed that Area has no significant effect as a variable (Table 3-2).  In all 

models, SST was the most important variable in explaining the variance (Table 3-3).  

Partial response curves showing the effects of SST on the model indicated a higher 

occurrence of tagged blue sharks in quadrants where SST was between 26 – 28 °C (Area I); 23 – 

24 °C and 26 – 28 °C (Area II); 10 – 13 °C (Area III); and 20 – 22 °C (Area IV).  Presence of 

blue sharks in a specific quadrant was also more likely to occur when DML was between 60 – 
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100 m (Area I); 0 – 20 m and 25 – 35 m (Area II); deeper than 70 m (Area III); and between 30 – 

70 m (Area IV) (Figure 3-7).  

3.3.3. Vertical Habitat Utilization   

Time-at-depth histograms show that patterns of segregation vary based on which area 

sharks were tagged in.  Within Area I, adult females and males occupied shallower depths than 

juveniles. Within Area II, adult females and occupied shallower depths than either adult males or 

juveniles Within Area III, all ages and both sexes were found in similar depth ranges; while in 

Area IV, juveniles utilized shallower waters than either adult males or females. The cluster 

analysis revealed four groups, of which three consisted of mixtures of males and females.  

However, group 4 (the largest group) was composed almost entirely of mature females (Figure 3-

8). 

 3.4. Discussion  

Our study is the largest spatially-stratified satellite tagging study of south Atlantic blue 

sharks to date and reveals that none of the current hypotheses of migration cycles are fully 

satisfactory.  Blue sharks showed relatively high levels of residency to core areas, but there were 

individuals within each area that swam to an adjacent area, with one of these movements 

represented as trans-Atlantic migrations.  These results support a growing number of studies 

indicating that oceanic sharks show site fidelity within core areas, although some individuals also 

undertake long range movements (e.g. Kohler et al., 2002; Weng et al.; 2005, Campana et al., 

2011; Howey-Jordan et al., 2013).  The trans-Atlantic movement challenges the two-stock 

hypothesis - that Atlantic blue shark populations lack connectivity and should be managed as 

separate stocks (Legat and Vooren, 2004).  However, length frequency distributions and the 

movement of at least one individual from Area III to Area II also challenges the clockwise 

migration hypothesis (Carvalho et al., 2010).   
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Juvenile blue sharks are more commonly found off southern Brazil, while adults are more 

abundant further north (Carvalho et al., 2010).  Juveniles are unlikely to perform trans-Atlantic 

migrations from southwestern Africa, suggesting that a nursery location exists within Brazilian 

waters.  Fishing surveys indicate this nursery may be off the Subtropical Convergence (STC) and 

that pregnant females migrate south from northeastern Brazil to give birth (Legat and Vooren 

2004; Montealegre-Quijano and Vooren, 2010).  However, our tagging study reveals at least one 

mature female swimming from northeastern Brazil to the Gulf of Guinea, which may suggest 

two possible parturition areas (STC and South Africa; Hazin et al., 1994). 

Our study also highlights how a modeling approach can reveal oceanographic conditions 

that explain or influence marine predator movements.  The movements and distribution of blue 

sharks were primarily explained by SST and secondarily by DML, particularly for mature 

females.  However, the actual variable values differed based on tracking locations of individuals 

and presumed reproductive stage.  The Gulf of Guinea is a highly productive area, which likely 

offers ample prey sources to gestating females, which supplement developing embryos through 

placental viviparity in addition to meeting their own nutritional requirements (Pratt, 1979; Hazin 

et al., 1994).  Furthermore, within the Gulf of Guinea, mature female blue sharks selected 

warmer coastal waters than adult males or immature sharks.  Pregnant female sharks are 

hypothesized to select warmer waters to reduce gestation and development time of embryos 

(Hight and Lowe, 2007; Jirik and Lowe, 2012).  Similar strategies of behavioral gestational 

thermoregulation are employed by terrestrial poikilotherms such as viviparous lizards and snakes 

(Shine and Harlow, 1993; Gregory, 2009).  Larger females also occurred in waters with deeper 

mixed layers, which may also be related to selecting warmer surface waters, as an increased 

DML is generally associated with warmer surface waters.  Diving data indicated that female blue 
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sharks dive to shallower depths than males when in the Gulf of Guinea, primarily confining their 

dives to the mixed layer.  Blue sharks tracked in the Atlantic and Pacific Oceans show a 

preference to remain within the mixed layer, although they will frequently perform short vertical 

excursions into cooler waters (Weng et al., 2005; Campana et al., 2011; Queiroz et al., 2012). 

Habitat utilization also revealed trans-Atlantic variability both in vertical habitat 

utilization and the degree of sexual segregation between males and females.  Horizontal and 

vertical sexual segregation is common in elasmobranchs and may be related to females avoiding 

males outside of the mating season or selecting physiologically optimal conditions for gestation 

or parturition (e.g. Sims, 2005; Papastamatiou et al., 2006; Hight and Lowe, 2007; Wearmouth 

and Sims; 2008).  Furthermore, fishing records have shown that juvenile sharks will vertically 

segregate from mature females (e.g. Papastamatiou et al., 2006).  Our results show that this 

behavior varies across the Atlantic, with strong segregation occurring in locations hypothesized 

to be used for mating, fertilization and gestation (Area I, II, and III) and greater habitat overlap in 

habitats used for parturition (Area IV).  Juveniles occupied different habitats in all areas except 

in Area III, which may suggest that smaller individuals avoid water where larger sharks occur 

more often.  Alternatively, this behavior may be related to predator avoidance with juveniles 

avoiding the sunlit shallow habitats.  Male blue sharks in the Pacific Ocean dive to deeper depths 

than females during the day, although it is unknown how this relates to the reproductive ecology 

of the species in the Pacific Ocean (Musyl et al., 2011).  White sharks (Carcharodon carcharias) 

also vary their dive behavior as they swim between a California aggregation site and Hawaii and 

it is hypothesized that male and females switch to similar diving patterns when in an offshore 

focal area, potentially due to mating (Jorgensen et al., 2012).  Interestingly, the vertical habitat 
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utilization of male and female blue sharks were very similar in Area IV, where mating is 

hypothesized to occur and where females have been caught exhibiting fresh mating scars. 

Unfortunately, we were not able to develop an all explanatory movement model for blue 

sharks in the south Atlantic.  Based on the highly directed long distance movements of a few 

individuals, it is highly likely that blue sharks, like other animals that have an extended period of 

growth prior to reproduction, perform partial migrations where only a proportion of individuals 

migrate (Jonsson and Jonsson, 1993; Chapman et al., 2012).  Therefore, individuals are faced 

with the decision to remain a resident or migrate, which may be related to reproductive stage, 

resource abundance, body condition, or the threat of predation (Chapman et al., 2012).  However, 

teasing apart the contributing factors requires selecting the appropriate spatial and temporal 

scales to analyze.  We selected the entire Atlantic Ocean, which was an appropriate spatial scale, 

but an appropriate temporal scale would cover reproductive chronology of the species (e.g. 1, 2, 

or 3 year reproductive cycles). 

An important prerequisite for estimating local fishing impacts is that the survey data (e.g. 

animal tracks) used to estimate fish core habitats covers the same areas and habitats as the 

fisheries (Vinther and Eero, 2013).  Our study shows that high utilization areas for tagged blue 

sharks directly overlapped with major fishing grounds for a variety of tuna longline fishing fleets 

in the south Atlantic Ocean (Anonymous, 2012), which typically land blue sharks as bycatch.  

The continuing problem of exploited fish populations, local depletions, and recent issues of 

conservation of essential fish habitats, requires new information from stock assessments and 

imposes new challenges for population modeling (e.g., Field et al., 2006; Tuckey et al., 2007).  

Many of these new challenges require the incorporation of spatial patterns into stock assessment 

modeling.  It has long been known that stock assessments should not be performed assuming that 
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single populations are isolated units (Beverton and Holt, 1957).  Even with our relatively small 

sample size, trans-Atlantic movements of blue sharks were revealed, violating the main 

assumption of single-stock assessment models that immigration and emigration are negligible 

(Hart and Cadrin, 2004).  Furthermore, the study demonstrated the first documented movements 

of a blue shark from the southeastern Atlantic Ocean into the Indian Ocean. 

However, demonstrating a link between sub-populations is not the only consideration, as 

the rate of movement between locations will also influence management strategies.  It has been 

suggested that all sub-populations should be assessed together as a single stock unit when 

movement rates between sub-populations are extremely high, while movement should be 

included in spatial assessments when there are intermediate and low mixing rates (Aldenberg, 

1975).  The explicit consideration of spatial scale to assess fishing impact is advantageous to 

marine management (Lorenzen et al., 2010).  It is evident that the blue shark stock in the south 

Atlantic Ocean varies spatially at a large scale (Carvalho et al., 2010), with a low-degree of 

mixing among blue sharks from different areas of the south Atlantic Ocean and a clear vertical 

spatial segregation between adults and juveniles. Consequently, a spatially explicit assessment 

may lead to a better understanding of the spatial aspects of south Atlantic blue shark population 

dynamics, as well as improve fishery management decisions towards this species.  

Finally, the ability to model the influence of habitat characteristics on marine predator 

movements and distribution is critical for the development of predictive models of animal 

movements.  These types of analyses will eventually allow us to predict how changing 

oceanographic conditions (e.g. climate change; Hulme, 2005) may influence the distribution and 

habitat selection of top-level marine predators and potentially how this may impact fisheries 

interactions and bycatch.
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Table 3-1. Summary data for 28 blue sharks tagged with pop-off satellite-tags in the south 

Atlantic Ocean. F – female; M – male. Tagging occurred in four geographic areas 

(NE – Area I, NW – Area II, SW – Area III, and SE – Area IV). Values for the Rao’s 

test. Individuals highlighted in grey represented r statistically different from a 

uniform distribution for Rao’s test, therefore implying directional movement. 

ID TL 

(cm

) 

Se

x 

Location 

tagged 

(Area) 

Tagging 

date 

Progra

med 

release 

days 

Pop-up location 

(Degrees) 

Pop-up 

date 

Days at 

liberty 

Rao’s 

space 

1 98 F I 05/21/09 90 33.0 W 6.5 S 08/09/09 81 162.4 

2 235 F I 05/22/09 210 3.4 E 3.9 S 12/16/09 209 193.8 

3 242 F I 0512/11 180 37.5 W 8.8 S 07/07/11 57 141.5 

4 275 F I 05/12/11 180 36.3 W 4.3 S 06/20/11 40 160.9 

5 234 M I 05/14/11 180 28.5 W 4.1 S 09/07/11 117 165.3 

6 102 M I 05/18/11 180 26.5 W 8.27 S 09/25/11 131 131.4 

7 119 F I 05/19/11 180 32.1 W 8.6 S 09/03/11 108 143.2 

8 253 F II 06/09/11 180 5.3 E 3.5 N 10/02/11 116 142.0 

9 266 F II 06/12/11 210 5.0 E 3.2 N 09/25/11 106 130.7 

10 107 F II 06/12/11 180 2.5 E 4.9 N 12/11/11 183 155.7 

11 230 M II 06/14/11 210 0.4 E 3.0 N 09/12/11 91 150.2 

12 103 F II 06/17/11 210 8.4 E 33.0 S 11/07/11 144 192.0 

13 247 F II 06/17/11 210 9.9 W 4.5 N 10/23/11 119 165.5 

14 112 M II 06/18/11 180 5.5 E 1.2 N 09/25/11 101 148.0 

15 254 M III 10/26/08 180 18.3 E 37.4 S 02/04/09 102 130.8 

16 259 F III 10/26/08 180 3.5 E 3.7 N 02/05/09 103 194.7 

17 271 M III 07/06/09 180 15.6 E 31.7 S 10/14/09 101 150.0 

18 261 F III 07/08/09 180 12.8 E 32.8 S 08/03/09 27 110.3 

19 244 M III 10/29/10 180 22.0 E 35.0 S 01/29/11 93 153.3 

20 290 M III 10/30/10 180 13.6 E 24.0 S 01/28/11 91 146.6 

21 230 F III 10/14/11 180 19.6 W 35.9 S 03/08/12 147 187.6 

22 241 F IV 01/16/09 90 36.0 W 29.4 S 03/19/10 63 151.2 

23 102 M IV 01/22/09 90 35.3 W 31.8 S 03/29/09 67 156.6 

24 104 F IV 12/11/10 180 37.8 W 31.0 S 04/02/11 113 164.1 

25 107 M IV 12/13/10 180 46.0 W 28.7 S 04/29/11 138 157.1 

26 260 F IV 11/05/11 90 50.3 W 35.4 S 12/30/11 56 150.7 

27 253 F IV 11/06/11 210 28.3 W 7.18 S 04/28/12 175 161.7 

28 241 M IV 11/13/11 210 50.0 W 36.0 S 03/14/12 123 137.0 
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Table 3-2. Results from the generalized additive mixed models (GAMMs) for presence and 

absence of tagged blue sharks in areas across the south Atlantic Ocean.  The best-fit 

model is highlighted in grey.  R
2 

is the adjusted coefficient of determination and Lr is 

likelihood ratio test. 

 Model R
2 

(%) AIC BIC Lr Lr p-value 

Area I       

Stage I 1) SST 0.441 3101 3115 NA NA 

 2) DML 0.427 3387 3388 NA NA 

Stage II 3) SST + DML 0.473 2883 2885 3 vs. 1 18.91 (<0.0001) 

Area II       

Stage I 1) SST 0.608 4219 4227 NA NA 

 2) DML 0.576 4314 4318 NA NA 

Stage II 3) SST + DML 0.619 4005 4011 3 vs. 1 7.44 (0.021) 

Area III       

Stage I 1) SST 0.403 3556 3569 NA NA 

 2) DML 0.400 3639 3642 NA NA 

Stage II 3) SST + DML 0.413 3319 3319 3 vs. 1 11.25 (0.004) 

Area IV       

Stage I 1) SST 0.572 4762 4773 NA NA 

 2) DML 0.560 5012 5018 NA NA 

Stage II 3) SST + DML 0.583 4511 4515 3 vs. 1 17.19 (<0.0001) 

All areas       

Stage I 1) SST 0.392 3034 3041 NA NA 

 2) DML 0.369 3363 3386 NA NA 

 3) Area 0.351 3609 3612 NA NA 

Stage II 4) SST + DML 0.408 2908 2917 4 vs. 1 14.08 (0.002) 

 5) SST + Area 0.387 3714 3719 NA NA 

Stage III 6) SST + DML + Area 0.361 3837 3845 6 vs. 4 3.62 (0.173) 
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Table 3-3. Results from the generalized additive mixed models (GAMMs) for presence and 

absence of tagged blue sharks in areas across the south Atlantic Ocean.  Estimated 

degrees of freedom (Edf) and F-values for smooth-term variables are given.  All 

variables selected were significant in the models (p < 0.001). 

 Edf F p-value Significant codes 

Area I     

Smoother term 

SST 4.027 3.68 E + 01 3.15 E – 7 *** 

DML 2.119 4.30 E + 01 1.49 E – 6 ** 

Area II     

Smoother term 

SST 5.185 1.69 E + 01 7.23 E – 11 *** 

DML 4.220 2.44 E + 01 3.05 E – 9 ** 

Area III     

Smoother term 

SST 7.582 1.75 E + 1  7.51 E – 6 *** 

DML 2.992 104.239 0.003827 ** 

Area IV     

Smoother term     

SST 6.003 3.65 E + 01 2.35 E – 10 *** 

DML 2.172 7.48 E + 01 9.42 E – 8 ** 

All areas     

Smoother term     

SST 8.331 1.08 E + 01 3.95 E – 6 *** 

DML 5.487 22.451 0.004781 ** 
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Figure 3-1.  A) Proposed movements by female blue sharks in the south Atlantic Ocean (from 

Hazin and Lessa, 2005) and B) two stocks structure hypothesized by Legat and 

Vooren (2004).  
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Figure 3-2.  Most-probable track for tagged blue sharks across the south Atlantic Ocean fit with 

the Kalman Filter State-Space Model. 
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Figure 3-3.  Use areas occupied by tagged blue sharks across the south Atlantic Ocean.  
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Figure 3-4.  Rose diagrams showing the angular changes for tagged blue sharks that represented  

r statistically different from uniform distributions for both Rayleigh and Rao’s tests.  
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Figure 3-5.  Boxplot of sea surface temperature (SST) in the quadrants experienced by tagged  

blue sharks across the south Atlantic Ocean. Outliers are represented by a dot at either 

end of the plot. A) Area I. B) Area II. C) Area II. D) Area IV 
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Figure 3-6.  Boxplot of depth of the mixed layer (DML) in the quadrants experienced by tagged 

blue sharks across the south Atlantic Ocean.  Outliers are represented by a dot at 

either end of the plot. A) Area I. B) Area II. C) Area II. D) Area IV 
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Figure 3-7.  Partial response curves showing the effects of sea surface temperature (SST) and 

depth of the mixed layer (DML) on presence of blue sharks in quadrants across the 

south Atlantic Ocean.  The grey shaded region indicates the calculated 95% 

confidence interval. A) Area I. B) Area II. C) Area II. D) Area IV  
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Figure 3-8.  Cluster analysis of the frequency distributions of the proportion of time-at-depth for 

each individual and for adult males, adult females, and juveniles (both sexes 

combined). A) Area I. B) Area II. C) Area II. D) Area IV 
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CHAPTER 4 

INCORPORATING VERTICAL SPATIAL POPULATION STRUCTURE INTO 

STATISTICAL CATCH-AT-AGE STOCK ASSESSMENT MODELS 

4.1. Background  

The blue shark (Prionace glauca) is possibly the most wide-ranging shark species 

occurring in temperate, subtropical and tropical waters (Henderson et al., 2001), with high 

bycatch rates in pelagic longline fisheries (Compagno et al., 2005). Blue shark is the most 

commonly caught large shark and is the most abundant pelagic shark (Megalofonou et al., 2009; 

Stevens et al., 2000). However, several studies have reported declines in the abundance of blue 

shark (Baum et al., 2004; Campana et al., 2005), possibly as a result of the impacts of 

overfishing.  

In the South Atlantic Ocean (SA) the blue shark stock is managed by the International 

Commission for the Conservation of Atlantic Tunas (ICCAT). In 2008, ICCAT carried out a 

stock assessment for Atlantic blue sharks assuming a single stock using a Bayesian surplus 

production stock assessment model (ICCAT, 2008). Surplus production models (SPM) treat 

stocks as an undifferentiated biomass, ignoring sexual, size, and age-based differences among 

individuals. Ecological differences within and between members of a population suggest that this 

assumption may overlook important influences on population dynamics. Another criticism is that 

SPM ignores the spatial structure of the population and assume that the stock is homogeneously 

distributed (i.e. fully mixed) (Punt and Hilborn, 1997). Nevertheless, fish often disperse in 

response to spatial habitat features to satisfy particular life history requirements (e.g., foraging, 

reproduction), which results in non-homogenous patterns of abundance across the water at scales 

usually distinct from conventional management boundaries (Walters and Martell, 2004). 

Consequently, spatially explicit assessment models may lead to a better understanding of the 

spatial aspects of the population dynamics, as well as improve fishery management decisions. 
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Different ways to incorporate spatial structure into stock assessments have been 

described in the literature. One of the first examinations of spatial structure involved a box-

transfer model, i.e., a discrete approximation to a dispersion model (Beverton and Holt, 1957). 

This model was expanded to make use of tagging data in an application for skipjack tuna, 

Katsuwonus pelamis (Sibert, 1984), and later for parameter estimation to be based on maximum 

likelihood estimation, with the tagging data being assumed to be Poisson-distributed (Hilborn, 

1990). With increasing computing power, more complex models were developed, such as 

advection–diffusion-reaction models (Sibert et al., 1999), and MULTIFAN-CL (Fournier et al., 

1998), which fully integrates advection–diffusion processes into a length-based, age structured 

model. 

Despite the attention given to spatial structure in stock assessments in the literature, most 

fisheries lack the tagging data required to parameterize models of spatial dynamics explicitly. 

Thus, it is increasingly common to approach spatial structure in stock assessment by dividing the 

geographical area where the stock is distributed into spatial strata, and treating the data from 

each stratum as coming from a different fleet. In these cases, the catches, indices of abundance 

(CPUE), and biological-composition data are partitioned by area (Cope and Punt, 2011).  This 

‘fleets-as-areas’ approach makes the implicit assumption that the stock is homogeneously 

distributed across its range, and that any differences in age or length compositions are due to 

gear selectivity. This approach can also been used to address spatial structure across a stock’s 

geographical range, the same considerations apply to a stock for which the population age or 

length structure differs with depth (Berger et al., 2012). In addition, information on spatial 

population structure based on depth has also becoming more available due the emerging 

electronic tagging technology (e.g. Pop-up Satellite archival Tags) (Block, 2005).  



 

94 

Analysis on depth preference obtained from the present study revealed variability in 

vertical habitat utilization and size segregation in particular areas, with juveniles utilizing 

shallower waters than either adult males or females (Chapter 3). This difference in vertical 

spatial structure of the population can strongly affect fishery selectivity, ignoring it in the stock 

assessment process can produce biased estimates of management quantities and underestimate 

uncertainty. 

Here, we implemented a spatial structured Statistical Catch-at-Age Model (SCAM), using 

two different fishing fleets as a proxy for spatial process, to describe the status of South Atlantic 

blue shark population. Furthermore, we evaluated the potential use of vertical spatial structure 

information obtained from satellite archival tags to directly inform selectivity in SCAM.  

4.2. Materials and Methods  

Two sequential procedures were used to implement a spatially-structured SCAM: 1) 

standardized CPUE abundance indices for blue shark were constructed for two different longline 

fleets operating in the South Atlantic ocean; 2) standardized abundance (CPUE) indices were fit 

to a SCAM.  Additionally, to evaluate the potential use of tagging information data to inform the 

shape of the selectivity curve in stock assessment models, we constructed selectivity curves 

based on tagging data only and compared those with the selectivity curves generated  by the 

SCAM. 

4.2.1. Data 

For the SCAM, the total catches per year used in the model were the catches estimated by 

ICCAT based on the ratios of sharks to tuna method (ICCAT, 2005) for the South Atlantic blue 

shark from 2002 to 2012. This method was developed by the ICCAT shark working group 

(ICCAT, 2005). It estimates the percentage of reported shark catch vs. the combined total catch 

of tunas, swordfish, and billfish. The ratio from this calculation was aggregated by gear and fleet 
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characteristics and applied to strata for which no shark catch information is available in order to 

estimate possible catch levels of blue shark for non-reporting fleets over the period 2002-2012 in 

the South Atlantic. Total commercial catches peaked in 2011, with Brazil ranking first in number 

of blue sharks caught by country per year (Figure 4-1).  

Blue shark catch and effort data were obtained from 37,665 longline sets made by two 

Brazilian tuna longline fleets, here represented by Fleet A and Fleet B. Longline sets from both 

fleets were distributed throughout a wide area of the Southwestern Atlantic Ocean, ranging from 

10
◦
E and 50

◦
W longitude and between 10

◦
N to 45

◦
S latitude (Figure 4-2). Fleet A is based in the 

coastal cities of northeast Brazil, including Recife, Natal, and Cabedelo, and its major fishing 

ground is located in the Atlantic Equatorial zone. This area (Area I) is characterized by the 

presence of seamounts (North Chain of Brazil) and oceanic islands (Fernando de Noronha 

Archipelago and Atol da Rocas), and upwelling driven by the equatorial convergence (Mayer et 

al., 1998) (Figure 4-2). Fleet B is based in the Southeast and South of Brazil, in the cities of 

Santos, Itajaí, and Rio Grande. The major fishing ground for this fleet is in the vicinity of the Rio 

Grande Rise, large seismic ridge situated between the Mid-Atlantic Ridge and the Brazilian 

continental shelf. This area (Area II) also is characterized by the presence of the convergence 

zone between two current systems: 1) the warm, coast-hugging, Southward-flowing Brazil 

Current; and 2) the cold, northward-flowing Malvinas (Falkland) Current (Garcia, 1997; Seeliger 

et al., 1997) (Figure 4-2).  

Fisheries logbooks from both fleets were made available by the Ministry of Fisheries and 

Aquaculture within the Brazilian government. The logbooks contained details for each vessel 

operating within the fishery and included: date, time, start and end coordinates of the set, total 

number of hooks, and the total number of individuals caught for each set. Length frequency (fork 
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length, FL, cm) information on blue sharks was obtained from the Brazilian on-board observer 

program. A total of 26,341 blue sharks were measured from 2002 to 2012 across the Southwest 

Atlantic Ocean in Areas I and II. Age frequencies were obtained by back-transforming the 

lengths into ages using the von Bertalanffy relationship provided by Lessa et al. (2004). 

4.2.2. Data Analysis 

 Standardizations were performed for South Atlantic blue shark catch and effort data from 

each of the fleets using Generalized Linear Models (GLMs). The number of zero blue shark 

catches was relatively high in the datasets (56% Fleet A; 51% Fleet B) and a Tweedie 

distribution with a log-link function was therefore used in the GLMs following Carvalho et al. 

(2010). The models used the following formula: 

 [ ](  [    ]   ) 

       (         )  (    )  (                   )  (       ) 

  (           )  

   [ ](     [ ])        

where  : location parameter;   : diffusion parameter;  : power parameter (Shono, 2008). The 

selection of predictors was evaluated exclusively on AIC. The GLMs were computed in the R 

language for statistical analysis (R Development Core Team, 2011).  

An estimate of historical blue shark abundance in the South Atlantic ocean was 

reconstructed using a SCAM. SCAMs are age-structured models that follow cohorts of fish over 

time and consider the catch-at-age data to be measured with error (Megrey, 1989). Such models 

consist of population and observation submodels, where the model parameters are estimated by 

fitting the models to data (Megrey 1989). With the development of SCAM more attention was 

applied to the form of the selectivity curve and the estimation of the selectivity curve’s 
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parameters within the stock assessment model. In most of SCAMs, when age composition data is 

available, selectivity parameter is estimated internally in the stock assessment model. However, 

age composition data is not mandatory for SCAMs, in such cases the selectivity parameter will 

have to be fixed. The SCAM used in the present study is based on the framework developed in 

Martell et al. (2008). The biological parameters used for the calculations as well as subscripts, 

input data, and estimated parameters are shown in Table 4-1, and model equations in Tables 4-2 

and 4-3. For all equations upper and lower-case subscripts denotes unfished and fished 

conditions, respectively. Individual growth was assumed to follow the von Bertalanffy equation, 

for which expected length l at age a was given by (T2.1) and mean weight-at-age is given by the 

allometric relationship in (T2.2). Standard logistic functions were used to estimate maturity at 

age (T2.3) and vulnerability-at-age (T2.4). Assuming dome-shaped selectivity was also explored 

in the model. In order to implement a dome-shaped selectivity an additional penalty weight is 

added to the objective function that control how much curvature there is and limit how much 

dome-shaped can occur. Natural mortality was assumed to be age-independent and time-

invariant (fixed at a constant 0.2 yr
-1

, based on the last ICCAT’s South Atlantic blue shark stock 

assessment). The leading parameters (T2.1-T2.4), along with the age-specific information, were 

used to derive parameters for the Beverton-Holt stock recruitment relationship (T2.7-T2.9) 

assuming equilibrium, unfished conditions. In the present study a commonly used 

parameterization of the Beverton-Holt stock recruitment model, the so-called steepness 

parameterization, was applied. This parameterization was developed by Mace and Doonan 

(1988), who defined steepness (h) as the fraction of recruitment from an unfished population 

when the spawning stock biomass declines to 20% of its unfished level. A steepness of 1.0 

implies that recruitment is independent of spawning stock, and the population would therefore be 



 

98 

highly robust to exploitation. For steepness approaching 0.2, the population would be barely 

maintaining itself at all levels of spawning stock and would therefore be highly vulnerable to 

exploitation. To establish the initial age structure, was assumed an initial equilibrium abundance 

where survivorship ate age a was given by (T2.5). Survivorship for fished equilibrium conditions 

was calculated by (T2.6). Given the survivorship and maturity at age, the reproductive rate for 

unfished and fished conditions was given by (T2.7). Vulnerable biomass for unfished and fished 

conditions was calculated by (T2.8).  Subsequently, equilibrium recruitment (T2.9), virgin and 

equilibrium biomass (T2.10), and the initial state of the population, were calculated (T2.11). 

Fishing mortality was conditioned on the Baranov catch equation (T2.12), while instantaneous 

total mortality and spawning stock biomass is given by (T2.13) and (T2.14), respectively. The 

initial numbers-at-age are projected forward using (T2.15), where s0 is the maximum survival 

rate from egg to age 1 recruit (T2.16) and b determines the asymptotic limit (T2.17). Predicted 

annual catch-at-age and total catch in weight are given by (T2.18) and (T2.19), respectively. 

Finally, the total number of individuals and the total biomass vulnerable to the fishery is given 

by (T2.20) and (T2.21), respectively. 

The final step in the SCAM is computing the residuals between the relative abundance 

indices and the catch-at-age proportions to be used in the negative log-likelihoods during 

parameter estimation or numerical integration of posterior distribution (Table 4-3). Here we 

assume that the observation errors in the abundance index for each fleet are normally distributed 

and proportional to the vulnerable biomass. Regarding the initial conditions of the stock used in 

the model, we assumed that the first year for which annual catch data are available may not 

correspond to the first year of (appreciable) exploitation, so that one cannot necessarily make the 

assumption in the application of this SCAM that this initial year reflects a population (and its 
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age-structure) at pre-exploitation equilibrium. For the first year considered in the model 

therefore, the stock is assumed to be at 80% of its pre-exploitation biomass, based on estimates 

from Chapter 2. Additionally, to improve model fit a beta prior (0.9, SD=0.2) was assigned for 

the steepness parameter ( ) of the Beverton-Holt stock-recruitment relationship. This value is 

based on previous blue shark stock assessments in the north Pacific (Kleiber et al. 2009) and 

Atlantic oceans (ICCAT, 2008). This value seems reasonable in light of blue shark’s life history 

characteristics. According to Cortés (2002), blue shark have one of the highest fecundities 

documented among sharks (mean litter size of 37 pups, Mejuto and García-Cortes, 2005; 

reaching up to 82 pups, Pratt, 1979) and surprisingly fast early growth rates that result in near 

doubling of pup size over the first year (Skomal and Natanson, 2003).  

Calculated harvest management points were based on Maximum Sustainable Yield 

(MSY) assuming the Beverton-Holt model. The fishing mortality rate that maximizes yield 

(FMSY) is calculated numerically using a Newton-Raphson approach to solve the instantaneous 

catch equation (see Martell et. al., 2008) assuming steady state conditions. Given an estimate of 

FMSY, other reference points are derived based on equilibrium recruitment at FMSY and per recruit 

incidence functions. 

 The selectivity type for each Fleet used on SCAM were chosen based on the shape of the 

selectivity curves constructed using the tagging data only. Fishery-specific selectivity as 

implemented stock assessments is represented as the product of contact selectivity (the 

probability a fish is captured when it encounters the fishing gear) and availability (the probability 

that a fish is in the area where and when the fishery occurs). To construct the selectivity curves 

based on tagging data we considered availability as the proportion of time that an age-specific 

blue shark occupies the depth range of the longline fishing gear, here assumed to range from 0 to 
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75 m deep. This range was based on a study carried on the Brazilian longline Fleets A and B 

following the methodology proposed by Bigelow et al. (2006), which attaches temperature-depth 

recorders to pelagic longline gear. The contact selectivity was assumed to be one for all 

individuals older than one year old.  

 The availability analysis suggests that there is a trend in age across depth in both areas 

(Figure 4-3). For Fleet A the depth range of the longline gear is inhabited mostly by adults, 

which is consistent with an asymptotic selectivity. In the other hand, for Fleet B the overlap 

shifts to younger ages, with older fish located in deeper waters, consequently is expected the 

selectivity to become more dome-shaped. This feature would be modeled by assigning two types 

of selectivity. For Fleet A a simple asymptotic logistic curve was chosen to model the 

availability data, while a spline curve was used to fit these data for Fleet B (Figure 4-3).  

  The SCAM model was developed and implemented using AD Model Builder (ADMB; 

Fournier et al., 2012). A Bayesian approach was used to obtain posterior probability estimates 

for the parameter values and quantities of interest such as fishing mortality rates, abundance, and 

total and spawning stock biomass (SSB). In the Bayesian framework, samples are generated 

from the posterior distribution of parameters, which can be implemented using Markov Chain 

Monte Carlo (MCMC) techniques (MacKay, 2003). The MCMC samples were calculated using 

the default algorithm in ADMB (Fournier et al., 2012). MCMC simulations were conducted in an 

identical manner for each model scenario. Each simulation included five chains with 2 million 

cycles, discarding the first 200000 iterations as burn-in phase and then thinning the chain by 

saving every 200
th

 iteration to reduce autocorrelation. MCMC simulation convergence was tested 

using the CODA package (Convergence Diagnosis and Output Analysis; Plummer, 2006) in R 

statistics. A minimal threshold of p = 0.05 was adopted for Geweke’s diagnostic (Geweke, 1992) 
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and the two-stage Heidelberger-Welch  stationary test (Heidelberger and Welch, 1983). We also 

used the Gelman and Rubin (1992) approach to evaluate the mixing and convergence of our 

MCMC sampler tests results showed no evidence of failure to converge for all model parameters. 

Model fit was evaluated by assessing whether the distribution of predicted catch rates, calculated 

using parameters sampled from the joint posterior distribution corresponding to MCMC 

simulations, included the corresponding observed catch rate at the 95% credible level (posterior 

predictive check; Gelman et al., 2004). 

4.3. Results  

4.3.1. CPUE Standardization 

The final model for the blue shark CPUE standardization from both fleets consisted of 

three variables and explained 56% and 54% of the total deviance for fleets A and B, respectively. 

The relative contribution from each variable in the total explained deviance for the model for 

fleet A showed that Target (44%) was the most important factor, followed by Year (38%), 

Quarter (12%), and interaction Year*Target (6%) (Table 4-4). The CPUE model for fleet B 

explained 55% of the total deviance. Target (48%) and Year (40%) were the most important 

factors, followed by Quarter (8%), and interaction Year*Target (4%). Residual diagnostic plots 

and Q-Q plots showed that good fit was obtained and that the assumed error structure was 

satisfactory for both models (Figure 4-4). Overall, the standardized CPUE time series showed a 

stable trend from 2002 to 2012 in both models. However, Fleet B showed lower values for 

observed and predicted CPUE during the entire model frame (Figure 4-5).   

4.3.2. Statistical Catch-at-Age Model 

The SCAMs produced reasonable fits, with posterior median estimate of steepness for the 

stock recruitment relationship extremely high (0.93). For CPUE the model predicted the same 

stable trend as was observed, producing lower predictions of CPUE for Fleet B than for Fleet A 
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(Figure 4-6). Observed age for both fleets showed a stable trend during the study period, with 

Fleet A catching predominantly adult individuals while most catches from Fleet B were juveniles 

(Figure 4-7).  Residual patterns in the age composition data from both fleets don’t appear to have 

any significant pattern that would indicate a major model misspecification (Figure 4-8).  

Selectivities estimated by the SCAM show a clear difference between Fleet A and B, 

with 8 years (±0.91) and 6 (±0.63) years old fish fully selected in areas I and II, respectively 

(Figure 4-9). In addition these results clearly demonstrates that when fishing effort is 

concentrated in a shallower depth zone (0-75m) and there is an ontogenetic shift toward deeper 

waters for older blue shark, the result is a dome-shaped selectivity (Figure 4-9).  

 Changes in posterior median estimates of total biomass, vulnerable biomass, and SSB 

were relatively small throughout the time series for both scenarios. Posterior median estimate for 

MSY were 879,490 mt (SD= 108,637 mt), with corresponding estimates of SSBmsy of 682,741 

(SD=88,721). 

 The estimates of the current status suggest that total biomass in 2012 decrease 4% of 

initial total biomass.  The percent decreases for SSB were 5%. Posterior median estimates for 

SSB2012/SSBMSY was 1.49, while F2012/FMSY were 0.32. Current stock status relative to MSY 

(F2012/FMSY, SSB2012/SSBMSY) suggest that the stock is not overfished (SSB2012 > SSBMSY), nor is 

overfishing occurring (F2012 < FMSY) and the stock is therefore in no danger of overexploitation 

and collapse. 

4.4. Discussion  

Current scientific understanding of population dynamics and stock status for blue sharks 

in the South Atlantic are entirely fishery-dependent. Therefore, estimates of historical biomass 

are based on relative measures of CPUE obtained from various fisheries, which are assumed to 

be proportional to exploitable abundance. Because the fisheries do not sample the populations in 
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a random, unbiased manner, fishery-dependent data may introduce many potential sources of 

error. Efforts to account for potential biases require an understanding of the relationship between 

habitat, susceptibility to capture, and the spatiotemporal dynamics of fishing effort (Maunder and 

Punt, 2004; Bishop, 2006).  

To estimate trends in abundance, CPUE time series from fisheries are ‘standardized’ to 

account for factors other than abundance that affect CPUE. There are numerous approaches 

available for standardizing CPUE (Maunder and Punt, 2004), including habitat-based models 

(Hinton and Nakano, 1996; Maunder et al., 2006). Habitat-based standardization, as opposed to a 

more traditional linear modeling technique, has been proposed for highly migratory species, 

because the fisheries responsible for a majority of their fishing mortality (longline fisheries) have 

changed target species and target habitats over time (Majkowski, 2007). These changes highlight 

the need to include habitat when estimating the abundance of target and bycatch species from 

longline fisheries, because no species group is caught randomly across their respective habitats. 

Habitat-based standardization relies mainly on the knowledge of the species vertical habitat use, 

which in most cases are obtained from tagging studies (Bigelow et al., 2004). 

External analyses of tagging data can be also used to directly inform stock assessment 

models. First, they can be used to generate and/or test hypotheses about population 

characteristics and dynamics. This can be very influential through its effects on model structure, 

particularly for information sources such as electronic tags which may provide insights into fish 

behavior that evolve with time and more data. For example, separate spawning and foraging 

grounds have been hypothesized from movement patterns observed in Atlantic bluefin tuna, 

Thunnus thynnus using electronic tags data (Block et al., 2005, Galuardi et al., 2010). Kurota et 

al. (2009) tested some of these hypotheses by estimating bluefin movement (and exploitation 
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rates) by size across ICCAT boundaries; however, only start and end point data were used, 

ignoring intermediate positions available from electronic tags. In another example, uncertainty 

about spatial structure and movement dynamics in the most recent stock assessment of South 

Pacific swordfish Xiphias gladius (Kolody et al., 2008) motivated the analysis of spatial 

dynamics with electronic tags by Evans et al. (2014) as part of the ongoing effort to update the 

data available for the next assessment. 

Blue sharks’ preferences for particular habitat-related factors might affect their spatial 

structure and vulnerability to being caught. Consequently, the inclusion of appropriate auxiliary 

information from tagging data should be encouraged. For instance, Chapter 3 shows a strong 

vertical segregation between adults and juveniles occurring in Areas I and II, this behavior may 

be related to predator avoidance with juveniles avoiding adult habitats (Musyl et al., 2011).  

It is increasingly common to treat spatial structure in a stock by dividing the range over 

which the stock is distributed into spatial strata (such as Areas I and II, in the present study) and 

treating the data for each stratum as though coming from a different fleet (Cope and Punt, 2011).  

However, this method has been under criticism, Cope and Punt (2011) compared this “areas as 

fleets” approach with assessing each area separately and pooling data spatially by means of 

simulation. They found the “areas as fleets” approach often performed poorest of the approaches 

considered when it didn’t perform best. The poor performance of the “areas as fleets” approach 

may have been related to not allowing the selectivity patterns for fleets to be different (e.g., 

dome-shaped).  

SCAM is sensitive to the choice of how selectivity is modeled. Incorrect assumptions 

about selectivity generate errors in the SCAM estimates of biomass (Kimura, 1990), SSB (Punt 

et al., 2002; Radomski et al., 2005), exploitation rate (Radomski et al., 2005), and the ratio of 
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stock biomass in the first year to stock biomass in the final year of analysis (Yin and Sampson, 

2004). At present, the SCAM approach developed by Martell et al. (2008) allows six alternative 

age-specific selectivity options.  

If the selectivity is assumed to be dome-shaped for all the fisheries, its estimation within 

a stock assessment model may not be possible. It is likely the degree of the dome-shape would be 

confounded with the estimates of mortality. The more common stock assessment practice is to 

assume asymptotic selectivity unless there is conclusive evidence that certain sizes or ages are 

being excluded from the fishery (Cope and Punt 2011). However, using an asymptotic selectivity 

for all fisheries might cause estimates of fishing mortality to be biased high. Recent research 

indicates that some degree of dome-shaped selectivity is to be expected in many situations, due 

to incomplete mixing of individuals and spatial heterogeneity in fishing intensity (He et al. 

2010). Ideally, information should be available to provide an objective stance for specifying at 

least one gear type having dome-shaped selectivity (Cope and Punt 2011).   

Tagging studies have been used to describe selectivity patterns for a variety of fish 

including chinook salmon (Jones and McPherson, 2000), cod (Myers and Hoenig, 1997, 

Pederson and Pope, 2003), halibut (Clark and Kaimmer, 2006), red drum (Bacheler et al. 2010), 

sablefish (Assonitis, 2008), and yellowtail flounder (Cadrin, 2008). However, until this time, 

there is no documented evidence that data from satellite archival tags have been used to inform 

selectivity patterns for pelagic species.  

The satellite archival tagging study developed by Carvalho et al. (2014) on blue shark in 

the South Atlantic ocean not only showed blue sharks’ preferences for particular habitat-related 

factors might affect their spatial distribution and vulnerability to being caught. The similar 

parameter estimates of models using estimated and fixed selectivity, presented here, indicate that 
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data from satellite tags can be a powerful source of information, specifically assisting to inform 

the shape of the selectivity in stock assessment models.  
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Table 4-1. Definition of subscripts, input data, and input parameters. 

Indices  

Index for age   
Age of plus group   
Index for time   

Data  

Fishery observed catch       

Fishery relative abundance       

Fishery age proportions        

Life history information  

Instantaneous mortality rate    
Von Bertalanffy growth parameters    = 352.1 

   = 0.16 year
-1

 

    = -1.01 

Allometry for length-weight       
   = 1.901*10

-6
 

   = 3.134 

Age-at-50% maturity    = 5 years 

Standard deviation in age-at-maturity  ̂  = 0.65 

Calculated parameters  

Average recruitment  ̅ 
Average fishing mortality   
Instantaneous total mortality rate       

Model predicted catch-at-age        

Model predicted total catch  ̂    

Model predicted abundance index  ̂    

Model predicted proportions of catch-at-age  ̂      

Estimated parameters  

Age-at-50% vulnerability  ̂  

Standard deviation in vulnerability at age  ̂  

Unfished age-1 recruits    
Recruitment compensation   
Equilibrium fishing rate     
Recruitment deviations                
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Table 4-2. Notation for estimated parameters, age-schedule calculations. *Upper and lower case 

subscripts indicate unfished and fished conditions, respectively. 

Mortality  

      ( (  (    ))) T2.1 

      
 

 T2.2 

        [(    )   ]    T2.3 

          [(    )   ]    T2.4 

Survivorship  

  {
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                ∑   ̂    
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                                         T2.10 

          ̂ 
(    ) T2.11 

State dynamics  

        
                (   (     ))

    
 

T2.12 

                   T2.13 

   ∑       
 
       T2.14 
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Table 4-3. Residuals and likelihoods. 

Residuals  

Abundance index  

     (    )     ( ̂   )   
 

 
 ∑[  (    )     ( ̂   )]

    

 

where  ̂  is given by: 

 ̂     ∑      

 

 

T3.1 

Recruitment  
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Age proportions  
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Table 4-4. Deviance analysis of explanatory variables in the Tweedie models for blue shark 

caught by Brazilian pelagic tuna longline fleet, from 2002–2012. 

Model for Fleet A   

 

 

Df Deviance Resid. Df Resid. Dev Dev. Exp (%) AIC 
NULL   22318 8776.8  2034 

Target 4 37664.8 19402 7541.3 44 1873 

Year 10 34705.3 19015 7103.4 38 1247 

Quarter 3 28911.5 18387 6891.2 12 1015 

Year*Target  54 15438.4 18119 6224.2 6 973 

       

Model for Fleet B       

NULL   8425 5778.2  9355 

Target 4 12889.4 7655 5433.8 48 8961 

Year 10 12541.3 7114 5112.7 40 8542 

Quarter 3 11654.8 6743 4902.8 8 8249 

Year*Target  54 10382.2 6528 4831.5 4 8104 
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Figure 4-1.  Annual catches (2002-2012) of blue shark by country in the South Atlantic Ocean 

estimated by ICCAT using the ratio of sharks landed to the total landings of all tunas 

(including swordfish and billfishes).  

0 

5000 

10000 

15000 

20000 

25000 

30000 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 

C
a

tc
h

 (
t)

 

Year 

Brazil China Spain Chinese Taipei Japan Uruguay Other 



 

112 

 

Figure 4-2.  Distribution of fishing effort in number of hooks by the Brazilian longline fleets 

between 2002 and 2012 in Areas I and II.  
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Figure 4-3.  Proportion of time-at-depth histograms for adults and juveniles for areas I and II. A) 

Area I. B) Area II.  
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Figure 4-4.  Histogram of standard residuals (left panel) and quantile–quantile (Q-Q) plots of the 

deviance residuals (right panel) of the model fit for Fleets A (Area I) and B (Area II).  
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Figure 4-5.  Nominal (red circle) and standardized (black line) CPUE of blue shark caught by the 

Brazilian pelagic tuna longline fleets A and B from 2002–2012. Shaded region 

represents the 95% credibility interval for predicted CPUE values. A) Fleet A. B) 

Fleet B.  
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Figure 4-6.  Observed and predicted CPUE from the southern Atlantic blue shark stock 

assessment using the SCAM under scenarios I and II. Shaded region represents the 

95% credibility interval for predicted CPUE values. A) Fleet A. B) Fleet B.  
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Figure 4-7.  Observed age-composition (top panel) and Pearson residuals between observed and 

predicted proportions-at-age (bottom panel, with negative residuals given by blue 

circles). A) Fleet A. B) Fleet B. 
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Figure 4-8.  Selectivity curves constructed using catch-at-age information of blue sharks caught 

by the Brazilian pelagic tuna longline fleets A and B from 2002–2012. Dashed black 

lines represent the estimated age at 50% selectivity. 
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Figure 4-9.  Total biomass and spawning stock biomass (SSB) estimated by the southern Atlantic 

blue shark stock assessment using the SCAM. A) Total biomass. B) Vulnerable 

biomass. C) SSB  
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CHAPTER 5 

CONCLUSIONS 

The research studies that comprise this dissertation focused on the role of changes in 

target species and spatial structure in assessing the stock of South Atlantic blue shark. The results 

of each study have direct implications for blue shark management in the Atlantic. For instance, 

when a change in target species of the Brazilian longline fishery was directly incorporated into 

methods used for estimating CPUE and in a surplus production model, the accuracy of CPUE 

estimates was improved as well as the performance of the stock assessment model. However, 

despite the good fit obtained using the surplus production model, this type of model does not 

account for spatial variability in the pulation. For assessing the South Atlantic blue shark stock 

this issue is aggravated, as the results obtained using the satellite telemetry revealed a much more 

complex spatial population structure than previously thought, with a clear spatial segregation 

between adult and juveniles in the Southwestern Atlantic. It is also important to highlight that the 

stock assessment presented here did not include CPUE and age-structured information from the 

eastern South Atlantic, results from the tagging study indicate that spatial segregation between 

males and females also occur in the Gulf of Guinea area, for example. Consequently, information 

such as CPUE and age-structure of individuals from that area needs to be incorporated in future 

assessments as soon as it becomes available. The statistical catch-at-age stock assessment model 

developed here was able to capture this spatial variability in addition it provide an alternative 

method to include such variability in situations where size composition data are not available. 

Despite the stock assessment used, the South Atlantic blue shark stock has not been 

depleted to overfished levels. These results align with those of ICCAT (2008), which posited that 

the current status of South Atlantic blue shark is being managed sustainably. While changes in 

target species and spatial structure considerations advance the stock assessment and management 
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of blue shark, the advancements, unfortunately, do not necessarily lead to adequate results. Even 

when accounting for all sources of bias, the abundance estimated from fishery-dependent catch 

rates still may not reflect true abundance trends. Thus, bias may persist in the stock assessments 

even in best-case scenarios. This clearly emphasizes that independent stock monitoring programs 

are essential for effective fisheries management. Therefore, nations with an interest in harvesting 

these important internationally shared resources should collaborate to support implementation of 

comprehensive scientific monitoring programs.  

Moreover, given the long history of exploitation of South Atlantic blue sharks without 

scientific monitoring, any established programs would be useful for characterizing future 

population dynamics, while fishery-dependent data will continue to serve as the basis for 

understanding historical abundance patterns.  

Fisheries management is often guided by harvest policies that utilize state-dependent 

control rules to translate current population estimates, such as abundance or biomass, into the 

following year’s fishing rate (e.g., total allowable catch). The present study shows that 

alternative assumptions regarding population structure and changes in catchability can 

considerably affect quantities necessary for rational management (e.g., estimates of population 

size, fishing mortality, and population age structure), which could ultimately influence harvest 

policy decisions. However, more research is needed to evaluate how robust exploitation policies 

are to alternative assessment models and assumptions of spatial population structure and changes 

in catchability. For example, does accounting for structure using spatially referenced parameters 

affect policy performance in a meaningful way over models that do not spatially reference 

parameters?  

Appropriately accounting for spatial structure in assessments appears to be important. 
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Previous simulation studies have shown that allowing for spatial structure, when present, can 

both reduce bias and improve precision of estimates. For example, Punt (2003) found that less 

biased and more precise estimates resulted from separate stock assessments carried out at small 

spatial scales as opposed to pooling data across spatial regions. Sub-dividing the stock 

assessment into smaller spatial levels can also be convenient for satisfying assumptions (Quinn 

and Deriso 1999). The present study illustrated this approach for South Atlantic blue shark 

and justified incorporating spatial structure information.  

Satellite archival tags are one of the newest and potentially most informative data sources 

for developing spatial structured stock assessment. However, the majority of satellite archival 

tagging research effort, particularly in highly migratory species, has thus far been guided by 

ecological questions. The information gathered through these endeavors has undoubtedly given 

invaluable insights, but insufficient study design sometimes leads to duplicate data being 

collected, while other large knowledge gaps persist.  As a remedy, satellite archival tags 

experiments that maximize their value for stock assessment would also provide balance and rigor 

to ecological research. Studies designed to collect observations across the complete range of 

spatio-temporal strata as well as demographic attributes (age, sex, etc.) would address both 

ecological and behavior questions as well as become a powerful information source in 

assessments. Closer collaboration between stock assessment scientists and ecologists in the 

planning and implementation of electronic tags research could greatly leverage the value of the 

data for both disciplines.  
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APPENDIX A 

GAMM 

 

Generalized Additive Mixed Model formulation and inference 

Generalized Additive models (GAMs) are extensions of Generalized Linear Models 

(GLMs) in which a link function describing the total explained variance is modeled as a sum of 

the covariates.  The terms of the model can in this case be local smoothers or simple 

transformations with fixed degrees of freedom (e.g. Maunder and Punt 2004).  In general the 

model has a structure of: 

 (  )          (   )      (   )     (       )     
Where     (  ) and    has an exponential family distribution.     is a response variable,    is a 

row for the model matrix for any strictly parametric model component,   is the corresponding 

parameter vector, and the    are smooth functions of the covariates,   . 

In regression studies, the coefficients tend to be considered fixed.  However, there are 

cases in which it makes sense to assume some random coefficients.  These cases typically occur 

in situations where the main interest is to make inferences on the entire population, from which 

some levels are randomly sampled.  Consequently, a model with both fixed and random effects 

(so called mixed effects models) would be more appropriate.  In the present study, observations 

were collected from the same individuals over time.  It is reasonable to assume that correlations 

exist among the observations from the same individual, so we utilized Generalized Additive 

Mixed Models (GAMM) to investigate the effects of covariates on presence and absence of 

tagged blue sharks in specific quadrants. GAMMs are an extension of Generalized Linear Mixed 

Models (GLMMs) to allow the parametric fixed effects to be modeled non-parametrically.  

Specifically, suppose {Zij1,…, Zijq} are q covariates associated with Yij. GAMMs are given as:  

 (   )         (    )       (    )          

Where   ( )         is an unknown centered smooth function of the kth covariate Zk, and bi 

is a vector of random effects following N{0, D ( ) . The smoothing splines estimators of 

{  ( )     ( )  maximize the penalized integrated log-likelihood. 

∑     

 

   

             ( )   ∑
 

   

 

   

 ∫   
( ) ( )      

Where  (.) in the integrated log-likelihood. 

 

Application to blue shark tagging satellite telemetry data 

The data consisted of binary observations (presence in a quadrant, yes = 1 and no = 0). 

The covariates of interest included SST (Sea surface temperature) and DML (Depth of the mixed 

layer).  Suppose observation of the ith of n units consist of an outcome variable yi and p 

covariates xi = (1, xi1, …, xip)
T
 associated with fixed effects and a q x 1 vector of covariates zi 

associated with random effects. Given a q x 1 vector b of random effects the observations yi are 

assumed to be conditionally independent with means   (    )     
  and variances var (    )  

    
    (  

 ) where  ( ) is a specified variance function,    is a prior weight (e.g. binomial 

denominator) and   is a scale parameter. Then the final GAMM can be formulated as:  

Logit ( ) = log (
 

   
)        (   )     (   )     
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Where p = P(Y = 1), Y is the response variable,   are smooth functions,   is the shark-specific 

random effect and are assumed to be distributed as        ( )  and   is a c x 1 vector of 

variance components.   
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APPENDIX B 

ANALYSIS OF RESIDUALS 

Diagnostic tools for the analysis of residuals 

In the present study we used Q-Q plots and histogram of residuals as model diagnostics 

and the Lilliefors test for normality. In the construction of Q-Q plots the distribution function of 

the residuals,  ( ), was estimated with the empirical cumulative distribution function (ecdf) as: 

 ̂(  )   
    (  )     

 
 

Then, the Q-Q plot is the scatter-plot of the collection of points 

(      
  ( ̂(  )))               

Where,   
   ( ) is the quantile function of the distribution function F0, that in this case is the 

normal distribution.  
 The Lilliefors test was used to check normality of both residuals and random coefficients, 

i.e. the null assumption 

         (    )               (    )  
and the test statistic, which is a modified Kolmogorov-Smirnov statistic, is:  

        |  ( )    ( ̂  ̂ )( )| 

Where    is the ecdf of the sample vector x and  ( ̂  ̂ )( ) is the distribution function of a 

normal distribution with mean  ̂ and standard deviation  ̂. The null hypothesis is rejected for 

larger values of the statistic. 

Residuals used in the construction of QQ-plots, were the “deviance residuals" 

  ̂
       (     ̂ )√   

Where    is the  -th component of the deviance contributed by the datum  -th, as suggested by 

Wood (2006).  

Residuals of all the models produced almost the same patterns. The Q-Q plots of 

residuals shows a slightly departure of residual quantiles from the theoretical normal quantiles, 

which can be assured in a symmetry presented in the histogram of residuals (Figure B-1). 

Furthermore, the Lilliefors's test gave non-significant results for residuals of all models (Table 

B-1), which means that it failed to reject the normality assumption.  In conclusion, that data did 

not violate the assumptions of normality and independence.  

 

Table B-1. Lilliefors test for normality of residuals and random effects. For each model the 

statistic L and the corresponding p-value are given for residuals and for random effects, 

respectively. 

 

Model (Area) L 

(residuals) 

p-value L 

(random) 

p-value 

Area I 1.456 0.082 0.238 0.211 

Area II 1.094 1.037 0.176 0.799 

Area III 2.665 0.954 0.362 0.083 

Area IV 3.552 0.701 0.141 0.165 

 



 

126 

 

 

Figure B-1. Diagnostic plots of GAMMs for presence and absence of blue sharks in specific 

quadrants across the South Atlantic Ocean.   
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APPENDIX C 

TUKEY TEST 

Table C-1. Tukey HSD post hoc pair wise comparison of the mean sea surface temperature 

(SST) in quadrants experienced by tagged blue sharks. Shade rows indicate statistically 

significant differences at P<0.05.  

 

Area I 

    BSH Difference Lower Upper P adjusted 

2-1 -0.107025 -0.286097 0.07204699 0.61154 

3-1 -0.075325 -0.254397 0.10374699 0.90795 

4-1 -0.05715 -0.236222 0.12192199 0.97885 

5-1 -0.0722533 -0.251330 0.10681366 0.92507 

6-1 -0.0823416 -0.261413 0.09673033 0.86009 

7-1 -0.104325 -0.283397 0.07474699 0.64278 

27-1 -0.845675 -1.000755 -0.6905941 0.00000 

3-2 0.0317 -0.147372 0.21077199 0.99946 

4-2 0.049875 -0.129197 0.22894699 0.99049 

5-2 0.034766667 -0.144305 0.21383866 0.99901 

6-2 0.024683333 -0.154388 0.20375533 0.99990 

7-2 0.0027 -0.176372 0.18177199 1.10023 

27-2 -0.73865 -0.893730 -0.5835691 0.00000 

4-3 0.018175 -0.160897 0.19724699 0.99999 

5-3 0.003066667 -0.176005 0.18213866 1.00000 

6-3 -0.00706667 -0.186087 0.17205533 1.00000 

7-3 -0.029 -0.208072 0.15007199 0.99970 

27-3 -0.77035 -0.925409 -0.6152691 0.00000 

5-4 -0.01510833 -0.194183 0.16396366 1.00000 

6-4 -0.02511667 -0.204263 0.15388033 0.99988 

7-4 -0.047175 -0.226247 0.13189699 0.99321 

27-4 -0.788525 -0.943609 -0.6334441 0.00000 

6-5 -0.01083333 -0.191553 0.16898866 1.00000 

7-5 -0.03206667 -0.211187 0.14700533 0.99942 

27-5 -0.7734667 -0.928976 -0.6833577 0.00000 

7-6 -0.02198333 -0.210553 0.15708866 0.99995 

27-6 -0.76333333 -0.914142 -0.6825244 0.00000 

27-7 -0.74135 -0.896309 -0.5862691 0.00000 

 

 

 

 

 

 

 



 

128 

 

 

 

 

 

 

Area II 

    BSH Difference Lower Upper P adjusted 

8-2 1.42764347 1.20662894 1.648658 0.00000 

9-2 1.41356014 1.19254561 1.63457466 0.00000 

10-2 -1.7775732 -1.9985873 -1.5555867 0.00000 

11-2 -1.8123982 -2.0331273 -1.5918367 0.00000 

12-2 -1.9213313 -2.1234606 -1.700317 0.00000 

13-2 1.60278514 1.38177061 1.82379966 0.00000 

14-2 -1.7429886 -1.9400439 -1.5297534 0.00000 

16-2 -3.5269416 -3.7732357 -3.2864875 0.00000 

9-8 -0.0148333 -0.2179173 0.1875087 1.32000 

10-8 -3.2052667 -3.4090087 -3.0013247 0.00000 

11-8 -3.2400167 -3.4438587 -3.0362747 0.00000 

12-8 -3.348975 -3.5528092 -3.1451408 0.00000 

13-8 0.17514167 -0.0289253 0.37897587 0.16015 

14-8 -3.1706333 -3.3744653 -2.9669913 0.00000 

16-8 -4.9545813 -5.1858547 -4.7235879 0.00000 

10-9 -3.1911333 -3.3949753 -2.9829913 0.00000 

11-9 -3.2295833 -3.4979253 -3.0221413 0.00000 

12-9 -3.3348167 -3.5387587 -3.1315747 0.00000 

13-9 0.189225 -0.0146092 0.3930592 0.09355 

14-9 -3.15655 -3.3603842 -2.9527158 0.00000 

16-9 -4.9405018 -5.1710214 -4.7095146 0.00000 

11-10 -0.034825 -0.2386592 0.1690092 0.99985 

12-10 -0.1435833 -0.3459253 0.06007587 0.41303 

13-10 3.38035833 3.17652413 3.58419253 0.00000 

14-10 0.03458333 -0.1692087 0.23841753 0.99985 

16-10 -1.7493646 -1.9803688 -1.5136812 0.00000 

12-11 -0.1089333 -0.3127753 0.09490087 0.77169 

13-11 3.41518333 3.21134913 3.61901753 0.00000 

14-11 0.06940833 -0.1342587 0.27324253 0.98003 

16-11 -1.7145446 -1.9455438 -1.4834312 0.00000 

13-12 3.52411667 3.32028247 3.72795087 0.00000 

14-12 0.17834167 -0.0254253 0.38217587 0.14257 

16-12 -1.6051013 -1.8361047 -1.3760979 0.00000 

14-13 -3.345775 -3.5496092 -3.1419408 0.00000 

16-13 -5.1297268 -5.3602714 -4.8972646 0.00000 

16-14 -1.7839518 -2.0145214 -1.5529146 0.00000 
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Area III 

    BSH Difference Lower Upper P adjusted 

15-12 -5.20477751 -5.4184825 -4.9915426 0.00000 

16-12 -1.92702778 -2.1366266 -1.7144289 0.00000 

17-12 -1.67754559 -1.8894154 -1.4644757 0.00000 

18-12 -1.67964281 -1.8965583 -1.4671273 0.00000 

19-12 -5.30140378 -5.5258468 -5.0772207 0.00000 

20-12 -1.91715354 -2.1086685 -1.7034386 0.00000 

21-12 -1.97075868 -2.1875342 -1.7536394 0.00000 

16-15 3.277717973 3.0585061 3.49692984 0.08632 

17-15 3.527176191 3.30841325 3.74593913 0.07002 

18-15 -0.00901667 -0.1860887 0.18565533 0.16620 

19-15 -0.09663228 -0.3727922 0.13401396 0.90963 

20-15 3.287620397 3.06733508 3.50790571 0.00000 

21-15 3.234012071 3.01112743 3.45689671 0.00000 

17-16 0.249458219 0.03177623 2.4671402 0.86005 

18-16 -0.04772267 -0.3432387 0.3200533 0.96655 

19-16 -3.37435601 -3.6097219 -3.1472901 0.00000 

20-16 0.009902424 -0.2093945 0.2291429 1.00000 

21-16 -0.04370502 -0.2552968 0.17811787 0.99891 

18-17 -0.00203722 -0.2239384 0.21985539 1.00000 

19-17 -3.62308819 -3.8530187 -3.3946577 0.00000 

20-17 -0.23955795 -0.4583173 -0.0209286 0.07041 

21-17 -0.2931412 -0.5145426 -0.0717398 0.06156 

19-18 -3.62176097 -3.853886 -3.381496 0.00000 

20-18 -0.23756073 -0.4601222 -0.0141992 0.05788 

21-18 -0.29112398 -0.5178409 -0.061647 0.00242 

20-19 3.384253024 3.15360643 3.61489962 0.00000 

21-19 3.330644699 3.09751428 3.56377512 0.00000 

21-20 -0.05360325 -0.2764927 0.16927632 0.99613 
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Area IV 

    BSH Difference Lower Upper P adjusted 

23-22 -0.0627416 -0.34885137 0.22289082 0.99513 

24-22 -0.1873913 -0.45816041 0.08333779 0.38783 

25-22 0.07764527 -0.19809642 0.35390018 0.98192 

26-22 -1.0784766 -1.38693174 -0.8826214 0.00000 

27-22 1.27043006 1.010243718 1.53061639 0.00000 

28-22 -2.6242812 -2.9352871 -2.3142753 0.00000 

24-23 -0.1245197 -0.39022791 0.14092285 0.80991 

25-23 0.14039243 -0.13085444 0.4115903 0.72806 

26-23 -1.0157305 -1.28073769 -0.7506873 0.00000 

27-23 1.33317721 1.078366619 1.58798781 0.00000 

28-23 -2.5620806 -2.86192438 -2.2596949 0.00000 

25-24 0.2650444 0.009588514 0.52050028 0.06611 

26-24 -0.8910753 -1.13990879 -0.6416618 0.00000 

27-24 1.45782918 1.219842078 1.69581629 0.00000 

28-24 -2.437429 -2.72968545 -2.1457285 0.00000 

26-25 -1.1561293 -1.41102156 -0.9012197 0.00000 

27-25 1.19278479 0.948538679 1.43703089 0.00000 

28-25 -2.7024739 -2.99984501 -2.4059828 0.00000 

27-26 2.34890771 2.111513927 2.5863015 0.00000 

28-26 -1.5463546 -1.83813673 -1.2545726 0.00000 

28-27 -3.8952588 -4.17776855 -3.6127781 0.00000 
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Table C-2. Tukey HSD post hoc pair wise comparison of the mean depth of the mixed layer 

DML in quadrants experienced by tagged blue sharks. Shade rows indicate 

statistically significant differences at P<0.05.  

 

Area I 

    BSH Difference Lower Upper P adjusted  

2-1 -2.82825 -9.820956 4.1644456 0.9241539 

3-1 -2.4305 -9.423156 4.5621956 0.9658546 

4-1 -1.29875 -8.291456 5.6939456 0.9992617 

5-1 6.5275 -0.461956 13.5201956 0.087776 

6-1 -5.29725 -12.28456 1.6954456 0.2951066 

7-1 -6.67575 -13.64456 0.3169456 0.0738023 

27-1 3.28825 -3.704456 10.2809456 0.8452973 

3-2 0.39775 -6.594456 7.3904456 0.9999998 

4-2 1.5295 -5.461956 8.5221956 0.9978747 

5-2 9.35575 2.3630544 16.3484456 0.0713124 

6-2 -2.469 -9.466956 4.5236956 0.9627878 

7-2 -3.8475 -10.80956 3.1451956 0.7076185 

27-2 6.1165 -0.876956 13.1091956 0.137772 

4-3 1.13175 -5.860456 8.1244456 0.9997024 

5-3 8.958 1.9653044 15.9506956 0.082638 

6-3 -2.86675 -9.859456 4.1259456 0.9188563 

7-3 -4.24525 -11.23456 2.7474456 0.5917109 

27-3 5.71875 -1.273456 12.7114456 0.2041264 

5-4 7.82625 0.8335544 14.8189456 0.0959824 

6-4 -3.9985 -10.99956 2.9941956 0.6646912 

7-4 -5.377 -12.36956 1.6156956 0.2762928 

27-4 4.587 -2.406956 11.5796956 0.4891258 

6-5 -11.82475 -18.81456 -4.8320544 0.0600085 

7-5 -13.20325 -20.19456 -6.2105544 0.0730003 

27-5 -3.23925 -10.23194 3.753456 0.8553036 

7-6 -1.3785 -8.371956 5.6141956 0.9989112 

27-6 8.5855 1.5928044 15.5781956 0.0849222 

27-7 9.964 2.9713044 16.9566956 0.0704239 

 

 

 

 

 

 

 

 

 

 



 

132 

Area II 

    BSH Difference Lower Upper P adjusted  

8-2 10.0850408 7.485191536 12.68489 0.000000 

9-2 10.6216651 8.021815849 13.221514 0.000000 

10-2 1.6205778 -0.97271473 4.220427 0.588634 

11-2 -0.6402707 -3.25695018 1.970154 0.997792 

12-2 1.1124888 -1.48360408 3.712338 0.922713 

13-2 11.1141686 8.517777931 13.710559 0.000000 

14-2 2.0838962 -0.51952996 4.683745 0.237687 

16-2 3.6932063 1.089865653 6.296547 0.000382 

9-8 0.5366243 -2.04979056 3.122228 0.999339 

10-8 -8.464463 -11.0006638 -5.87886 0.000000 

11-8 -10.725315 -13.3154795 -8.129075 0.000000 

12-8 -8.9725519 -11.5515531 -6.386949 0.000000 

13-8 1.0291279 -1.55297893 3.611254 0.948054 

14-8 -8.0011445 -10.5867479 -5.415541 0.000000 

16-8 -6.3918344 -8.98098463 -3.80272 0.000000 

10-9 -9.0010873 -11.5869069 -6.415484 0.000000 

11-9 -11.261958 -13.8587226 -8.665699 0.000000 

12-9 -9.5091763 -12.0977963 -6.923573 0.000000 

13-9 0.4925036 -2.08922205 3.074629 0.999646 

14-9 -8.5377688 -11.1237221 -5.952165 0.000000 

16-9 -6.9284587 -9.51757775 -4.339345 0.000000 

11-10 -2.2608485 -4.85704941 0.335388 0.146817 

12-10 -0.5080889 -3.09369303 2.077514 0.999558 

13-10 9.4935909 6.911465116 12.075717 0.000000 

14-10 0.4633185 -2.12228892 3.048922 0.999778 

16-10 2.0726286 -0.51645453 4.661743 0.239267 

12-11 1.7527595 -0.84347921 4.348996 0.475783 

13-11 11.7544393 9.161666237 14.347212 0.000000 
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Area III 

    BSH Difference Lower Upper P adjusted  

15-12 24.9466053 19.5281509 30.3650597 0.000000 

16-12 -0.1173435 -5.5357979 5.3011109 1.000000 

17-12 -1.5709343 -6.9893887 3.8475201 0.987882 

18-12 3.2642826 -2.1541718 8.682737 0.601202 

19-12 17.0231739 11.6047195 22.4416283 0.000000 

20-12 -6.242388 -11.668424 -0.8239336 0.011357 

21-12 5.6688074 0.250353 11.0872618 0.052782 

16-15 -25.063988 -30.482032 -19.645494 0.000000 

17-15 -26.517596 -31.935994 -21.090852 0.000000 

18-15 -21.682227 -27.100771 -16.263683 0.000000 

19-15 -7.9234314 -13.348858 -2.504977 0.000257 

20-15 -31.189934 -36.607478 -25.770539 0.000000 

21-15 -19.277979 -24.962523 -13.859345 0.000000 

17-16 -1.4535908 -6.8720452 3.9648636 0.992395 

18-16 3.3816261 -2.0368283 8.8000805 0.555683 

19-16 17.1405174 11.722063 22.5589718 0.000000 

20-16 -6.1250445 -11.534989 -0.7065901 0.014253 

21-16 5.7861509 0.3676965 11.2046053 0.026666 

18-17 4.8352169 -0.5832375 10.2536713 0.120829 

19-17 18.5941082 13.1756538 24.0125626 0.000000 

20-17 -4.6714537 -10.089082 0.7470007 0.150749 

21-17 7.2397417 1.8212873 12.6581961 0.001348 

19-18 13.7588913 8.3404369 19.1773457 0.000000 

20-18 -9.5066707 -14.925251 -4.0882163 0.060003 

21-18 2.4045248 -3.0139296 7.8229792 0.880960 

20-19 -23.265519 -28.684163 -17.847075 0.000000 

21-19 -11.354365 -16.728209 -5.9359121 0.000000 

21-20 11.9111954 6.492741 17.3296498 0.000000 
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Area IV 

    BSH Difference Lower Upper P adjusted  

23-22 0.587839013 -1.9156195 3.091298 0.993011 

24-22 0.579046881 -1.9244116 3.082505 0.993558 

25-22 0.886777486 -1.616681 3.390236 0.943329 

26-22 2.134722278 -0.3687362 4.638181 0.153763 

27-22 13.25113896 10.7476805 15.754597 0.000000 

28-22 28.76614334 26.2626848 31.269602 0.000000 

24-23 -0.00872132 -2.5122506 2.494666 1.000000 

25-23 0.298938473 -2.20452 2.802397 0.999849 

26-23 1.546883265 -0.9565752 4.050342 0.532118 

27-23 12.66329995 10.1598415 15.166758 0.000000 

28-23 28.17830433 25.6748458 30.681763 0.000000 

25-24 0.307730604 -2.1957279 2.811189 0.999821 

26-24 1.555675396 -0.9477831 4.059134 0.525070 

27-24 12.67209208 10.1686336 15.175551 0.000000 

28-24 28.18709646 25.683638 30.690555 0.000000 

26-25 1.247944792 -1.2555137 3.751403 0.762069 

27-25 12.36436148 9.860903 14.86782 0.000000 

28-25 27.87936585 25.3759074 30.382824 0.000000 

27-26 11.11641668 8.6129582 13.619875 0.000000 

28-26 26.63142106 24.1279626 29.13488 0.000000 

28-27 15.51500438 13.0115459 18.018463 0.000000 
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APPENDIX D 

EFFORT DISTRIBUTION 

Figure D-1. Maps of effort distribution (in number of hooks) by individual fleets (with observer 

coverage) for 1995 – 2009. Published on the ICCAT Report on the 2012 Shortfin mako stock 

assessment and ecological risk assessment meeting. 
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