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ISSUES ARISING FROM THE PRELIMINARY CONDITIONING OF
OPERATING MODELS FOR ATLANTIC BLUEFIN TUNA
Tom Carruthers1 and Laurence Kell2

SUMMARY
We fitted a multi-stock spatial, seasonal operating model to preliminary data for Atlantic
bluefin tuna to reveal data collection priorities and highlight the most critical areas for model
development.
RÉSUMÉ
Nous avons ajusté un modèle opérationnel multi-stock, spatial et saisonnier à des données
préliminaires pour le thon rouge de l’Atlantique afin de révéler les priorités de la collecte des
données et souligner les domaines les plus critiques pour le développement du modèle.

RESUMEN
Ajustamos un modelo operativo estacional, espacial y multi-stock a los datos preliminares del
atún rojo del Atlántico para revelar las prioridades en cuanto a recopilación de datos y
destacar las áreas más críticas para el desarrollo del modelo.
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1.

Introduction

A Management Strategy Evaluation (MSE, Butterworth 1999, Cochrane 1998, Punt et al. 2014) approach has
been proposed for Atlantic bluefin tuna (SCRS 2013) as a suitable framework for providing robust management
advice consistent with the precautionary approach (GBYP 2014). A principal task in the construction of an MSE
framework is the development of operating models which represent credible hypotheses for population and
fishery dynamics.
Operating models are typically fishery stock assessment models fitted to data to ensure that model assumptions
and estimated parameters are empirically credible (Punt et al. 2014, e.g. CCSBT 2011). A preliminary operating
model structure (M3 v0.15) and data set were described by Carruthers et al. (2016a and 2016b, respectively).
Subsequently, a meeting of the MSE Core Modelling Group (Monterey, January 2016) reviewed these
documents and identified a number of important modifications to the operating model such variable movement
among age classes and alternative approaches for model initialization. These changes were made to both the
operating model (M3 v0.18) and test unit (R simulation software) but the new operating model cannot be fitted
to data because the required data are not currently available (e.g. electronic tagging and stock-of-origin data
disaggregated by age-class). Also unavailable are peer-reviewed relative abundance indices by area and a
suitable inverse age-length key for predicting length composition data (Carruthers et al. 2015b).
Regardless of these data limitations, fitting a previous version of the model with age-invariant movement (M3
v0.15) to preliminary data reveals a number of important issues regarding data availability, data disaggregation
and model assumptions that are relevant the data preparatory work of the bluefin tuna working group. In this
paper we summarize these findings and highlight the most critical priorities for future work.

2.
2.1

Methods
Model dimensions

M3 (v0.15) model was fitted to data from 1960-2014, was structured temporally by quarter (Jan-Mar, Apr-Jun,
Jul-Sep, Oct-Dec) and spatially by the eight area spatial definitions of the 2015 ICCAT bluefin tuna datapreparatory meeting (Figure 1 left panel, ICCAT 2015) (subsequently an 11-area spatial structure has been
identified but electronic tagging data and stock of origin data were not available at this resolution, Figure 1 right
panel).
To account for varying size selectivity of gear types, very coarse fleet definitions were used to disaggregate
catches and length composition data. Four fleet types were identified based on the ICCAT gear type group
designations: Purse-seine (PS), Trap (TP), Longline (LL) and all ‘other’ fleets combined (OTH).
2.2

Calculating a preliminary ‘master’ relative abundance index

Many fisheries stock assessment models attempt to estimate a fishing mortality rate (F) for every catch
observation (e.g. ISCAM, Martell 2015). This leads to a large number of estimated parameters in the case of a
multi-fleet, spatial and seasonal model such as M3 (e.g. 10,560 F parameters for 11 areas, 4 seasons, 40 years, 6
fleet types assuming complete catch data).
The option of estimating an F parameter for each catch observation is still available in M3 (v0.15 and greater).
However a simpler and much more parametrically concise alternative is to derive a single relative abundance
index for all areas, subyears and years (referred to as the ‘master index’ herein) and divide observed catches by
this index to obtain a standardized estimate of fishing effort (also known as a ‘partial F’) for each fleet. Given
these standardized effort data, only a catchability coefficient by fleet is then required to estimate all of the fishing
mortality rates (fishing mortality rate F, proportional to effort E, F=qE) which in the example above, requires the
estimation of only 6 q parameters instead of 10,560. Simulation testing revealed that this approach did not lead
to appreciable biases in estimates of current stock depletion, spatial distribution or absolute stock size
(Carruthers et al. 2015a). There are however two important limitations of this approach: (1) uncertainty in
relative abundance indices are no longer explicitly accounted for by the model and (2) a suitable master index
must be calculated and finalized by the various stakeholders.
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A preliminary master index was constructed based on the linear model:
log(𝐶𝑃𝑈𝐸𝑦,𝑟,𝑚,𝑓 ) = 𝛼𝑦,𝑟 + 𝛽𝑚,𝑟 + 𝛿𝑓 + 𝜀

(1)

Where CPUE is the average catch per unit effort recorded in the ICCAT task II database in a given year y, area
a, quarter m for fleet type f. The α terms represent year-area interactions (varying temporal trends among areas),
β terms represent quarter-area interactions (varying spatial distribution of biomass within years) and δ terms are
the fleet-specific parameters that account for reporting of CPUE in varying units (kg per trip, tonne per day) and
variable catchabilities. A peer-reviewed version of this approach should strive to use as detailed data as possible
that include important covariates affecting catchability such as logbook data with records of depth (hooks per
basket), bait type, soak time etc.
Three fleet types f, were used to calculate the preliminary master index: the Japanese longline, US longline and
Canadian rod and reel. These fleets provided complete coverage over the estimated interactions of the linear
model (i.e. all α year-area combinations and all β quarter-area combinations). The derived master index (unit-less
predicted CPUE in each year, area and quarter) is illustrated in Figure 2.
2.3

Deriving an inverse age-length key

The M3 model requires an inverse age-length key (iALK, conditional probability of length given age) for each
stock by year in order to convert fishing mortality rate at length to fishing mortality rate at age. In the absence of
an established iALK, the von Bertalanffy growth equations of the most recent bluefin stock assessments (e.g.
ICCAT 2014) were used to establish a temporally stationary iALK by arbitrarily superimposing a normal
distribution in expected length at age (15% coefficient of variation) over the mean growth curves.
2.4

Conditioning the operating model

The M3 model (v0.15, Carruthers et al., 2015b) was fitted to catch at length data (10cm length bins) from the
ICCAT Task II Size database, total catches from the Task II database (ICCAT 2015b) uprated to Task I nominal
catches (Figures 2, aggregated electronic PSAT tagging data (Table 1, provided by M. Lauretta, US NOAA)
and stock of origin data from otolith microchemistry analysis (Table 2, UMCES: D. Secor, AZTI: I. Fraile,
NOAA/DFO: A. Hanke).

3.

Results

3.1 Model fit to relative abundance data
The model comprehensively fails to fit initial declines in biomass in the north east Atlantic that were inferred by
the master index (Figure 2). This points to model misspecification that could be addressed by some of the
changes proposed by the MSE CMG such as the initialization of the model on early F estimates. However the
most likely cause of this misfit is either the prescription of overly strong recruitment compensation (steepness
too high) or more probably, the incorrect derivation of the master index that infers overly strong stock depletion
or incorrect spatial distribution. It may also be the case that the stock decline inferred by the master index is not
well reflected in the age-composition data which do not appear to exhibit significant length attrition over time
that may be expected given the declines inferred by the master index (Figures 4-7).
3.2 Model fit to total catch data
In general the model fits observed catches very well (Figure 3) which is to be expected given the derivation of
standardized effort (the partial F covariate). There is some overestimation of catches in the early period from
1960-1970 where the model attempts to inflate fishing mortality rates to fit the stock declines inferred by the
master index.
3.3 Model fit to length composition data
The time-invariant selectivity of the trap fleet general fails to accommodate some very marked shifts in length
composition data (Figure 4). For example in 2003, 2500 length observations had a modal length of 130cm and a
pronounced positive skew. However in 2009, just six years later 10,000 observations had a modal length of 230
cm and a negative skew. These two catch at size frequency distributions barely overlap. Similar inconsistencies
can be observed in trap composition data going back to 1993.
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There is also a general tendency for the model to underestimate the size selectivity of the trap fleet which may be
attributable to constraining the inflection point of the ascending limb of selectivity for the trap fishery. However
relaxing the estimation of time-invariant selectivity would still fail to approximate the very strong temporal shifts
in selectivity observed in these data. The solution may be to investigate the data to identify the source of this
shift (perhaps it can be attributed to a particular flag) and further disaggregate the trap data. Alternatively, the
data could be filtered to ensure it is representative of a consistent fleet type. A third alternative would be to
reparametrize the operating model to remove the exact size composition that was observed in the size sample
data rather than attempt to model this.
Similarly to the trap fishery type, the purse seine and other fishery types clearly exhibit temporally variable
selectivity, this time in the form of a distinct discontinuity around 1984 (Figures 5 and 7). The longline data on
the other hand had inconsistent variance and could show clear bimodality in some years possibly indicating that
eastern and western longline fleets should be modelled. Again further data exploration is required to define these
fleet classes to best adhere to the assumption of temporally constant size selectivity.

4.

Discussion

4.1
Issues relating to data
Issue
Considerations / options
Fleet definitions
It is desirable for fleet definitions to have wide spatio-temporal coverage (it is more
informative) but fleet definitions should represent relatively constant selectivity (tradeoff between information regarding stock depletion and assumption of constant
selectivity). An additional trade-off is that between the number of fleets (computation /
model running time) and the assumption of constant selectivity. Methods for establishing
suitable fleet definitions by time, area and gear type (E.g. western longliners pre 1985)
should be investigated.
Filtering of catch
It may be necessary to check size data for spurious entries / outliers. Agreed guidelines
composition data
for the filtering of size composition data would be desirable.
Resolution of size
As the resolution (bin width) of the length frequency data and the iALK become finer,
frequency data (bin computation and model running time increases. It may be possible to reliably estimate
width, e.g. 10cm)
the size selectivity of the various fleets and still extract information about fishing
mortality rate from the size composition data while assuming coarse bin-widths (e.g.
10cm, 20cm, 30cm). Appropriate resolution may be established by fitting operating
models with various level of disaggregation.
Derivation of the
Arguably the most critical input to the operating models is the master index from which
master index
standardized effort is imputed for each fleet. This index provides an estimate of relative
(indices)
abundance in each year, quarter and area and may be derived from the catch rate data of
multiple fleets (for example using log book data). Multiple indices may be derived and
operating models established for each. A subset of data should be used in the derivation
of the master index that most likely to reflect spatial distribution and changes in
abundance over time. It is desirable to have data for each time-area strata to prevent
extrapolation from a standardization model (e.g. Eqn. 1).
Data to support
Papers on stock structure (e.g. Anon. 2014) often discuss the possibility of stock
estimation of an
structure within the Mediterranean, for example a resident eastern Mediterranean stock.
additional stock in
The M3 model can include numerous stocks but at the minimum requires data to assign
the Mediterranean
catch data to stock of origin (i.e. for each time x area in the model data a vector of stock
of origin data is required, e.g. 10% western, 85% western Med, 5% eastern Med) and an
extension of the master index to any new areas.
Availability and
It has been suggested that larval indices developed for both western and eastern stocks
interpretation of
could provide information regarding spawning stock biomass trends in natal spawning
larval indices
areas. Before they are used in conditioning operating models it would be beneficial to
discuss the appropriate use of these data.
Interpretation of
How should aerial survey data (e.g. Bonhommeau et al. 2010, Ingram et al. 2015) be
aerial survey data
used to condition operating models?
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4.2

Issues relating to model structure

Issue
Alternative models
for size selectivity

Type of movement
model

Accounting for
new information
regarding spawning
and maturity
What spawning
biomass should be
used to predict
recruitment
Appropriate
resolution
(blocking) of
recruitment

Number of years of
estimated F used
for model
initialization
Number of spoolup years for model
initialization
4.3

Description
The current version of the M3 model includes just two types of selectivity ogive: logistic
‘flat topped’ selectivity and Thompson (1994) ‘dome shaped’ selectivity. It may be
beneficial to describe a number of other prospective selectivity curves to aid in model
fitting.
Currently the model can either model movement as full Markov movement matrix (a
probability from each area - to each area, where applicable), a gravity model with
viscosity (a gravity weight for each area plus a viscosity parameter further increasing the
likelihood of individuals remaining the in the same area) or a fractional model
(individuals are fully mixed and redistributed in each time step according to estimated
fractions in each area). The more complex Markov model may be the most flexible but
may also be spurious where electronic tagging data are sparse (only PSAT data inform
specific movement from-to areas among quarters). The fractional model and gravity
models are similar. The gravity model will only prove beneficial over the fractional
model if there are differences in population trajectory among areas implying that
modelling viscosity is important.
Recent research by Richardson et al. (2015) confirms a second spawning area for
western fish in the slope sea, in addition to a lower age-at- maturity. While the impact of
these changes on estimates of stock size and trajectory are likely to be minimal it is
important to discuss the correct implementation of this new information.
Should recruitment be calculated from model predicted spawning biomass in known
spawning areas at known spawning seasons only (rather than just stock-wide spawning
biomass)?
In a statistical catch-at-length model, there is less precise information about annual
recruitment than a catch-at-age model since the strength of cohorts is inferred through
the iALK (there is ‘smearing’). There are a number of options. Annual recruitment can
still be estimated but this can lead to parameter confounding among recruitment
estimates in adjacent years. Alternatively recruitment strength can be aggregated into
blocks of years (5 year for example) or a spline or moving average can be applied to
recruitment strength estimated at coarse vertices (e.g. every 5 years).
Currently the model uses mean fishing mortality rate over the first 5 years (e.g. 19601964) to predict equilibrium stock structure and depletion prior to the first year (e.g.
1959 and earlier). This may not be appropriate and alternative options should be
considered.
How many ‘spool-up’ years of the equilibrium estimated F (row above) should be
assumed to have occurred prior to the initial model year (e.g. 20 years, 1940-1959 of
mean F from 1980-1984 used to initialize the model).

Issues relating to MSE integration

Issue
How should MSY reference points
be calculated?

What rules for allocation should be
investigated?

What data will be available in the
future for use in management
decision making?

Description
In order to calculate current stock status and exploitation rates relative to
MSY levels (e.g. a Kobe plot) a number of assumptions are required to
calculate MSY reference points (MSY, BMSY, FMSY). For example, which
recent years should be used to define current fishing selectivity and how
should the stock-recruitment relationship be derived?
To undertake closed loop simulation, catch recommendations must be
allocated spatially, temporally (among quarters) and among fleets (flags /
gears). This allocation may be part of the management procedure or
derived from operating model estimates (the operating models predict
catches and exploitation rates for the various fleet types that may be
divided among applicable fishing nations and gear types)
If a type of data is not likely to be available in the future (e.g. an aerial
survey, close-kin tagging Bravington et al. 2013), MPs using such data
may not be a realistic management option. It would be beneficial to
summarize which data will be subject to ongoing collection and
processing to limit the scope of the MSE.
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4.4

Data priorities

Data
(in order of priority)
Stock of origin by
quarter/area/age class
(preferably over
multiple years)
Master index of
relative abundance
over areas / quarters
Size composition data
by fleet type
Total catches by year,
quarter and fleet type

Larval survey data
Electronic tagging data

5.

Role in conditioning operating models
The critical component of a multi stock model is stock of origin data (for example
arising from analysis of otolith microchemistry analysis or mitochondrial DNA) that
apportions observed total catches to each stock to scale stocks and constrain
movement estimation.
The master index predetermines trajectories in fishing mortality rate for each fleet
type and should be subject to careful review and testing. It is similar to prescribing a
single relative abundance index for conditioning a stock assessment model.
Reliable size composition data are required to correctly calculate MSY reference
points and provide additional information regarding stock depletion and fishing rates.
In this preliminary analysis I uprated task II data to task I catches to assign these to
fleet, year, quarter and area. A more defensible, better documented and reviewed
process should be undertaken by scientists with a more thorough working knowledge
of these data sets.
An index of spawning stock biomass could greatly improve the stability of model
estimation by providing stock-specific information about abundance trends.
Electronic tagging data provide additional information about credible stock
distribution and movements and are necessary to estimate the parameters of the
Markov movement model (gravity and fractional models benefit from but do not
require, electronic tagging data).
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Table 1. Stock of origin observations by area (Figure 1, left panel) and quarter. Grey shaded areas are not
applicable due to spawning site fidelity, orange shaded areas are pertinent data gaps.

Quarter

Area
Eastern stock of origin observations
GOM WATL GSL CATL EATL NEATL WMED EMED
1
7
2
1
70
3
313
10
4
27
19
19
85
8
Western stock of origin observations
GOM WATL GSL CATL EATL NEATL WMED EMED
1
16
2
63
178
3
1974 1685
283
4
22
16
149
226
N = 5171

Table 2. PSAT tagging transitions among areas (Figure 1, left panel) by quarter.
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Figure 1. The 8-area spatial definitions of the 2015 ICCAT bluefin tuna data preparatory meeting (ICCAT
2015, left) and the 11-area spatial definitions of the latest electronic tagging disaggregation (Lauretta. pers.
comm., right).

Figure 2. The observed versus predicted master relative abundance index (note that the y-axis is rescaled among
rows). The relative abundance trends of the Eastern and Westerns stocks are represented by the red and blue
lines respectively. The violet line represents the relative abundance the stocks combined.
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Figure 3. Model predicted (lines) versus observed (points) log catches of Atlantic bluefin tuna.

Figure 4. Model predicted (blue line) versus observed (orange bars) length composition data for the trap fleet
type (TP: all trap gear group code fisheries from 1990 – 2009). The numbers in the top right hand corner of each
panel are the number of observations.
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Figure 5. Model predicted (blue line) versus observed (orange bars) length composition data for the purse seine
fleet type (PS: all purse seine gear group code fisheries from 1960 – 2009). The numbers in the top right hand
corner of each panel are the number of observations.

Figure 6. Model predicted (blue line) versus observed (orange bars) length composition data for the longline
fleet type (LL: all purse seine gear group code fisheries from 1960-2009). The numbers in the top right hand
corner of each panel are the number of observations.
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Figure 7. Model predicted (blue line) versus observed (orange bars) length composition data for the other fleet
type (OTH: all non-trap, non-purse seine, non-longline gear group code fisheries from 1960 – 2009). The
numbers in the top right hand corner of each panel are the number of observations.
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