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Abstract : 

The Indian Ocean Tuna Tagging Program provided a unique opportunity to collect demographic data on 
the key commercially targeted tropical tuna species in the Indian Ocean. In this paper, we focused on 
estimating growth rates for one of these species, yellowfin (Thunnus albacares). Whilst most growth 
studies only draw on one data source, in this study we use a range of data sources: individual growth 
rates derived from yellowfin that were tagged and recaptured, direct age estimates obtained through 
otolith readings, and length-frequency data collected from the purse seine fishery between 2000 and 
2010. To combine these data sources, we used an integrated Bayesian model that allowed us to 
account for the process and measurement errors associated with each data set. Our results indicate 
that the gradual addition of each data type improved the model's parameter estimations. The Bayesian 
framework was useful, as it allowed us to account for uncertainties associated with age estimates and to 
provide additional information on some parameters (e.g., asymptotic length). Our results support the 
existence of a complex growth pattern for Indian Ocean yellowfin, with two distinct growth phases 
between the immature and mature life stages. Such complex growth patterns, however, require 
additional information on absolute age of fish and transition rates between growth stanzas. This type of 
information is not available from the data. We suggest that bioenergetic models may address this 
current data gap. This modeling approach explicitly considers the allocation of metabolic energy in tuna 
and may offer a way to understand the underlying mechanisms that drive the observed growth patterns. 
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1. Introduction1

The knowledge of growth variability between individuals is essential to un-2

derstanding the biology of fish populations, their productivity, and their re-3

sponse to environmental changes and fishing pressure. Indeed, growth rates are4

an integral part of stock assessments, a process which aims to supply scientific5

advice on the health of a fishery (Cotter et al., 2004). Consequently, biased6

growth estimates can affect our understanding of a stock’s status and lead to7

poor fisheries management decisions (Fournier and Archibald, 1982; Kell and8

Bromley, 2004).9

10

There are three principal data sources available for studying wild fish growth11

rates: (i) direct aging of a fish of a known size from periodic deposits in hard12

tissues, (ii) modal progression in length-frequency distributions obtained from13

commercial fisheries catches or scientific monitoring, and (iii) the increase in fish14

length over time-at-liberty from mark-recapture experiments. Direct aging data15

have been widely used to study growth in fish species that consistently deposit16

growth increments in calcified tissues, such as otoliths (Campana, 2001; Panfili17

et al., 2002). For example, counting the microstructural features deposited daily18

in otoliths has been shown to be a useful aging technique for many species of19

tropical fishes (Pannella, 1971; Green et al., 2009). However, the preparation20

and analysis of otoliths is time consuming, requires considerable care, and can21

involve some biases and uncertainties (e.g., miscounting increments can lead to22

errors in age estimations) (Sardenne et al., this issue). Although considered23

less accurate than direct aging methods, the analysis of length-frequency data24

obtained from fisheries catches can provide indirect age estimates for species25

that exhibit well defined spawning periods (Pauly and Morgan, 1987). In this26

method, modes (assumed to represent fish cohorts) are identified in the length-27

frequency distributions of catches and their length progression is tracked over28

time. Finally, mark-recapture data have been widely used since the first tagging29

experiments were conducted in the early 1950s on tropical tunas in the Pacific30
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Ocean. With this method, the change in fish length during the time between31

release and recovery provides valuable information on how each individual grows32

over time (Amstrup et al., 2005). However, tagging data do not provide infor-33

mation on the age of a fish and complementary data or expert knowledge are34

required to anchor the growth curve.35

36

It can be difficult to obtain an overall growth pattern from a single data37

source, and using all three data sources provides complementary information on38

the different growth phases experienced over the lifespan of a fish. Although39

considerable research effort is invested in determining age and growth patterns40

of fish, to our knowledge, with the notable exception of Eveson et al. (2004),41

only a few studies have previously attempted to combine the three different data42

sources into an integrated growth model. Assimilating different growth data sets43

within a statistical framework is challenging because to do so effectively, we must44

address: (i) the multiple observation errors in the data, (ii) potential contradic-45

tions between data sets, and (iii) the variability in growth among individuals,46

which is typically modeled by a process error term. The hierarchical Bayesian47

approach appears particularly well suited for modeling growth because it can48

integrate several different data sources and allows for stochasticity at multiple49

levels (Clark, 2005). Bayesian models can draw inferences from large numbers50

of parameters and latent variables that describe complex relationships. In ad-51

dition, the Bayesian framework allows for the inclusion of expert judgment and52

supplementary information.53

54

Yellowfin tuna (Thunnus albacares, Bonnaterre 1788) is an epipelagic species55

that is widely distributed in the tropical and subtropical waters of the world’s56

major oceans (Fonteneau, 2010). In the Indian Ocean (IO), yellowfin has been57

commercially exploited since the early 1950s and over the last decade, annual58

catches have exceeded 350,000 t (Herrera and Pierre, 2010). There is consider-59

able diversity in the fleets that target this species; whilst industrial purse seiners60

and longliners dominate, small-scale fishing fleets were responsible for more than61
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35% of total catch estimates in the last decade (Herrera and Pierre, 2010). The62

management of the IO yellowfin is under the jurisdiction of the Indian Ocean63

Tuna Commission (IOTC, www.iotc.org). Currently, their management ap-64

proach relies on temporal trends in fish abundance and fishing mortality-at-age65

data derived from a spatially-explicit population model (Langley et al., 2012).66

The most recent stock assessment from 2011 determined that current fishing67

pressure on the yellowfin stock was at a safe level (IOTC, 2012). Nevertheless,68

there are uncertainties associated with the current approach to the IO yellowfin69

stock assessment, including the growth curve that is used (IOTC, 2012).70

71

This study describes a hierarchical growth model for IO yellowfin that com-72

bines aging data derived from otolith readings, length-frequency data sampled73

from the European purse seine fishery over the last decade, and mark-recapture74

data collected through the Indian Ocean Tuna Tagging Program of the Indian75

Ocean (IOTTP). The influence of each data source on growth estimates was76

assessed by gradually increasing the model’s complexity. Developed in a hierar-77

chical Bayesian framework, our model explicitly accounts for the uncertainties78

associated with age estimates and length measurements. In addition, the model79

reflects expert opinion on two key areas: otolith reading and historical length80

and growth observations for yellowfin. In this study, we provide a flexible statis-81

tical framework that accounts for uncertainty in growth modeling and addresses82

a current concern of the IOTC.83

2. Material and methods84

We first describe the three datasets and the modeling approach used to es-85

timate absolute age from multiple counts of otoliths. We then introduce the86

somatic growth model used for fitting the different datasets and we give tech-87

nical details on the estimation procedure based on Bayesian inference. The88

parameters and variables used and the prior probability distributions are given89

in Tables 1 and 2, respectively. The subscripts c, d, i, j, k, and r used in90
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the equations indicate cohort, month, fish, capture event, otolith reading, and91

reader team, respectively. The symbol · indicates a multiplication term and the92

symbol ∗ used as exponent represents the observation of a variable.93

94

2.1. Mark-recapture data95

Mark-recapture data were collected during the Regional Tuna Tagging Pro-96

gram (RTTP-IO) that was the major component of the IOTTP (Hallier, 2008).97

The tagging operations were carried out in the western Indian Ocean from 200598

to 2007. During this time, a total of 64,323 yellowfin were tagged with dart tags.99

2,741 of these fishes were also tagged with oxytetracycline (OTC), a chemical100

that leaves a permanent fluorescent mark in the calcified tissues. Tag recovery101

operations took place across the entire Indian Ocean basin. As at September102

2012, 10,395 tagged yellowfin had been recovered, including 256 OTC-tagged fish103

(Sardenne et al., this issue). Most of the recoveries were reported for fish caught104

by the European purse-seine fleet (88%). The pole and hand lines, gillnetters,105

longliners and troll lines were associated with low recovery rates (Carruthers106

et al., 2014). The range of dates associated with each recapture was derived107

from purse seiner logbook data and plans of brine-freezing tanks used for stor-108

ing the tuna catch, and it was determined through close collaboration between109

the IOTC and purse seine fishing industry. The fork length (FL), i.e. fish length110

from the tip of the snout to the fork of the tail, was recorded to the nearest111

0.5 cm. At tagging, measurements were taken with a measuring board, while112

calipers were mostly used for recoveries.113

114

Preliminary model runs including the >4,000 recaptures available from the115

RTTP-IO that were considered to be good following the screening criteria of the116

IOTC resulted in some convergence problems, likely due to the imbalance be-117

tween the likelihoods components of the model and the large variability observed118

in growth increments over time. To circumvent this issue, the mark-recapture119

component of the growth model was mainly used to compensate for the lack of120
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large fish in the other model components (see below). Thus, only fishes charac-121

terized by accurate date of recovery (i.e. no uncertainty in time-at-liberty) and122

size-at-recapture measured with great precision (i.e. at the Seychelles Fishing123

Authority lab facility) and ≥120 cm FL, were used. The 373 yellowfin selected124

in the present study covered a large size range at tagging, i.e. between 44 cm125

and 113 cm FL, with distinct modes at about 50 cm, 60 cm, and 90 cm (Fig.126

1a). These tunas ranged in size between 120 and 159 cm FL at recapture, having127

spent between 8 months and 5 years at sea (Fig. 1b).128

129

2.2. Aging data from otolith readings130

A total of 174 saggital otoliths were prepared and analyzed for aging pur-131

poses, comprised of (i) 128 fish, of which 124 were OTC-tagged, collected132

through the RTTP-IO program measuring between 43-72 cm FL at tagging133

and 47.9-135.4 cm FL at recapture, (ii) 28 fish collected from 2008-2009 from134

the Indian Ocean Tuna Ltd. (IOT) cannery measuring between 31-128.7 cm135

FL and (iii) 18 fish caught in 2007 through the West Sumatra Tuna Tagging136

Project (WSTTP) measuring between 19-29 cm FL (Anonymous, 2008).137

138

Otoliths were prepared for age analysis following the method as described by139

Secor et al. (1991), Stéquert (1995), and Panfili et al. (2002). Transverse sections140

of saggital otoliths were examined by two teams of readers under a microscope141

(1000x magnification). Each team counted the daily growth micro-increments142

along the counting path, defined as the distance between the primordium (i.e.143

original point of growth) to the last micro-increment deposited (Morize et al.,144

2008; Sardenne et al., this issue). For the OTC-tagged fish, the number of145

micro-increments was counted for different otolith sections: (i) between the nu-146

cleus, i.e. the otolith core, and OTC mark (IT ), (ii) between the OTC mark and147

otolith edge (IM ) and (iii) between the nucleus and otolith edge (IR). In the148

remaining fish, otoliths were read in full, i.e., between the nucleus and otolith149

edge (IR). Each otolith was read between 2-5 times, giving a total of 521 otolith150
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readings. Readers did not have prior knowledge of the size or time-at-liberty151

of the sampled individuals, thus ensuring that independence was maintained152

between the multiple readings (Morize et al., 2008; Sardenne et al., this issue).153

154

Otolith aging techniques of fish are associated with counting errors and sub-155

jective interpretations by the reader. Both factors can lead to imprecision and156

bias in the age estimates generated (Neilson, 1992; Panfili et al., 2009). A hi-157

erarchical Bayesian model that accounted for process and interpretation errors158

was applied to estimate the age of each fish. The reader-specific stochastic159

processes associated with the preparation of the otoliths and their associated160

reading errors, η and ψ, were modeled by choosing an error structure and elic-161

iting informative prior density functions that were based on expert judgment162

(Table 2). The technical details of the aging model and the elicitation of prior163

distributions are fully described in Dortel et al. (2013). Initially, the number164

of micro-increments counted from the OTC mark to the otolith edge (IM ) was165

related to the time-at-liberty (TL) to estimate the deposition rate accounting166

for the reading method and reader skills. This relationship was estimated for167

each fish i and reader team r following:168

IMir
= Rr · TLi

+ ηr (1)

where R represents the periodicity of micro-increment deposition in tuna169

otolith estimated by the reader team r (i.e. it includes error related to read-170

ing interpretation) and η represents an additive stochastic error related to the171

counting of micro-increments at otolith edge and dependent on reader team.172

Following expert judgment, the prior distribution of η was assumed to follow a173

normal distribution with mean 0 and a standard deviation of 4 micro-increments174

(Table 2; Dortel et al. 2013). The parameter R was assigned a β dilated prior175

distribution in the estimation process (Table 2; Dortel et al. 2013).176

177

The k readings of IM of a same otolith were assumed to be independent178
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and identically distributed (iid) around IMir
following a normal distribution179

described by a multiplicative error in the reading process corresponding to a180

model of constant coefficient of variation (Sardenne et al., this issue):181

I∗Mirk

iid
∼ N

(

IMir
, (pr · IMir

)2
)

(2)

where I∗Mirk
are the observed micro-increment counts from the OTC mark182

to the otolith edge for fish i, reader team r, and reading k and pr corresponds183

to the relative percentage of misread otolith micro-increments for reader team184

r. The parameter pr was assigned a uniform prior distribution in the estimation185

process (Table 2).186

187

The posterior distribution of the reader-specific deposition rate Rr was sub-188

sequently used to estimate fish age using the multiple readings made for each189

otolith, assuming that the deposition rate estimated in equation 1 was constant190

and valid over the full fish lifespan. As the identification and interpretation of191

increments become increasingly difficult with increasing distance from the nu-192

cleus, there is more uncertainty around the counting of all increments than the193

counting of increments from the nucleus to the OTC mark. Thus, age estimates194

were preferentially derived from the number of increments from the nucleus to195

the OTC mark ITir
. The fish age at tagging ATir

was assessed following:196

ITir
= Rr ·ATir

+ ψr (3)

where IT is the number of increments from the nucleus to the OTC mark197

and ψ is an additive stochastic error related to the counting of micro-increments198

near the nucleus, which may occur during preparation due to excessive sanding199

of the otolith section. This error was assumed to be dependent on reader team200

and assigned a normal prior distribution with mean 0 and a standard deviation201

of 3 micro-increments (Table 2). Similarly to IM , the multiple readings k of IT202

were assumed to be normally distributed around ITir
following:203

204
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I∗Tirk

iid
∼ N (ITir

, (pr · ITir
)2) (4)

where I∗Tirk
are the observed micro-increment counts from the nucleus to the205

OTC mark for fish i, reader team r, and reading k.206

207

Age at recovery (AR) was estimated as the addition of age at tagging (AT )208

and time-at-liberty (TL). For the recoveries characterized by some uncertainty209

on the date of recapture (see Section 2.1), TLi
was assumed to follow a uniform210

distribution on the interval [T ∗

L1i
, T ∗

L2i
], where T ∗

L1i
and T ∗

L2i
were the minimal211

and the maximal time-at-liberty observed, respectively. For any fish that did212

not have OTC-marked otoliths, so that IT was not available, the fish age at213

recovery ARir
was derived from IR following:214

IRir
= Rr ·ARir

+ ψr + ηr (5)

where IR is the total increment count and ψ and η are the reader-dependent215

stochastic errors at the nucleus and otolith edge, respectively. The k readings of216

IR of fish i by reader team r were assumed to be normally distributed following:217

I∗Rirk

iid
∼ N (IRir

, (pr · IRir
)2) (6)

where I∗Rirk
are the observed micro-increment counts from the nucleus to the218

otolith edge for fish i, reader team r, and reading k. The age at tagging (AT )219

could then be derived from AR - TL.220

221

2.3. Modal progression from length-frequency data222

Length-frequency data were collected from commercial catches of European,223

Seychelles and Iranian purse seiners between December 2000 and March 2010224

(Floch et al., 2012). The monthly length-frequency distributions exhibited var-225

ious modes which assumed to correspond to different cohorts. The length pro-226

gression of each mode was then monthly tracked to provide both mean age227
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and length estimates of Indian Ocean yellowfin population (Pauly and Morgan,228

1987). To optimize the identification of the modes, the length distributions of229

the various cohorts in a given month were considered as a set of overlapping nor-230

mal distributions (Hasselblad, 1966; Schnute and Fournier, 1980). A mixture231

of normal distributions was fitted with the mix function applied in the mixdist232

package of the statistical software R version 2.12.1 (R Development Core Team,233

2010), using an Expectation-Maximization algorithm (Macdonald and Green,234

1988). The normalmixEM function of the mixtools package was used to define235

the initial values for the means and standard deviations of each of the length dis-236

tributions. The standard deviation was constrained to increase with the mean237

length. This was done to account for overlaps between two successive length-238

at-age distributions which are exacerbated by a slower growth and an increased239

individual variability with increasing age. The smallest length modes were iden-240

tified as the recruitment peak of each cohort of the Indian Ocean yellowfin.241

242

2.4. Modeling somatic growth using Bayesian inference243

A hierarchical Bayesian model was implemented to estimate yellowfin growth244

by gradually adding data from the three different sources. The Von Berta-245

lanffy logK model (VB logK), currently used for Indian Ocean yellowfin stock246

assessment (IOTC, 2012), was considered. This model can account for two247

growth phases through a logistic function that links the two distinct growth248

rates coefficient k1 and k2 (Laslett et al., 2002; Eveson et al., 2004). The fork249

length of a fish at an age A, FL(A), is described as:250

FL(A) = L∞






1− exp(−k2 · (A− t0)) ·

(

1 + exp(−β(A− t0 − α))

1 + exp(β · α)

)

k1 − k2
β







(7)

where L∞ is the asymptotic length, i.e. the maximum length that a fish can251

reach, α is the inflection point, i.e the age relative to t0 at which the change252

in growth rate occurs and β is the parameter that controls the transition rate253
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between the growth rates k1 and k2 (Table 1).254

255

2.4.1. Model fit to aging data256

The VB logK growth model was used to link the observations of yellowfin257

length to age estimates derived from otolith counts, taking into account mea-258

surement errors at different levels of the observation process and process er-259

ror linked to environmental and inter-individual variability. Indeed, the differ-260

ent datasets included measurements errors in length (at tagging and recovery),261

micro-increment counts, and time-at-liberty. In addition, the asymptotic length,262

the growth rate as well as the age at which the change in growth occurs depend263

on environmental conditions, food availability and the intrinsic characteristics264

of fish, which likely to vary from one fish to another. This eventually results in265

individual growth curves that do not conform exactly to the pattern described266

by Eq. 7.267

268

Following Eq. 7, the observed fork length F ∗

Lij
of fish i at capture event j269

was modeled as:270

F ∗

Lij
= L∞






1− exp(−k2 · (Aij − t0)) ·

(

1 + exp(−β(Aij − t0 − α))

1 + exp(β · α)

)

k1 − k2
β






·ϑij+εij

(8)

271

where Aij , the age of fish at capture event j, was estimated from otolith272

readings using the aging error model which was used to propagate age uncer-273

tainty into growth parameter estimates (Eqns. 1-6). The process errors, ϑij274

were assumed to follow a log-normal distribution with mean 0 and a common275

variance, σ2
ϑ. The length measurement errors, εij , were assumed to be inde-276

pendent and normally distributed around 0 with a common variance, σ2
j . The277

length measurement errors at tagging, εi1, were assessed from RTTP-IO fish278

released and recaptured several times with TL ≤7 days. These individuals were279
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not included in the subsequent analyses and therefore constitute an indepen-280

dent dataset. The fork length differences between successive measurements of281

the same fish for the subset of yellowfin selected, ∆L∗, were assumed to be282

independent and follow the same distribution as ε1, i.e. a normal distribution283

around 0 with standard deviation σ1:284

∆L∗ iid
∼ N (0, σ2

1) (9)

At recovery, the fork lengths were often measured on frozen fish in brine,285

which could result in an additional error to length measurements. The length286

measurement errors at recovery εi2 were calculated as the sum of the measure-287

ment errors at tagging (εi1) and measurement errors associated with freezing288

(εif ). This latter error was assumed to be normally distributed around 0 with a289

standard deviation σf which was estimated using fish that were measured frozen290

and then thawed and re-measured with excellent precision following:291

∆S∗ iid
∼ N (0, σ2

f ) (10)

where ∆S∗ represents the fork length differences between frozen and fresh292

measurements of the same fish i.293

294

2.4.2. Model fit to modal progression295

The modal progressions estimated from the length-frequency distributions296

can be treated as multiple mark-recapture events where the initial age is known.297

Let µcd the value of the modal length for cohort c at month d, and ac1 the age298

of the first mode. As the time interval between two successive length modes299

was one month, the corresponding age (a) for the modal length µcd was acd =300

ac1+(d−1)/12. Following Eq. 7, the observation of modal length µ∗

cd of cohort301

c at month d was written:302
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µ∗

cd = L∞






1− exp(−k2 · (ac1 + (d− 1)/12− t0) ·

(

1 + exp(−β(ac1 + (d− 1)/12 − t0 − α))

1 + exp(β · α)

)

k1 − k2
β






·ξµcd

(11)

303

where all parameters are defined in Table 1. The uncertainty around the304

value of the modal length, associated with the identification of mode, was as-305

sumed to increase with the length value, resulting in a typical multiplicative306

error term (ξµcd
). This error term combines both the process error and the307

uncertainty around the value of the modal length of cohort c at month d. The308

errors ξµcd
were assumed to follow a log-normal distribution with mean 0 and309

a common variance σ2
ξ . Gamma prior distributions were used for the ages of310

first mode (ac1) based on the month of detection. An age uncertainty of 3-4311

months was considered for each age as yellowfin has a seasonal sexual activity312

characterized by two distinct periods in Indian Ocean, a main spawning season313

from November to February with a peak in January and a second minor spawn-314

ing period from June to August (Stéquert et al., 2001; Zhu et al., 2008; Zudaire315

et al., 2013).316

317

2.4.3. Model fit to mark-recapture data318

Following Eq. 7, the fork length at recapture F ∗

Li2
can be expressed as a319

function of the length at tagging F ∗

Li1
, the age at tagging ATi

and the time-at-320

liberty T ∗

Li
for each fish i:321

F ∗

Li2
= L∞−(L∞−F ∗

Li1
)






exp(−k2 · T

∗

Li
) ·

(

1 + exp(−β(ATi + T ∗

Li
− t0 − α))

1 + exp(−β(ATi − t0 − α))

)

k1 − k2
β






·ϕi+εi2

(12)

322

where k1, k2, α, β, t0, and L∞ are the parameters of the VB logK growth323

model, εi2 are the length measurements errors at recovery (see Section 2.4.1) and324
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ϕi are the process errors for the mark-recapture data (Table 1). These errors325

were assumed to follow a log-normal distribution with mean 0 and a common326

variance σ2
ϕ. The mark-recapture data were not used to update the posteriors327

of the age-dependent parameters, i.e. α and t0, since they do not provide any328

information on the absolute age. Information for these parameters was provided329

through the aging and length-frequency data.330

331

2.4.4. Prior distributions and Bayesian inference332

The prior distributions of the growth model parameters were assumed to be333

independent and were specified as being weakly informative or uninformative334

(Table 2). An exception to this was the asymptotic length, L∞, which was335

assigned an informative prior using a generalized extreme value (GEV) distri-336

bution. The GEV distribution allows the extrapolation of the behavior of the337

distribution tails from the greatest values of a sample, and thus estimates the oc-338

currence probability of extreme events (Borchani, 2010). L∞ can be interpreted339

as the maximal length reached by the oldest fishes. As tunas grow throughout340

their lives, the largest observed sizes were assumed to correspond to the oldest341

fishes, which motivated the choice of using the GEV distribution. The GEV dis-342

tribution was fitted to a data set containing records of the largest fish collected343

between 1952-2011 from the European and Seychelles purse seiners, Maldivian344

pole and liners, and Taiwanese and Japanese longliners (Dortel et al., 2013).345

346

The growth rate coefficients, k1 and k2, are, in part, model-specific. For k1,347

a weakly informative gamma distribution was assigned from values published348

in the literature (Table A1). k2 was set equal to k1 + κ with κ following a349

uniform distribution. The age α, which is relative to t0, was assigned a weakly350

informative gamma distribution defined from results of studies that considered351

a two-stanza growth curve (Gaertner and Pagavino, 1991; Gascuel et al., 1992;352

Lehodey and Leroy, 1999; Lumineau, 2002; Viera, 2005). The parameters β,353

which is specific to the VB logK model, and t0, which depends on the data,354
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were assigned uniform distributions. The standard deviations of the length355

measurement errors at tagging, σ1, the errors associated with freezing, σf , and356

the process errors σϑ, σξ, σϕ, were assigned uninformative priors through using357

inverse gamma distributions (Table 2).358

359

A hyperprior for the parameters of overall age-at-tagging distribution was360

considered for the 373 yellowfin considered in the mark-recapture likelihood361

component of the model. The ages-at-tagging (ATi
) were assumed to follow a362

gamma prior distribution (Cope and Punt, 2007). The influence of the choice of363

the prior distribution on the growth curve estimation was assessed by consider-364

ing a log-normal distribution for the overall age-at-tagging distribution (Eveson365

et al. 2004). The parameters of the two prior distributions are given in Table366

2.367

368

The growth parameters, fish ages and associated error estimations were eval-369

uated by Markov Chain Monte Carlo (MCMC) simulations using a Metropolis-370

within-Gibbs sampling algorithm as implemented in OpenBUGS version 3.2.1371

(Spiegelhalter et al., 2011). Three chains starting at contrasting initial values372

were considered to check for the convergence of the algorithm. First, the growth373

model was fitted to the otolith age estimates and fish length (Model 1). The374

length-frequency data were then added to the growth model as a second like-375

lihood component (Model 2). Finally, the mark-recapture data were included376

as a third likelihood component (Model 3). Model 3 was fitted to the 3 data377

sources with either the gamma or the log-normal prior distribution for the ages-378

at-tagging. For each model, the convergence of the MCMC to the stationary379

posterior distribution was evaluated by the Gelman-Rubin diagnostic, based on380

the ratio of inter-chain variance to intra-chain variance. A ratio close to 1 indi-381

cates convergence (Gelman and Rubin, 1992). The performance of each model382

was checked based on 1,500,000 samples from the joint posterior distribution383

generated from MCMC simulation. The ratio was computed from second half384

of MCMC simulation sample. The main statistics of the marginal posterior dis-385
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tributions (mean, mode, standard deviation, and 95% Bayesian posterior credi-386

bility interval) were computed after rejecting a burn-in period of 5,000 samples387

and a thinning by drawing every 2,500th sample. The code of the integrated388

model is given in Appendix B.389

390

3. Results391

3.1. Modal progression analysis392

Twenty one yellowfin cohorts ranging in size from 35-130 cm FL were iden-393

tified by tracking the montly progression of length modes in length-frequency394

histograms for the period 2000-2010 (Figure 2). Recruitment to the purse seine395

fishery peaks occured at approximately 35.8 cm FL (SD = 1.7 cm) from February396

to August. A clear pattern in the month of recruitment was not apparent from397

the data of the studied period. Linkages between successive modes assumed as398

belonging to the same cohort proved to be difficult to establish above 70 cm FL.399

This was due to the lack of intermediate-sized fish caught, between 70-90 cm FL,400

and the general absence of clearly identifiable modes in the length distributions401

of large tunas, i.e. > 90 cm FL. The increase in modal length across cohorts over402

time showed strong inter-annual variability (Figure 2). Some cohorts showed403

an apparent decrease in growth rates at around 50 cm FL, followed by a faster404

growth above 60 cm FL (e.g. cohort 9), while the growth rates appeared more405

linear for other cohorts (e.g. cohorts 7).406

407

3.2. Statistical inference408

The joint posterior distribution was considered to be stationary as indicated409

by the Gelman-Rubin diagnostic of convergence which approached a value of 1,410

and by the three MCMC chains that mixed well for each parameter of the three411

models. For each model, the data provided information on most of the parame-412

ters, i.e. the posterior distributions were narrower than the prior distributions,413
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with the exception of β (Figure 3). The precision in the parameter estimates414

increased as each dataset provided an increasing amount of information (Ta-415

ble 3). The marginal posterior distributions became increasingly narrow as the416

level of input information increased from model 1, based on otolith data only to417

model 3 which used all three data types (otolith, length-frequency, and mark-418

recapture). However, although the addition of data beyond improved by the419

information added to the otolith data was beneficial, the transition rate, β, in420

model 3 was poorly estimated. This was indicated by its posterior distribution421

which was irregular and characterized by a large variance (Figure 3).422

423

The gradually increasing number of observations from model 1 to 3 led to424

an overall decrease in the process error and uncertainty around the mean curve425

(Figure 4). However, while models 2 and 3 proved effective in estimating the ini-426

tial age of each cohort identified in the length-frequency dataset, model 3 was427

unable to accurately estimate the ages of yellowfin from the mark-recapture428

data. Uncertainty around estimates of ages-at-tagging was high, i.e. the coef-429

ficient of variation ranged between 46% and 118%. No clear relationship was430

found between length and estimates of age-at-tagging, the age posterior means431

being characterized by a large range of 1-3.5 years in the interval 50-70 cm FL432

(Figure 4c-d). Age-at-tagging estimates then showed some apparent inconsis-433

tency with the ages derived from otolith and length-frequency data. The choice434

of prior distribution had a strong impact on age estimation. Age estimates435

based on the prior gamma distribution ranged between 0.8 and 3.6 years with-436

out any clear mode while the use of the prior log-normal distribution resulted437

in a smaller age range with a distinct mode of the posterior means at about 2.5438

years (Figure 5).439

440

Overall and despite the difficulties of the model in estimating ages for the441

mark-recapture component, the prior distribution used for the ages-at-tagging442

had a small impact on the growth estimate of yellowfin tuna. The growth pa-443

rameters based on the gamma and log-normal distributions were very similar,444
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which resulted in very close and not statistically different mean growth curves445

(Table 4 and Figure 6).446

447

3.3. Indian Ocean yellowfin growth448

Growth parameter estimates for Indian Ocean yellowfin were found to vary449

according to the amount of information input into each model. For each of450

the three models, two distinct growth phases were observed over the yellowfin451

lifespan (Figure 6). The growth rate coefficients, k1 and k2 significantly differed452

according to the Bayesian 95% credibility interval for each model (Table 3). The453

first phase was characterized by a relatively slow growth rate that gradually de-454

creased to a minimum rate of 1.77 cm month−1 at 1.96 years (68 cm FL), 1.5 cm455

month−1 at 1.7 years (58 cm FL) and 1.44 cm month−1 at 1.7 years (58 cm FL)456

for models 1 to 3 respectively. In the second phase, the growth rate accelerated,457

reaching maximum rates of 4.3 cm month−1 at 2.5 years (85 cm FL), 5.1 cm458

month−1 at 2.16 years (74 cm FL) and of 6.3 cm month−1 at 2.13 years (74 cm459

FL) for models 1 to 3, respectively. Thereafter, the growth rate progressively460

decreased with increasing size and approached 0 close to asymptotic length.461

462

The different datasets provided little information on the β parameter whose463

posterior mean was found to be >16 in each of the three models, suggesting464

that the transition between the growth stanzas occured rapidly, less than six465

months (Table 3). The mean posterior of age α at which this transition oc-466

curred varied between 2 and 2.3 years, which corresponded to 76, 66 and 66 cm467

FL for models 1 to 3 respectively. The asymptotic length L∞, described by a468

mean prior value of 173 cm FL, decreased from a posterior mean of 168 cm FL469

for model 1 to 156 cm FL for model 2 and 138-139 cm FL for model 3 (Figure 4).470

471
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4. Discussion472

To our knowledge, this study presents the most comprehensive analysis of473

yellowfin growth in the Indian Ocean by combining the best information cur-474

rently available from a variety of data sources collected at both the population475

and individual levels. These data encompassed about 600,000 length measure-476

ments of yellowfin caught by purse seiners over a 10-years period, which we477

used to track monthly changes in the modal length of age classes. In addition,478

information on yellowfin growth was provided through the use of more than 370479

individual growth rate values derived from accurate times-at-liberty and more480

than 500 otolith readings. To take advantage of these varied data sources, we481

developed an integrated model that exploited all the available information and482

took explicitely into account the various observation and process errors asso-483

ciated with the growth estimation. Despite estimation difficulties encountered484

with the mark-recapture dataset, we argue that the resulting growth curves are485

an improvement of the one currently used in the Indian Ocean yellowfin stock486

assessments.487

488

Most previous studies on Indian Ocean yellowfin growth used a single data489

source, especially length-frequency data (Mohan and Kunhikoya, 1985; Marsac,490

1991; Viera, 2005) or direct age estimates from vertebrae or otoliths (Romanov491

and Korotkova, 1988; Stéquert et al., 1996), and sometimes mark-recapture492

data (Fonteneau and Gascuel, 2008). The collection processes for each of the493

data sources are very different and associated with inherent uncertainties that494

can make comparisons between growth curves difficult. Sampling differences,495

i.e. size-range, gear selectivity and spatio-temporal coverage, observation errors496

and the process that is being observed itself, e.g. variability in the deposition497

rates of growth rings in fish otoliths, are all factors that can give rise to these498

uncertainties. However, the use of an integrated approach enables the different499

data sources to complement each other, thus providing a more robust estimation500

of growth (Eveson et al., 2004; Restrepo et al., 2010). In this study, growth was501
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estimated by gradually adding data from the three different sources into the502

statistical model, allowing to appraise their individual contribution to the final503

estimations. At first, the model was fitted to aging data derived from otolith504

readings. Our model explicitly accounts for the uncertainties and biases associ-505

ated with estimating fish growth from otolith readings, especially uncertainties506

related to the estimation of age. In a previous study, Dortel et al. (2013) showed507

through simulation that the modeled ages were reliable.508

509

In a second step, the most comprehensive length-frequency dataset available510

for Indian Ocean yellowfin was added to the growth model. The addition of the511

likelihood component improved the overall parameters estimation and resulted512

in a smaller asymptotic length, L∞, a larger second-stanza growth rate coeffi-513

cient, k2, and a more pronounced transition between the two growth stanzas.514

Growth studies conducted over the last few decades on Indian Ocean yellowfin515

growth using length-frequency data generally support a two-stanza growth rate516

pattern (Marcille and Stéquert, 1976; Marsac and Lablache, 1985; Anderson,517

1988; Marsac, 1991; Firoozi and Carrara, 1992; Lumineau, 2002; Viera, 2005).518

However, the length frequency data sampled from commercial fisheries catches519

are dependent on size-selectivity of fishing gear, fishing areas and fish school-520

ing behavior. Therefore, these data can not be considered as a representative521

random sample of the population (Longhurst and Pauly, 1987). In particular,522

size-based fishing selectivity has been shown to produce bias in length-at-age523

samples. The bimodal size-selectivity associated with purse seine sets may result524

in the over-representation of young fast-growing fish and old slow-growing fish525

in size-age samples. This in turn may entail bias in growth estimations result-526

ing in an apparent growth deceleration and unrealistic estimates of asymptotic527

length (Lucena and O’Brien, 2001; Taylor et al., 2005). We did not account528

for selectivity effects in this study as we were focused on the available har-529

vestable population only (Roa-Ureta, 2010; Taylor et al., 2005). Our growth530

estimates might however be affected by the low reporting rates of tagged tunas531

from longliners (Carruthers et al., 2014) which target yellowfin and bigeye in532
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waters deeper than that of purse seiners. In the case of yellowfin, this should not533

affect much the growth estimate as the length composition of purse seine and534

longline catches for yellowfin is very similar for fishes >100 cm FL (Carruthers535

et al., 2014). In addition, the identification of modes that becomes increasingly536

difficult with increasing size may affect the growth parameter estimates. In this537

analysis, proportions of length-at-age were derived using a mixture of normal538

distributions fitted to the length-frequency data. This is to optimize the iden-539

tification of modes and account for uncertainties associated with yellowfin age.540

Nevertheless, some subjectivity remains in the assignment of a mode to a par-541

ticular cohort.542

543

Finally, mark-recapture data were introduced to the growth model. Such544

data generally provide valuable information on growth variability between indi-545

viduals. The majority of fish growth studies that use mark-recapture data are546

however based on the von Bertalanffy model, which assumes a linear decrease in547

growth rate over the lifespan of a fish (von Bertalanffy, 1938). The shape of the548

growth curve can then be estimated without prior knowledge of age using the549

Fabens method (Fabens, 1965) or alternative Fabens-type approaches (Wang,550

1998). These methods express the change in length of a fish as a function of its551

time-at-liberty. However, these methods can not be applied to more complicated552

multi-stanza growth models, such as the VB logK model, where the transition553

between the various growth phases is related to age parameters (Laslett et al.,554

2002; Eveson et al., 2004).555

556

In our study, only the larger fish of the mark-recapture dataset were con-557

sidered to complement the otolith and length-frequency datasets with regards558

to the asymptotic part of the curve. Although the tagging operations of the559

RTTP-IO were only performed in the western Indian Ocean, yellowfin selected560

in the present analysis spent between 8 months and 5 years at sea, i.e. most561

of them were recovered after a mixing period larger than 12 months which is562

considered sufficient for the tagged fish to adequately disperse throughout the563
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entire population (Langley and Million, 2012). Based on a frequentist approach,564

Eveson et al. (this issue) who used a larger number of mark-recapture data also565

encountered some estimation problems due to the imbalance between the like-566

lihoods components of the model. In our analysis, aging data were however567

insufficient to compensate for the lack of information on age in mark-recapture568

observations. Hence, our results showed that ages estimated for the fishes tagged569

and recaptured with such a complex growth curve were poorly estimated. In ad-570

dition, the model including the three sources of information forecasted a mean571

asymptotic length of about 138 cm FL, which was comparatively low to the572

maximum lengths historically reported for yellowfin in the Indian Ocean.573

574

Our modeling approach differs in several key points to the statistical model575

of Eveson et al. (this issue). Firstly, we considered the uncertainty in age es-576

timations derived from otolith counts using an aging error model. This error577

model has been shown to outperform methods that use an average age derived578

from multiple otolith counts (Cope and Punt, 2007; Dortel et al., 2013). Sec-579

ondly, we used length-frequency data while Eveson et al. (this issue) only used580

otolith and mark-recapture data. However, we only selected fish with accurate581

time-at-liberty values in the likelihood component of the mark-recapture data to582

ensure that the sources of variability in the model were decreased. By contrast,583

Eveson et al. (this issue) used more than 4,300 mark-recapture data for yel-584

lowfin. Thirdly, we included process error in our model to account for individual585

variability in the whole growth term, whilst Eveson et al. (this issue) considered586

that individual variability was mainly driven by differences in individual L∞.587

Finally, we used Bayesian inference to account for historical observations of the588

largest yellowfin caught in Indian Ocean fisheries to provide information on L∞.589

Indeed, little information was provided to the asymptotic length, L∞, due to590

the small number of large individuals (>130 cm FL) in the dataset.591

592

Overall, the resulting growth curves of both approaches demonstrate that593

Indian Ocean yellowfin tuna exhibits a more complex growth pattern than ex-594
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pected by the classical vonBertalanffy growth model. Integrated statistical595

models appear to be a useful approach to combine all available information596

within a unifying framework and allow for the functional form of growth to597

be described in a holistic manner (Eveson et al., 2004). However, statistical598

models exhibit limitations when dealing with complex growth patterns when599

aging data are only provided through time-consuming and expensive methods600

(e.g., otolith analysis). Furthermore, they do not provide insights into the bio-601

logical and ecological mechanisms that lie behind the growth stanzas. Several602

assumptions have been put forward to explain the growth acceleration observed603

from around 70 cm which results in the second growth rate parameter k2 to604

be higher than k1 (Fonteneau, 1980; Bard, 1984; Gaertner and Pagavino, 1991;605

Lehodey and Leroy, 1999). However the underlying mechanisms have been lit-606

tle studied and are not yet well understood. To our opinion, the acceleration607

could be related to the transition from the aggregating schooling behaviour of608

juveniles of yellowfin in warm surface waters to a more mobile state in offshore609

and deeper waters. According to fisheries observations, yellowfin leave the mul-610

tispecies schools associated with drifting fish aggregating devices at sizes close611

to that forecasted for the growth acceleration (Bard, 1984). This results in some612

difficulty to identify length modes for fish >70 cm from the length-frequency613

data. Changes in habitat combined with ontogenetic physiological changes (e.g.614

acquisition of thermoregulation ability) could then reduce the intra- and in-615

terspecific competition experienced in schools and modify the diet of yellowfin616

through niche expansion (Fonteneau, 1980). The second phase characterized by617

faster growth for yellowfin corresponds to the length range (55-120 cm) during618

which almost all females reach maturity (Zudaire et al., 2013). Future mod-619

eling work could focus on alternative approaches aimed at expressing age as a620

function of fish length and to understanding kinetic energy transfers in fish over621

time. Bioenergetic models that explicitly represent the allocation of metabolic622

energy between growth, maintenance, and reproduction might provide a way623

forward (West et al., 2001; Jusup et al., 2011).624
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Cahiers ORSTOM. Série Océanographie XIV:153–162.788
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Figure 1: Distribution of size at (a) tagging and (b) recovery for the 373 tunas used in the

mark-recapture component of the integrated growth model of the Indian Ocean yellowfin tuna
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Figure 3: Comparison of the prior distributions (grey dotted line) with the marginal posterior

distributions of the four growth parameters sets as estimated from the model 1, which was

fitted to the otolith data (solid black line), model 2, which was fitted to both the otolith and

length-frequency data (dotted black line), and model 3, which was fitted to the otolith, length-

frequency, and mark-recapture data based on a gamma (grey solid line) and a log-normal (grey

dashed line) distribution for the prior of ages-at-tagging. See Table 1 for notation definitions
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Figure 4: Growth curves of Indian Ocean yellowfin as estimated from (a) model 1 fitted to

otolith data (black points), (b) model 2 fitted to otolith and length-frequency data (dark grey

squares), (c) model 3 fitted to otolith, length-frequency and mark-recapture data (light grey

points) based on a gamma distribution for the prior of ages-at-tagging and (d) model 3 fitted to

otolith, length-frequency and mark-recapture data based on a log-normal distribution for the

prior of ages-at-tagging. Mark recapture data are represented by the means of the marginal

posterior estimates of ages at-tagging and recapture. The dark grey vertical lines correspond

to the 95% Bayesian credibility interval and the light grey vertical lines to the predictive

distribution defined by the minimal and maximal lengths predicted for each age
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Figure 6: Growth curves of Indian Ocean yellowfin as estimated from model 1 fitted to otolith

data (solid black line), model 2 fitted to otolith and length-frequency data (dashed black

line), model 3 fitted to otolith, length-frequency and mark-recapture data based on a gamma

(solid grey line) and a log-normal (dashed grey line) distribution for the prior of ages-at-

tagging. Dotted black points represent the growth curve used in the most recent yellowfin

stock assessment (IOTC, 2012)
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Table 1: Parameters and variables used in the aging and growth models; m: microincrements;

OTC = oxytetracycline

Notation Definition Unit Equation

Aging model

TL Time-at-liberty, i.e. time between tagging and recapture d 1

R Daily deposition rate of increment in otolith m d−1 1,3,5

η Reading error at the otolith edge m 1,5

ση Standard deviation of the distribution of η m -

IM Number of increments between OTC mark and otolith edge m 1-2

p Relative percentage of misread otolith increments % 2,4,6

AT Absolute age-at-tagging d 3

ψ Reading error at the otolith nucleus m 3,5

σψ Standard deviation of the distribution of ψ m -

IT Number of increments between nucleus and OTC mark m 3,4

AR Absolute age-at-recapture d 5

IR Number of increments between nucleus and otolith edge m 5,6

Somatic growth model

FL Fish fork length cm 7,8,12

A Absolute age of fish at tagging or recovery y 7,8,12

L∞ Asymptotic fork length cm 7,8,11,12

t0 Age of fork length zero y 7,8,11,12

α Age relative to t0 at which the change in growth occurs y 7,8,11,12

β Transition rate between k1 and k2 y−1 7,8,11,12

k1 Growth rate coefficient of first stanza y−1 7,8,11,12

k2 Growth rate coefficient of second stanza y−1 7,8,11,12

ϑ Process error for otolith data cm 8

σϑ Standard deviation of the distribution of ϑ cm -

ε1 Observation error in length measurement at tagging cm 8

ε2 Observation error in length measurement at recovery cm 8,12

∆L∗ Difference between length measurements of two successive taggings cm 9

σ1 Standard deviation of the distribution of ε1 cm 9

∆S∗ Difference between length measurements in fresh and frozen state cm 10

εf Observation error in length measurement due to freezing cm -

σf Standard deviation of the distribution of εf cm 10

µcd Modal length of cohort c at month d in length-frequency data cm 11

acd Absolute age of cohort c at month d in length-frequency data y 11

ξ Process error for length-frequency data cm 11

σξ Standard deviation of the distribution of the ξ cm -

ϕ Process error for mark-recapture data cm 12

σϕ Standard deviation of the distribution of ϕ cm -



Table 2: Prior probability distributions used for estimating aging and growth parameters.

The two parameters used for the Γ distribution are respectively the shape and the scale. See

Table 1 for notation definitions

Parameter Prior distribution

Aging model

R 2 ·R′ with R′ ∼ Beta(1, 1)

η N (0,42)

p U(0,0.5)

ψ N (0,32)

Somatic growth model

L∞ Gev(173.141,11.067,-0.3474)

k1 Γ(2.778, 0.211)

k2 k1 + κ with κ ∼ U(0,3)

α Γ(4, 1)

β U(0,30)

t0 U(−2, 0)

AT Γ(1.33, 0.67) or LogN (log(2),3.7)

σ1 InvΓ(0.01, 0.01)

σf InvΓ(0.01, 0.01)

σϑ InvΓ(0.01, 0.01)

σξ InvΓ(0.01, 0.01)

σϕ InvΓ(0.01, 0.01)
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Table 3: Main features of the marginal posterior distributions of the growth parameters as estimated from model 1 fitted to otolith data and model

2 fitted to otolith and length-frequency data. See Table 1 for notation definitions

Parameters

Model 1 Model 2

Mode Mean Std.dev.
Posterior quantiles

Mode Mean Std.dev.
Posterior quantiles

2.5% 97.5% 2.5% 97.5%

L∞ 167.907 165.07 14.135 136.697 190.21 151.327 155.703 11.941 135.095 181.107

t0 -0.483 -0.489 0.091 -0.691 -0.338 -0.845 -0.851 0.069 -0.987 -0.72

α 2.75 2.776 0.307 2.382 3.557 2.861 2.865 0.068 2.749 3.009

β 15.56 16.463 8.027 2.27 29.331 20.791 19.821 5.883 9.534 29.56

k1 0.211 0.217 0.03 0.171 0.288 0.182 0.184 0.021 0.147 0.228

k2 0.513 0.668 0.353 0.359 1.589 0.732 0.78 0.195 0.498 1.181

σϑ 0.136 0.138 0.009 0.122 0.157 0.145 0.146 0.009 0.129 0.165

σξ - - - - - 0.069 0.069 0.003 0.064 0.076

σ1 3.168 3.168 0.066 3.045 3.301 3.163 3.167 0.067 3.039 3.303

σ2 5.575 5.578 0.201 5.213 5.968 5.498 5.584 0.207 5.201 6.026

σf 2.378 2.41 0.192 2.06 2.794 2.371 2.417 0.196 2.089 2.858

4
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Table 4: Main features of the marginal posterior distributions of the growth parameters as

estimated from model 3 fitted to otolith, length-frequency and mark-recapture data based

on a gamma and a log-normal distribution for the prior of ages-at-tagging. See Table 1 for

notation definitions

Parameters

Model 3 (Gamma distribution) Model 3 (Log-normal distribution)

Mode Mean Std.dev.
Posterior quantiles

Mode Mean Std.dev.
Posterior quantiles

2.5% 97.5% 2.5% 97.5%

L∞ 138.84 139.163 1.381 136.69 141.71 138.084 138.447 4.308 136 140.6

t0 -0.843 -0.86 0.085 -0.996 -0.746 -0.842 -0.902 0.178 -1.407 -0.737

α 2.854 2.874 0.092 2.765 3.011 2.878 2.957 0.227 2.783 3.614

β 20.291 19.659 5.871 7.871 29.006 16.885 16.297 7.438 2.813 28.439

k1 0.211 0.211 0.009 0.197 0.225 0.213 0.207 0.019 0.155 0.226

k2 1.247 1.251 0.111 1.099 1.437 1.268 1.27 0.128 1.13 1.456

σϑ 0.15 0.152 0.011 0.132 0.175 0.15 0.15 0.011 0.131 0.173

σξ 0.067 0.068 0.003 0.062 0.074 0.067 0.068 0.005 0.062 0.076

σϕ 0.028 0.028 0.003 0.023 0.033 0.028 0.028 0.007 0.023 0.033

σ1 5.542 5.584 0.212 5.23 6.058 3.164 3.165 0.068 3.038 3.298

σ2 5.542 5.584 0.212 5.23 6.058 5.554 5.578 0.208 5.212 6.024

σf 2.363 2.419 0.201 2.062 2.88 2.357 2.413 0.196 2.07 2.835
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Appendix A. Literature review of growth parameters of yellowfin946
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Table A1: Growth parameters of yellowfin available in the literature. k = growth rate, L∞

= asymptotic length, t0 = Age of fork length zero. F: female, M: male

Region Data type Model FL range (cm) k (y−1) L∞ (cm) t0 (y) Reference

Indian

Otoliths VonBertalanffy 0.176 245.541 0.266 Stéquert et al. (1996)

Length-frequency GascuelModel 30-135
0.86 162.7

Viera (2005)
0.828 163.411

Western Indian

Otoliths VonBertalanffy 60-20 0.176 272.7 -0.266 Stéquert (1995)

Length-frequency

VonBertalanffy 60-144
0.88 154.77 1.16

Lumineau (2002)
0.8 150.9 1.7

Gascuelmodel 30-144
2.25 136.34

0.84 152.07

Minicoy waters Length-frequency VonBertalanffy 27-137 0.32 145 -0.34 Mohan and Kunhikoya (1985)

Atlantic

Scales VonBertalanffy 0.278 222.8 Yang et al. (1969)

Dorsal spines VonBertalanffy 0.37 192.4 -0.003 Draganik and Pelczarski (1984)

Length-frequency VonBertalanffy
0.72 166.4

Fonteneau (1981)
0.5 189

Tagging

VonBertalanffy 0.56 183.9 Miyabe (1984)

VonBertalanffy
0.411 198.08

Bard et al. (1991)
0.485 152.59

Western Atlantic Dorsale spines VonBertalanffy 0.267 230.7 -0.081 Lessa and Duarte-Neto (2004)

Eastern Atlantic Length-frequency

VonBertalanffy 0.42 194.8 Le Guen and Sakagawa (1973)

VonBertalanffy 63-170 0.42 194.8 -0.748

Gascuel et al. (1992)
Gascuelmodel

40-150 1.195 158.5

41.4-147.4 1.495 152.6

Gulf of Guinea Tagging VonBertalanffy 65-180 0.474 196.55 0.847 Bard (1984)

Gulf of Guinea
Tagging and Length-frequency VonBertalanffy

0.864 166.4 1.292

Fonteneau (1980)0.936 161.02

Dakar and Senegal 0.6 189

Venezuela

Length-frequency VonBertalanffy

65.88-160 0.884 155.069 0.957

Gaertner and Pagavino (1991)Brasil 65-155 0.43 184.12 -0.079

Africa 63.07-180 0.566 189.04 1.193

Gulf of Guinea and North

Carolina

Otoliths VonBertalanffy 30-179 0.281 245.541 0.0423 Shuford et al. (2007)

Pacific
70-148 1.72 148 2 Hennemuth (1961)

72 to 149 1.888 149 2.294 Davidoff (1963)

Western Pacific

Scales

0.333 192.8 Huang and Yang (1974)

0.386 174.9 Huang et al. (1973)

0.129 178.6 Li et al. (1995)

VonBertalanffy
M: 58-119 0.276 202.1 0

Le Guen and Sakagawa (1973)
F: 57-119 0.372 174.9 0

VonBertalanffy 70-140 0.33 190.1 0 Yabuta et al. (1960)

VonBertalanffy 60-139 0.36 195.2 Yang et al. (1969)

Otoliths

VonBertalanffy

45-70

0.39 199.6 -0.177

Lehodey and Leroy (1999)
Modified VonBertalanffy

0.728 151.7 -0.085

M: 0.805 146.7 -0.049

F: 0.511 177.1 -0.167

Length-frequency

0.25 166 Hampton (2000)

VonBertalanffy 50.8-164.4 0.392 175 0.00306 Sun et al. (2003)

80-150 0.66 150 0.4 Yabuta and Yukinawa (1959)

VonBertalanffy 30-96 0.292 180.9 0 Wankowski (1981)

Eastern Central Pacific Length-frequency VonBertalanffy 93-167 0.52 175.9 0.19 Zhu et al. (2011)

Western coast of America Increment technic VonBertalanffy 80-140

0.45 180

Diaz (1963)
0.66 167

0.36 214

0.7 166

Hawaiian waters Weight modes VonBertalanffy 70-120 0.44 192 0.22 Moore (1951)

Japanese waters Length-frequency VonBertalanffy 30-150 0.55 168 0.35 Yabuta and Yukinawa (1957)

Philippine waters Length-frequency

VonBertalanffy

20-60
0.29 179

White (1982)
0.25 189

20-60 and 90-150 0.43 182

20-70 0.2 169

VonBertalanffy 20-60 and 120-160
F: 0.32 173 Yesaki (1983)

M: 0.3 175



Appendix B. Directed Acyclic Graphs for the models947

A Directed Acyclic Graph (DAG) is a directed graph with no directed cycles.948

DAGs represent random quantities as nodes, which appears as ellipses linked by949

arrows indicating conditional dependencies. Random quantities are represented950

by open ellipses while observations are indicated by shaded ellipses. The arrows951

pointing from a node ν indicate the nodes under its direct influence, i.e., the952

children of ν (ch(ν)). Arrows running into each node ν indicate the nodes which953

directly influence ν, i.e., the parents of ν (pa(ν)). Each node can be stochastic,954

and then has its probability density function defined conditionally on its parents,955

or logical when it is issued from a deterministic function of its parents (Rivot956

et al., 2004). The figures B1-B4 describe the DAGs for modeling the growth of957

Indian Ocean yellowfin tuna.958



Figure B1: Directed Acyclic Graph representing the relationship between the microincrements

counted between the oxytetracycline mark and otolith edge (I∗
Mi

) in yellowfin otoliths and

time-at-liberty (T ∗

Li
) for fish i. R = Daily deposition rate of increment in otolith; p = Relative

percentage of misread otolith increments; η = Reading error at the otolith edge; m = number

of otoliths read



Figure B2: Directed Acyclic Graph representing the ageing error model linking the obser-

vations of microincrement counts at tagging (I∗
Ti

) and recovery (I∗
Ri

) to the ages-at-tagging

(ATi ) and recapture (ARi
) for fish i. TLi

= Time-at-liberty; T ∗

L1,i
= Observation of minimum

time-at-liberty; T ∗

L2,i
= Observation of maximum time-at-liberty; R = Daily deposition rate

of increment in otolith; p = Relative percentage of misread otolith increments; η = Reading

error at the otolith edge; ψ = Reading error at the otolith nucleus; n = number of fishes



Figure B3: Directed Acyclic Graph representing the modal progression component of the

growth model. ac1 = Absolute age of cohort c for the first month; d = Age of the cohort in

months relative to the first month; µcd = Modal length of cohort c at month d; ξ = Process

error; {t0, k1, k2, α, β, L∞} = vector of growth parameters defined in Table 1



Figure B4: Directed Acyclic Graph representing the mark-recapture component of the growth

model for fish i. FL = Fork length; ATi = age-at-tagging; ARi
= age-at-recapture; T ∗

Li
=

Time-at-liberty; σ1 = Standard deviation of the distribution of length measurement errors

at-tagging ; σf = Standard deviation of the distribution of length measurement errors due

to freezing; ϕ = Process error for mark-recapture data; {t0, k1, k2, α, β, Linfty} = vector of

growth parameters defined in Table 1



Appendix C. OpenBugs code for the integrated growth model959

This code was used to implement the integrated growth model. It is designed960

to run under the OpenBUGS 3.2.1 software.961

model {962

963

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−964

### Prior d i s t r i b u t i o n s f o r growth parameters965

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−966

# Asymptotic l ength967

Lin f ˜ dgev (173 .141 ,11 .067 , −0 .3474)968

969

# Re la t i v e age at which the change in growth occur s970

rAlpha <− 1/pow ( 0 . 5 , 2 )971

muAlpha <− 1/(2 .901∗pow ( 0 . 5 , 2 ) )972

alpha ˜ dgamma( rAlpha ,muAlpha)973

974

# Growth ra te c o e f f i c i e n t o f f i r s t s tanza975

rk1 <− 1/pow ( 0 . 6 , 2 )976

muk1 <− 1/(0 .586∗pow ( 0 . 6 , 2 ) )977

k1 ˜ dgamma( rk1 ,muk1)978

979

# Growth ra te c o e f f i c i e n t o f second stanza980

k2 <− kappa+k1981

kappa ˜ duni f (0 , 3 )982

983

# Trans i t i on ra te between k1 and k2984

beta ˜ duni f (0 , 30 )985

986

# Age o f zero fo rk length987

t0 ˜ duni f (−2 ,0)988



989

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−990

### Prior d i s t r i b u t i o n s f o r e r r o r s991

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−992

# Proces s e r r o r f o r age ing data993

tauP ˜ dgamma( 0 . 0 1 , 0 . 0 1 )994

sigmaP <− 1/ s q r t ( tauP )995

996

# Proces s e r r o r f o r length−f r equency data997

tau mu ˜ dgamma( 0 . 0 1 , 0 . 0 1 )998

sigma mu <− 1/ s q r t ( tau mu )999

1000

# Proces s e r r o r f o r mark−r e captur e data1001

tau r ˜ dgamma( 0 . 0 1 , 0 . 0 1 )1002

s igma r <− 1/ s q r t ( tau r )1003

1004

# Measurement e r r o r s at tagg ing1005

tauTAG ˜ dgamma( 0 . 0 1 , 0 . 0 1 )1006

sigmaTAG <− 1/ s q r t (tauTAG)1007

1008

# Measurement e r r o r s at tagg ing due to tunas f r e e z i n g1009

tauFROZ ˜ dgamma( 0 . 0 1 , 0 . 0 1 )1010

sigmaFROZ <− 1/ s q r t (tauFROZ)1011

1012

# Measurement e r r o r s at r e captur e1013

varREC <− pow ( ( sigmaTAG+sigmaFROZ) , 2 )1014

tauREC <− 1/varREC1015

sigmaREC <− s q r t (varREC)1016

1017

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−1018



### Estimating length measurement e r r o r s1019

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−1020

## At tagg ing1021

f o r ( i in 1 : nTag) {1022

DL[ i ] ˜ dnorm (0 ,tauTAG)1023

}1024

1025

## Due to f r e e z i n g f i s h1026

f o r ( i in 1 : nRec ) {1027

DS[ i ] ˜ dnorm (0 , tauFROZ)1028

}1029

1030

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−1031

### Modeling growth1032

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−1033

# Pos t e r i o r d i s t r i b u t i o n s o f l ength measurement e r r o r s not updated1034

tauT <− cut (tauTAG)1035

tauR <− cut (tauREC)1036

1037

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−1038

## Ageing data1039

1040

# Fish caught once1041

f o r ( i in 1 : n1 ) {1042

Log L1 1 [ i ] <− l o g (max( L in f∗(1−exp(−k2 ∗( A1 1 obs [ i ]− t0 ) )1043

∗pow(((1+exp(−beta ∗( A1 1 obs [ i ]−t0−alpha )))/(1+ exp ( beta ∗ alpha ) ) ) ,1044

( ( k1−k2 )/ beta ) ) ) , 1 ) )1045

L1 1 [ i ] ˜ dlnorm ( Log L1 1 [ i ] , tauP )1046

L1 1 obs [ i ] ˜ dnorm( L1 1 [ i ] , tauT)1047

}1048



1049

# Fish caught twice1050

f o r ( i in 1 : n2 ) {1051

1052

# At tagg ing1053

Log L1 2 [ i ] <− l o g (max( L in f∗(1−exp(−k2 ∗( A1 2 obs [ i ]− t0 ) )1054

∗pow(((1+exp(−beta ∗( A1 2 obs [ i ]−t0−alpha )))/(1+ exp ( beta ∗ alpha ) ) ) ,1055

( ( k1−k2 )/ beta ) ) ) , 1 ) )1056

L1 2 [ i ] ˜ dlnorm ( Log L1 2 [ i ] , tauP )1057

L1 2 obs [ i ] ˜ dnorm( L1 2 [ i ] , tauT)1058

1059

# At recovery1060

TaL [ i ] ˜ duni f ( TaLmin obs [ i ] , TaLmax obs [ i ] )1061

A2 2 [ i ] <− A1 2 obs [ i ] + TaL [ i ]1062

Log L2 2 [ i ] <− l o g (max( L in f∗(1−exp(−k2 ∗(A2 2 [ i ]− t0 ) )1063

∗pow(((1+exp(−beta ∗(A2 2 [ i ]−t0−alpha )))/(1+ exp ( beta ∗ alpha ) ) ) ,1064

( ( k1−k2 )/ beta ) ) ) , 1 ) )1065

L2 2 [ i ] ˜ dlnorm ( Log L2 2 [ i ] , tauP )1066

L2 2 obs [ i ] ˜ dnorm( L2 2 [ i ] , tauR)1067

}1068

1069

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−1070

## Length−f r equency data1071

1072

# Prior on the age o f the f i r s t mode o f cohor t c1073

f o r ( c in 1 :nC) {1074

r a1 [ c ] <− pow( ( a1 mean [ c ] / a1 sd [ c ] ) , 2 )1075

mu a1 [ c ] <− a1 mean [ c ] /pow( a1 sd [ c ] , 2 )1076

a1 [ c ] ˜ dgamma( r a1 [ c ] , mu a1 [ c ] )1077

}1078



1079

# Estimating growth1080

f o r ( c in 1 :nC) {1081

f o r ( k in 1 :nK[ c ] ) {1082

# Age o f cohor t c at month k1083

a [ c , k ] <− ( a1 [ c ] + k−1)/121084

Log mu [ c , k ] <− l o g ( L in f ∗(1−exp(−k2 ∗( a [ c , k]− t0 ) )1085

∗pow(((1+exp(−beta ∗( a [ c , k]−t0−alpha )))/(1+ exp ( beta ∗ alpha ) ) ) ,1086

(−(k2−k1 )/ beta ) ) ) )1087

Log mu obs [ c , k ] ˜ dnorm(Log mu [ c , k ] , tau mu )1088

Log mu obs [ c , k ] <− l o g (mu obs [ c , k ] )1089

}1090

}1091

1092

1093

1094

1095

#−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−1096

### Mark−r e captur e data1097

1098

# Pos t e r i o r d i s t r i b u t i o n s o f alpha and t0 not updated1099

t 0 f i x <− cut ( t0 )1100

a l p h a f i x <− cut ( alpha )1101

1102

# Prior to the age−at−tagg ing1103

muT1 <− 1 / (2 ∗ 0 . 7 5 )1104

rT1 <− 1 / 0 .751105

1106

# Estimating growth1107

f o r ( i in 1 :nMR) {1108



t1 [ i ] ˜ dgamma( rT1 ,muT1)1109

Log L2r [ i ]<− l o g (max( Linf−(Linf−L1r obs [ i ] ) ∗ ( exp(−k2∗TaLr obs [ i ] )1110

∗pow(((1+exp(−beta ∗( t1 [ i ]+TaLr obs [ i ]− t 0 f i x−a l p h a f i x ) ) ) /1111

(1+exp(−beta ∗( t1 [ i ]− t 0 f i x−a l p h a f i x ) ) ) ) , ( ( k1−k2 )/ beta ) ) ) , 1 ) )1112

L2r [ i ] ˜ dlnorm ( Log L2r [ i ] , t au r )1113

L2r obs [ i ] ˜ dnorm( L2r [ i ] , tauR)1114

}1115

1116

} # End o f model1117



Appendix D. Matrices of correlation and covariance for the somatic growth models1118

Table D1: Matrix of correlation and covariance between growth parameters for model 1 which was fitted to the otolith data and model 2 which was

fitted to both the otolith and length-frequency data; the numbers in bold correspond to the correlations. See Table 1 for notation definitions

Model 1 Model 2

L∞ α β k1 k2 t0 L∞ α β k1 k2 t0

L∞ 234.184 0.042 0.052 -0.886 -0.600 -0.268 147.225 0.156 0.138 -0.941 -0.849 -0.415

α 0.235 0.131 -0.352 -0.144 0.478 -0.210 0.139 0.005 -0.232 -0.362 0.053 -0.702

β 6.400 -1.021 64.119 0.040 -0.291 0.127 9.844 -0.100 34.320 -0.094 -0.219 0.079

k1 -0.451 -0.002 0.011 0.001 0.534 0.612 -0.240 -0.001 -0.012 0.000 0.847 0.643

k2 -3.321 0.063 -0.842 0.006 0.131 0.128 -2.102 0.001 -0.262 0.004 0.042 0.369

t0 -0.391 -0.007 0.097 0.002 0.004 0.009 -0.362 -0.004 0.033 0.001 0.005 0.004



Table D2: Matrix of correlation and covariance between growth parameters for model 3 which was fitted to the otolith, length-frequency and mark-

recapture data based on a gamma and a log-normal distribution for the prior of ages-at-tagging. The numbers in bold correspond to the correlations.

See Table 1 for notation definitions

Model 3 (Gamma distribution) Model 3 (Log-normal distribution)

L∞ α β k1 k2 t0 L∞ α β k1 k2 t0

L∞ 1.981 -0.098 0.142 -0.372 -0.868 -0.070 30.226 -0.379 -0.131 -0.573 -0.711 -0.146

α -0.013 0.009 -0.444 -0.787 0.229 -0.889 -0.508 0.059 -0.558 -0.421 0.379 -0.770

β 1.201 -0.248 36.179 0.282 -0.231 0.312 -5.397 -1.023 56.531 0.576 -0.123 0.630

k1 -0.005 -0.001 0.016 0.000 0.288 0.897 -0.070 -0.002 0.096 0.000 0.367 0.864

k2 -0.157 0.003 -0.179 0.000 0.017 -0.005 -0.606 0.014 -0.143 0.001 0.024 0.070

t0 -0.008 -0.007 0.160 0.001 0.000 0.007 -0.146 -0.034 0.862 0.003 0.002 0.033




