Supporting Information
In tables below we summarize each of the four main Multi Stock Age Structured Tag Integrated assessment (MAST) model components: 1) initialization of the model; 2) updating state variables; 3) relating state variables to observations; 4) evaluating the probability of the model given the data. 
S1 Description of model symbols and indices (components 1-4)

S2 Model initialization equations (component 1)

S3 Partial derivatives for the derivation of initial biomass, Bo, from maximum sustainable yield, MSY, and the optimal fishing mortality, FMSY (component 1)
S4 Data, estimated parameters and initial states (components 1 and 4)

S5 State dynamics (component 2) and observation model (component 3)

S6 Statistical objective function (component 4)

S7 Life-history parameters (components 1-4)
S8 Electronic tag state transitions (component 4)
S9 Archival tag observation probabilities (component 4)
We summarize the input data as well as describe model scenarios and some results in Tables S10-12 and S13-S14, respectively.
Model Description
Initialization

Initial numbers and biomass were derived from the leading parameters, maximum sustainable yield (MSY) and optimal fishing mortality rate (Fmsy), by (1) beginning with the equilibrium yield equation; (2) differentiating this function with respect to Fmsy; (3) setting this equation equal to 0; and (4) solving for the Beverton-Holt recruitment parameter κ 1[]
 (see Table S4). While others have used a similar approach 2[,3]
, MAST includes a version that assumes an instantaneous fishing mortality rate 4[]
. We outline the mathematics behind this derivation in Tables S2 and S3. 
In practice, many fisheries data sets do not have enough contrast to reliably estimate scaling and productivity parameters 5[]
, such as MSY and Fmsy. In such cases, prior probability distributions for these parameters must be used to facilitate parameter estimation. Catches relative to MSY and current fishing mortality rate relative to Fmsy are key performance measures that determine whether or not a particular fish stock is overexploited. Defining the model in terms MSY and Fmsy makes transparent the influence of priors on these quantities 4[]
. The assumed values for the growth, maturity, and natural mortality rate parameters that define age schedules are given in Table S7
State Dynamics

The state dynamics for the MAST model are given in Table S5. MAST predicts fish numbers N in age-class a, of stock i, in each area j', at time t+1, to be the sum of all surviving fish at time t that move to (or stay in) j', from area j, according to the movement transition matrix μ (see Table S5). We model natural and fishing mortality as occurring simultaneously. In addition, MAST is conditioned on total catches by area. The fishing mortality rate F in each quarter is determined by solving the Baranov catch equation using the observed vulnerable landings and the estimated vulnerable biomass (Eq. 29, Table S5). The catch equation is numerically solved for F by the Newton-Rhapson iteration. In the second quarter of every year, fish move to their respective spawning areas (Gulf of Mexico for the western stock and the Mediterranean for the eastern stock) according to their stock-specific age-at-maturity schedules (Table S7).

The gravity models used to populate movement matrices µ are well developed in the geography literature 6[,7]
 and have been applied to some aquatic dispersal models 8[]
 and spatial fisheries models 9[,10]
 to describe fleet and fish movement between areas of differing relative attractiveness. The gravities of different areas for any population of interest can be modeled as mathematical functions of covariates such as area size, distance between areas, opportunities, and competition 7[]
. Expressing gravities in terms of variables such as tuna density and food availability is a promising avenue for future research, in which other data such as ocean conditions could be used. However, we currently do not apply any functional form for the migration probabilities.

An alternative to using the gravity model parameterization is to parameterize movement in terms of diffusion or bulk transfer. With this approach, all ni-1 elements are allowed to vary except the nith element, which is given by the sum of the other logit-transformed elements:
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, where uj,1 = 0 and all other uj,j’ terms are estimated. 
During model development, we considered several alternative gravity and bulk-transfer model versions that assumed movement rates were equal across ages and seasons; these models, however, would not converge using this compressed parameterization. Defining different movement matrices for more than two age-groups resulted in too many parameters to be estimated. We therefore confined our exploration of movement parameterization options to two age-groups for which movement parameters were assumed to be similar to those for ages 0–7 and 8+. We assumed that nonspawning fish were distributed as they would have been in nonspawning quarters by a set of estimated movement parameters for age-groups 0–7 and 8+. We used the gravity model as the base-case, and we explored the model’s sensitivity to the bulk movement parameterization, as shown below.
Discrete State-Space Models for Electronic Tag Data

We assumed that archival and pop-up tags have a recapture history of the form Yt={y1,y2...ys}, where for each possible sampling date, an observation yt=0 denotes no observation in state s, and yt>0 denotes at least one observation. We calculated the likelihood P(Yt) of each tag track using a recursive method in which the probability of the tag track observations up to time t P(Yt) was represented as 

P(Yt)=P(Yt-1)P(yt|Yt-1).





(1)

For any given tag track, the probability of an event k (geolocation, pop-off, or recapture event), in a recapture history P(yt|Yt-1), can be written as 

P(yt|Yt-1)=(sP(st|Yt-1)P(yt|st,Yt-1),



(2)





where st represents possible tag states (st={on live fish in locations 1-n, shed from the fish, on a dead fish, etc.}) and P(yt|st,Yt-1) is the observation probability of yt given that the fish is in state st. Representation for P(yt|Yt-1) in terms of states st expresses the problem of calculating it as two simpler problems—calculation of location state probabilities P(st|Yt-1) and observation probabilities P(yt|st) for that tag type (Table S9).

Seasonal and age dependencies of movement rates are incorporated in the estimation by assigning each fish of stock i an apparent age-at-first-capture based on its length. Each fish can then be assigned to a particular age-group whose movement parameters are assumed to be identical within that group. 

Fmsy Prior Simulation

For the model to converge, either fixed values of Fmsy or prior probability distributions were required. To simulate priors for Fmsy, we used compiled mean and standard deviation values on the standardized slope of the origin  for stock-recruit functions fitted to data for populations of Scombridae 11[]
, excluding Atlantic bluefin tuna. We then simulated Fmsy priors based on an assumed B0 of unity, and assumed mean growth, mortality, and maturity parameters. The mortality and maturity parameters were sampled assuming normal distributions and means given in Table S7, and assumed coefficients of variations of 0.1. For the purposes of simulating the prior, selectivity parameters lh and γ were assumed to be fixed at lh=100 and γ=0.5. 
Data

Satellite Tag Data

Satellite tag end-point positions were determined upon release by using the Doppler shift of radio transmissions to ARGOS satellites. For electronic tag types, daily estimates of longitude for tagged fish while at liberty were derived from algorithms based on tag measurements of light levels with manufacturer programs as previously described 12


[ ADDIN EN.CITE ,13]
.  Daily estimates of latitude were improved with sea-surface temperatures as previously described 
 ADDIN EN.CITE 
[12,13]
. Missing positions in the tag tracks arising from factors such as cloud cover in the satellite observations of temperatures that were used to estimate latitude were imputed via linear interpolation. For the present analysis, all geolocations for each fish were distilled in quarterly time intervals and the five MAST areas based on the modal area occupied at each quarter. We used 220 pop-off satellite and 122 archival tag tracks with complete records extending from 1996 to 2008.

Stock and Age Assignment for Tag Data

Both conventional and electronic tag data were classified as eastern, western, or unknown stock of origin on the basis of area of visitation. All fish that visited the Gulf of Mexico or Gulf of St. Lawrence were assumed to be of western-stock origin, an assumption supported by otolith 14[]
 and genetic data  We assumed that fish that visited the Mediterranean Sea were of eastern-stock origin, supported by current genetic 
 ADDIN EN.CITE 
[15,16,17]
 and otolith 14[]
 data sets. All other fish were considered to be of unknown stock of origin. 

Age assignments to all tagged fish were made using the same growth curves used to derive the catch-at-age input for ICCAT’s VPA 18[]
. We used growth parameters estimated by 19[]
 in the east and 20[]
 in the west, because these growth curves are considered representative of the populations vulnerable to capture for those stocks and therefore appropriate for the assignment of ages from lengths. However, we used Neilson and Campana’s 21[]
 von Bertalanffy growth parameter estimates to predict body size for both western and eastern stocks in the population dynamics model described below, because this analysis is the only one for bluefin tuna that uses validated age data.

Conventional tag retentions Dc,t are modeled according to 22[]
, 23[assuming decreasing shedding rates over time with no immediate tag shedding. The probability of retaining a tag at time t, D(t), is given as D(t)=e-Q(t), and the rate of shedding at time t is Q(t)=[dλ/(d+λt)]d. We assumed values for d=0.22 and λ=1.95 using means across all tagging experiments fitted using model 3 of Kurota et al. ]
. Age proportion data were fitted using multivariate logistic likelihoods 24[]
 (Tables S5 and S6). The likelihood function for the otolith stock-composition data was binomial (Table S6). 

Catch Data

The difference between the inflated and observed eastern catches was assumed to come entirely from purse seines in the Mediterranean Sea. For 1999–2009, we assumed that unreported and assumed catches were distributed within years according to the proportion of the annual catch, by quarter, reported in years before illegal and unreported fishing occurred in 1998.
Parameter Estimation
The nonlinear optimization procedure that was applied to estimate model parameters is described in the main text. The equations describing the objective function that is minimized are listed in Table S6.

Sensitivity Cases
We examined the sensitivity of the base-case results across a suite of alternative model parameterizations and reporting-rate-prior distributions. We evaluated the effects of using this informative prior by applying a much less restrictive prior for conventional tag reporting rates, beta(3,3) (Table S13, scenario B). We divided gear selectivities into pre- and post-1991 because early bluefin tuna catches were known to have targeted smaller fish (scenario C). Scenario D assumes the same parameter values as the base-case, but with an eastern stock age at 50% maturity at age 6. Scenario E was the base-case with bulk movement parameterization. Finally, scenario F was a single-stock, single-time block selectivity Fmsy/MSY formulation that was fitted to the same CPUE and age-composition data as the mixed models, but without using mark-recapture data. 
In the single-stock case, we treated all CPUE, catch, and catch-at-age data coming from areas 1–3 as western stock, and data from areas 4–5 as eastern stock. Life-history parameters for each stock were assumed to be those listed for eastern and western stocks in Table S7.  Finally, we compared the model results to reconstructed spawning stock biomasses for western and eastern stocks using the ICCAT VPA assessment. For the eastern stock, we used the ICCAT assessment inflated catch-at-age case (g) using the ICCAT 2008 assessment (4) run 14. For the western stock, we included the ICCAT 2008 western base case (g), as well as the case 9 sensitivity run excluding the Gulf of St. Lawrence (GSL) index (h)(ICCAT 2008). 
Sensitivity Analyses

Across all sensitivity scenarios, the MAST model suggests that western bluefin tuna constitute a much smaller stock than the eastern stock, with lower estimated MSYs under all scenarios (Table S13). MAST results also suggest that the western stock has consistently lower Fmsy than the eastern stock (Table S13). 
Reference points, current and future biomasses, and depletion levels differed between model options (Table S13). Across all MAST scenarios and the single-stock statistical catch-at-age model, the variability of depletion levels was large, ranging between 17% and 26% for the western stock and between 10% and 40% for the eastern stock. In all mixed-stock models examined, the current western-stock spawning stock depletion as reflected in the SSB2008/SSBmsy ratio was predicted to be between 38% and 70% (Table S13, A–E). The spawning stock biomass was predicted to be at levels that produce MSY using the single-stock statistical catch-at-age model (Table S13, F). The assumption of less informative reporting-rate priors resulted in much lower estimates of depletion levels and higher estimates of stock size relative to the unfished state (Table S13, B). All models showed that the eastern stock was overfished, with SSB2008/SSBmsy ratios ranging between 52% and 92% (Table S13, A–E). Importantly, the predicted performance of rebuilding options was also highly variable between different model formulations. The model’s predictions at the posterior mode showed that the western stock would only recover to levels that would produce MSY by 2025 using the bulk-transfer and single-stock statistical catch-at-age models (Table S13, E and F). Otherwise, it was predicted to be well below Bmsy, with SSB/SSBmsy values ranging between 43% and 89% (Table S13, A–D). The eastern stock was predicted to recover by 2025 in all scenarios except the single-stock statistical catch-at-age model (Table S13).  MAST model results are sensitive to reporting-rate-prior assumptions (Table S13). When a less informative prior (beta(3,3)) was used, reporting rates were estimated to be much higher across all areas (Table S14), approaching unrealistically high values such as 80% in the western Atlantic. Corresponding to these reporting rate differences, estimated biomasses relative to reference points were also higher and rebuilding times faster (Table S13).
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