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Abstract

This document describes improvements made during 2002-2003 to the stock assessment
methodology used by the Inter-American Tropical Tuna Commission to assess tuna in the eastern
Pacific Ocean. These improvements include: 1) retrospective analysis to determine years to average
catchability for forward projections and yield calculations, 2) cross validation to determine
selectivity smoothness parameters, 3) using an analytical formula to re-weight length-frequency
sample size, 4) development of a method to allow missing data in environmental indices, 5)
calculation of two new management parameters, MSY,¢ and SBRet, 6) neura network
standardization of CPUE, and 7) likelihood profile approximation to forward projections.

Introduction

The assessments of tunas in the eastern Pacific Ocean (EPO) conducted by the Inter-American
Tropical Tuna Commission (IATTC) staff (e.g. Maunder and Watters 2001) use A-SCALA (age-
structured statistical catch-at-age analysis, Maunder and Watters 2003a), which is based on the
MULTIFAN-CL methodology (Fournier et al. 1998; Hampton and Fournier 2001) used for
assessing tuna stocks in the western and central Pacific Ocean (WCPO) by the Secretariat of the
Pacific Community (SPC). Several analyses carried out and presented at previous SCTB meetings
have shown that when MULTIFAN-CL is configured to use the same assumptions as A-SCALA the
results are essentially the same. With thisin mind, it is useful for groups using A-SCALA and
MULTIFAN-CL to communicate any improvements in the methodologies so these improvements
can be considered for the other methodol ogy.

There have been several improvements made to the assessments of tuna in the EPO during the 2003
assessment process. A majority of these improvements address problems raised at a meeting on
diagnostics held in La Jolla on October 2-4 2002, (Harley and Maunder 2003). The outcome from
this meeting was 1) a set of diagnostics that should be evaluated regularly, 2) a set of diagnostics
that should be evaluated periodically, and 3) alist of specific research questions. These are
summarized in Harley and Maunder (2003). This document addresses the research carried out by
the IATTC staff to addressitem 3.

The improvements to the stock assessments discussed in this document are: 1) retrospective
analysis to determine years to average catchability for forward projections and yield calculations, 2)
cross validation to determine selectivity smoothness parameters, 3) using an analytical formulato
re-weight length-frequency sample size, 4) development of a method to allow missing datain
environmental indices, 5) calculation of two new management parameters, MSY ¢ and SBRyef, 6)
neural network standardization of CPUE, and 7) likelihood profile approximation to forward
projections.



Retrospective analysis to deter mine year s to aver age catchability

In the previous assessments (Maunder 2002a; Maunder and Harley 2002), two methods were used
to determine what fishing mortality or effort and catchability were used in yield calculations and
forward projections: 1) fishing mortaity averaged over the most recent two years for yield
calculations and effort averaged over the most recent two years multiplied by catchability averaged
over the most recent two years for forward projections, and 2) effort averaged over the mog recent
two years multiplied by average catchability over the whole time frame for forward projections.
These two methods produced substantially different results for the bigeye tuna assessment
(Maunder and Harley 2002). The reason for the difference is that the catchability of bigeye is
estimated to have increased for the floating-object fisheries over the last few years. However, using
the most recent catchability may not be the best choice because estimates of recent catchability are
the most uncertain (Figure 1) and often correlated with recruitment.

We have used retrospective analysis for the 2002 bigeye tuna assessment (Maunder and Harley
2002a) to determine the most appropriate years to average catchability (see Harley and Maunder
2003 for more details on retrospective analysis). Retrospective analysis, for which one year of catch
and length-frequency data is removed in consecutive analyses, was carried out while still including
effort data for the full time frame of the stock assessment. To include the catchability in the
projections, we combined the average effort deviates with the effort used in the projection part of
the model. These average effort deviations were calculated over 1) the last two years for which data
was available (last two years) and 2) the two years previous to those in 1) above (previous two
years). We also included an analysis for which we did not include effort deviates (constant) and a
reference based just on the average catch over the estimation period (mean catch). The effort
deviation average procedure required that the model be run twice, the first time to estimate the
effort deviations used in the averages and the second time to carryout the predictions using these
average effort deviations. The retrospective analysis was conducted on an annual basis (one year of
data was removed each time), but we present predicted catch for each quarter of the year.

The results indicate that catch is consistently more than the predicted catch for al methods for
1994, 1995, 1998, and 1999 (Figure 2). This is probably due to the increases in catchability during
these periods. On average, the last two years performs better than the previous two years, and the
constant catchability performs the worst. We also found that correlation plots show that the effort
deviates are highly negatively correlated with recruitment for the last year that data are available
(Figure 3). Thisindicates that the last year should not be used to determine catchability.

From this analysis we decided that the best method for yellowfin tuna, which does not show
substantial trends in catchability, is for projections to use effort averaged over the last two years
(2001 and 2002) and catchability averaged over the two years previous to those (1999 and 2000).
For yield calculations, we used average fishing mortality over the two years previous to the last two
years (1999 and 2000). We decided that the best method for bigeye tuna, which shows substantial
trends in catchability, is for projections to use effort averaged over the last two years (2001 and
2002) and catchability averaged over the second- and third-to-last years (2000 and 2001). For yield
calculations we used average fishing mortality over the second- and third-to-last years (2000 and
2001).

Cross validation to determine selectivity smoothness parameters
Numerous assumptions have been used to constrain age-specific selectivity. It isusually not
possible to adequately estimate a single selectivity parameter for each age. Therefore, methods are
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used to limit the number of parameters estimated. The simplest approach is to assume that all
individuals above a given age are vulnerable to the fishery and that no individuals below that age
are vulnerable to the fishery (knife-edge selectivity). However, the selectivity pattern israrely so
clear cut, so that individuals become gradually more or less vulnerable to the fishery as they age.
The logistic curve is frequently used to represent a gradual increase in selectivity as individuals age
(e.g. Smith and Punt 1998). The assumption that selectivity monotonically increases to an
asymptote is implicit in the logistic equation. Many fishing gears may not fully select for older
individuals. To include the possibility of decreasing selectivity for the older individuals, other
selectivity cures, such as the double normal (Hilborn et al. 2000), beta (Punt and Walker 1998),
double logistic (Helu et al. 2000), and the exponential-logistic (Thompson 1994) have been used.

Haist et al. (1999) suggest that these functional forms are too restricting and may be inappropriate
for a particular application, leading to biased results. They suggest using separate parameters to
represent selectivity for each age, but to constrain the amount that selectivity can change from age
to age with smoothness penalties. These penalties avoid overparameterization of the model. The
method of Haist et al is commonly used in complex statistical catch-at-age or catch-at- length
analyses (e.g. Fournier et al. 1998; lanelli 2002; Maunder and Watters 2003a). However, the
penalties used to determine the smoothness of the selectivity curves are usually specified arbitrarily
and can influence the results. For example, the commonly used first, second, and third differences
can cause substantial differencesin the estimated selectivity curves (Figure 1).

We implement selectivity at age following the method of Fournier et al. (1998; see Haist et al. 1999
for details). Separate parameters are estimated to represent selectivity for each age, but the amount
that selectivity can change from age to age is constrained by smoothness penalties. The constraints
are implemented using the difference equation approximation to the first, second, and third
derivatives of the selectivity curve. A weighting factor | isadded to alow for an increase or
decrease in the influence of the selectivity smoothness penalties. The first difference constrains the
selectivity curve to be (penalizes it toward being) constant, the second difference constrains it to be
linear, and the third difference constrains it to be quadratic. It islikely that selectivity is partly
length based, so an additional weighting factor is added to the first difference to apply a higher
penalty for ages for which the growth rate is lower and the length distributions are similar between
consecutive ages (see Fournier et al. 1998 for an alternative method to include length into the
selectivity curvature penalty). The parameter y can be modified to determine how the weighting
differs as afunction of mean length at age. This parameter should be a negative number to provide
an inverse relationship between the difference in average length and smoothness of the selectivity
curve. If this parameter is set to zero there is no length effect, but the corstraint of the first
differenceis still used. James lanelli (U.S. NMFS, Seattle, USA, pers. com.,) suggests using the
penalties on the logarithm of the selectivity parametersto avoid scale-related problems and improve
the stability of the estimation procedure.
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where

|5, 1¢,and |} arethe weighting factors for the first, second, and third difference,
respectively, for gear type g,

y . » Isthe length-based weighting factor for gear type g,

S, .. ISthe selectivity to gear g for an individual of age a,
m, isthe mean length of an individual of age a, A is the maximum age in the model.

The weighting factors for the selectivity smoothness penalties in the previous assessment were 1, O,
1, and -1, for the first, second, and third differences, and the length-based penalty, respectively. A
weighting factor of 1000 was also applied to a monotonic penalty on gears that are considered to
have higher selectivities for the oldest individuals (e.g. the southern longline).

We use cross validation to select the appropriate smoothness penalties for the selectivity curves.
Cross validation involves using a subset of the data as a test data set. First, the remaining data (the
training data set) is used to estimate the model parameters, and then these parameters are used to
predict the test data set. The smoothness penalties that provide the predictions that are closest to the
test data set are chosen as the best penalties.

For choosing the appropriate smoothness penalties for the selectivity curve, the catch-at-length is
used as the data set for prediction. If selectivity is too rough the model may be fitting to noise (due
to random sampling error or changes in growth or selectivity) in the catch-at- length training data
set, and therefore will not be able to adequately predict catch-at-length in the test data set.
Intuitively, this supports using catch-at-length data, rather than other data used in the model (e.g.
indices of abundance).

Using the bigeye assessment of Maunder and Harley (2002), we randomly chose 20% of the catch-
at-length data to be the test data set and used the catch-at- length likelihood function as the measure
of closeness of the predicted values to the test data set. The likelihood function is a normal
approximation to the multinomial (Fournier et al. 1990) with sample size fixed based on
assumptions about the data.

The results indicated that weighting factors of 1 on the third difference was appropriate for domed-
shaped sdlectivities (e.g. purse-seine fisheries) and a weighting factor of 0.1 on the first difference
with a length-based penalty of -1 and a monotonic penalty of 1000 are appropriate for asymptotic
selectivity curves (e.g. longline fisheries). The results showed that a wide range of smoothness
penalties produced similar selectivity curves and estimates of management parameters. In general,
smoothness penalties that produced selectivity curves that were not jagged or over-smoothed (i.e.
too narrow) produced low cross validation scores and similar estimates of management parameters
(e.g. Table 1).

Analytical formula to re-weight length-frequency sample size

Unfortunately, inclusion of catch-at-age data in stock assessment models can have a large influence
on the estimates of trends in abundance (Maunder and Starr 1998). This occurs when the catch-at-
age data provide information on biomass that conflicts with the relative abundance trends (e.g. catch
per unit of effort (CPUE)). Catch-at-age data have been used to estimate fishing mortality rates (F)
using catchcurve analysis, and therefore should be expected to contain some information on
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abundance (which is related to catch divided by F). However, there are severa problems with
catch-curve analysis, including assumptions of constant recruitment and constant selectivity.
Therefore, several researchers have suggested modifying analyses to ensure that catch at-age data
provide information only on recruitment and selectivity, not abundance.

Fournier and Archibald (1982) suggest that the multinomial is an inappropriate representation of the
true estimation error because residuals from a catch-at-age anaysis include both observation and
process error (Williams and Quinn 1998). The multinomial distribution can represent the
observation (sampling) error only under the assumption of random sampling (Williams and Quinn
1998). Sampling designs generaly employed to collect fishery-related data generate age-
composition estimates that depart from the strict theoretical multinomial probability distribution
(Crone and Sampson 1998). The problem with catchat-age data is the lack of independence in the
data, which causes overdispersion. The lack of independence can be due to species schooling or
aggregating, producing positive correlations among individuals. Other causes of overdispersion are
parameter heterogeneity that is not modelled in the stock assessment and incorrect model structure.
The estimators of model parameters often remain unbiased in the presence of overdispersion, but
model-based theoretical variances are underestimated (McCullagh and Nelder 1989). However, this
Is not the case with multiple data types, because the variances affect the weighting among data
types and can influence estimates of model parameters.

Fournier and Archibald (1982) suggest that there is variability other than that due to multivariate
sampling and that the samples size used in the objective function should be limited to 400. (Note
that the more of the variability that is modeled, e.g. temporal changes in selectivity, the less the
sample size has to be decreased.) Williams and Quinn (1998) found that the effective sample size
for an assessment of Pacific herring was substantially less than the actual sample size, and even less
than the maximum of 400 suggested by Fournier and Archibald (1982). Williams and Quinn (1998)
sugged that since effective sample size can be much smaller than actual sample size, are-evauation
of the sample size requirements in catch-at-age models is needed. However, there have only been a
few studies of the appropriate sample size to use when including catch at-age data into stock
assessment models.

A general method to determine if the appropriate weighting factor (sample size for a multinomial-
based likelihood or standard deviation for a normal distribution based likelihood function) is to
compare the variance of the residuals (observed minus predicted) to the assumption about the
weighting factor. McAllister and lanelli (1997), used an iterative re-weighting method to determine
the effective sample size for catch at-age data when using a multinomial likelihood function. An
initial guess is made of the sample size, the model fit, and then the observed and predicted
proportions at age are used in the formula below to calculate the effective sample size. Thisis then
used in the model and the modél refit. The process is repeated until the effective sample size does
not change.

where p, isthe predicted proportion and p, is the observed proportion at age a.

We use McAllister and lanelli’s (1997) method to determine new sample sizes for each set (fishery
and time period) of lengthfrequency data. The original sample size used in the basecase was based
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on number of wells sampled for the surface gears. For longline we modified the sample size so that
the average sample size for the southern longline fishery was equal to the average sample size for
the surface fishery that had the maximum average sample size. For example, in the yellowfin
assessment, this involved dividing the longline sanple size by 25,143 for each length-fequency
time-fishery data set.

The reweighting method produces, on average, greater sample sizes for all fisheries (Table 2). The
sample size is increased, on average, between about 6 and 18 times for all fisheries except for the
northern longline fishery for yellowfin and both longline fisheries for bigeye. This indicates that the
purse-seine effective sample size is still less than the number of fish measured (about 50 per well)
and that the longline effective sample sizeis still substantially less than the number of fish
measured.

For yellowfin tuna, the estimates of management parameters from the reweighting sensitivity are
similar to the basecase, but the confidence intervals are much smaller (Figures 4 and 5). The
residuals of the fit to the length-frequency data are much more consistent with the assumptions and
sample sizes when using the iterative reweighting (Figures 6 and 7).

For bigeye tuna, the results from the re-weighting sensitivity are quite different to the basecase.
Recruitment is much more variable and generally more extreme and the estimates are much more
precise. Thereis alarge difference in the biomass trgjectories (Figure 8). The strong trend in effort
deviates (and therefore catchability) for the southern longline fishery, whose CPUE is standardized
and thought to reflect abundance, illustrates the tradeoff between the CPUE and catch-at- length data
(Figure9).

Creation of a method to allow missing data in environmental indices

Previous assessments have used the method of Maunder and Watters (2003b) to integrate the
environment-recruitment relationship into the stock assessment model. This method requires that
data are available for each time period. Previous assessments could not be initiated before 1980
because environmental data were not available before then. Thisis an undesired constraint and a
method was developed to allow environmental data to be integrated into the analysis even when
data are not available for each time period. This was carried out by fitting the estimated recruitment
to the predicted recruitment based on the environmental relationship, instead of making recruitment
afunction of the environmental data. This method is similar to that used by Fournier and Archibald
(1982) for integrating a stock-recruitment relationship into the population dynamics mode!.

The following describes the difference between the Maunder and Watters (2003b) method and the
new method.
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We found that for a model with data for every time period, the new and old method produced the
same results.

While investigating the new method we discovered that the error in variables problem applies. In
this case it may be informative to compare the results of predictive and calibration regression.
Predictive regression (i.e. error in the estimates of recruitment) can be implement with

g (MRl ngeolol) (o . ()

2
t=(} 25 | dex up 2S g

and calibration regression (i.e. error in the environmental index) implemented with

()

o (I- an[R/R])
a( q ) e

2
t={} 25

index

+|n(S ind@() +é.
t1{}

anNn

Calculation of two new management parameters. M SY, ¢ and SBRy

Maunder and Watters (2001) discuss how MSY (maximum sustainable yield) and the SBR
(spawning biomass ratio, the spawning biomass divided by the spawning biomass in an unexploited
population, SBRye) a MSY are dependent on the selectivity of the different fisheries and the effort
distribution among these fisheries. MSY can be increased or deceased by applying more or less
effort to one fishery or another. If the selectivity of the fisheries could be modified at will, there is
an optimum yield that can be obtained (Global MSY Beddington and Taylor 1973; Getz 1980; Reed
1980). Maunder (2002b) showed that the optimal yield can be approximated (usually exactly) by
applying a full or partial harvest at a single age. He termed this harvest MSY,¢ and suggested that
two thirds of MSY,&¢ may be an appropriate limit reference point (e.g. effort alocation and
selectivity patterns should produce MSY that is at or above 2% MSY,). The two thirds suggestion

was based on analyses in the literature that indicated the best practical selectivity patterns could
produce 70-80% of MSY,¢, that the yellowfin assessment at the time (Maunder and Watters 2002)
estimated that the dolphin fisheries in the EPO would produce about this MSY, and that two thirds
is aconvenient fraction.

MSY,e IS associated with a SBR that may also be an appropriate reference point. SBR. IS not
dependent on the selectivity of the gear or the effort allocation among gears. Therefore, SBR.«r may
be more appropriate than SBRysy for stocks with multiple fisheries, and should be more
precautionary because SBRes iS usualy greater than SBRysy. However, when recruitment is
assumed to be constant (i.e. no stock recruitment relationship), SBRrer may be dangerous because it
is possible that the age that produces MSY,¢ occurs before the individuals become fully mature.
Although it may be possible that a genera life history pattern, formed which growth is reduced or
natural mortality is increased when individuals become mature, may provide a growth and natural
mortality tradeoff after the age at maturity that will produce a SBR¢s that is protective of SBR. This
is observed for about 90% of the stocks described by Maunder (2002b). SBR.«s may be a more
appropriate reference point than generally suggested SBRy«, (€.9. SBR3oo, t0 SBRs0o, See section 5.1)



8

because SBR is calculated using the biology of the stock. However, SBRe may be sensitive
uncertainty in biological parameters such as the steepness of the stock-recruitment relationship,
natural mortality, maturity, fecundity, and growth.

For yellowfin tuna in the EPO, MSY,¢ is estimated to be 417 thousand metric tons, and SBR¢f is
estimated to be 0.44. If the total dfort in the fishery is scaled, without changing the allocation
among gears, so that the SBR at equilibrium is equal to SBRy, the equilibrium yield is estimated to
be only 1% less than MSY based on the current effort allocaion. This indicates that the SBRy¢f
reference point can be maintained without any substantial loss to the fishery. However, MSY at the
current effort allocation is only 61% of MSY .

For bigeye tuna, MSY,¢ is estimated to be 144 thousand metric tons, and SBR¢s is estimated to be
0.04. The low SBRy is afunction of the lack of inclusion of a stock-recruitment relationship in the
basecase model. This is also consistent with the critical age (18 quarters) being less than the age at
which 50% of the females are assumed to be mature. MSY at the current effort allocation is only
47% of MSY,¢. If the fishery was only exploited assuming the same selectivity pattern as the
southern longline fishery MSY would be 85% of MSY .

More research is needed to determine if reference points based on MSY,s and SBR« are
appropriate.

Neural network standardization of CPUE

The effectiveness of longline effort with respect to several tuna species is strongly affected by the
fishing depth of the gear, due to the preferences of the species with regard to habitat characteristics
(e.g. temperature and oxygen levels, Bigelow 2002). Since the mid-1970s, longlines have fished at
greater depths in atempts to increase catches of bigeye. Therefore, it is important that standardized
longline effort, which is used with catch to provide information on abundance, take into
consideration the depth of the longline and the relationship between this depth and the habitat
preference of the species.

There are numerous methods that have been used to standardize CPUE. Standardization using
generalized linear models (GLMs) is one of the most commonly used methods. GLMs are limited to
linear relationships between CPUE and the explanatory variables. An alternative to GLMs are
mechanistic models based on our scientific understanding about the relationship between CPUE and
the explanatory variables. These models may be complex and nonlinear. One such method that has
been used for billfish and tunas is the habitat-based standardization method (HBS) of Hinton and
Nakano (1996). GLMs and HBSs are two extremes of the possible methods used to standardize
CPUE. The GLM models use little information about the structure of the relationships between
CPUE and the explanatory variables and use statistical methods to estimate parameters of the
model. The traditional HBS assumes that the relationships between CPUE and the explanatory
variables, are known without error and use the current understanding and data to develop the HBS.
Hinton et al. (2001) developed a statistical HBS that allows the parameters of the sub- models used
in the HBS to be updated based fitting to the observed catch and effort data.

One limitation of the statistical HBS is that the structural form of the HBS is fixed, based on
scientific understanding. Often this understanding is based on other species or on the same species
in different oceans. It is possible that the structure of the HBS model is incorrect, which may cause
bias in the estimated year effects that are used in stock assessment models. Therefore, it would be
beneficial to develop amodel that has a flexible structure that can be estimated from the data.
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A neural network allows a very flexible structure to the relationship between dependent and
independent variables, and the data are used to estimate the relationship. Neural networks may be
viewed as black boxes that take in explanatory variables and output predictions, without providing
the ability to easily interpret the relationship between them. If the year effect isall that is desired
from the analysis, then as long as the neural network provides good estimates of the year effect,
neural networks could be used to standardized CPUE. Unfortunately, because of the difficulty of
interpreting the explanatory variables, a standard neural network that takes the year as an input
variable cannot be used. We have develop a method based on integrating a neural network with
GLM type categorical variables to standardize CPUE data. The year effect isincluded as a
categorical variable, and can be used as an index of relative abundance.

Analyses using several different methods to standardize CPUE (habitat-based methods, statistical
habitat-based methods, GLMs, and neural networks) have indicated that neural networks performed
aswell as or better than other methods based on cross-validation.

The variables included in the neural network were hooks per basket (a measure of depth), latitude,
longitude, and the water temperature and oxygen level at a series of depths. Only Japanese catch
and effort data are used in the CPUE analysis, because they include information on the number of
hooks per basket, provide the only consistent large area coverage of the distribution of yellowfin,
and represent the mgjority of the effort. The effort data used in the stock assessment models are
calculated by dividing the total catch for a fishery and time period by the corresponding CPUE
(year effect).

The neura network-standardized CPUE produced different trends in biomass for the bigeye tuna
assessment (Figure 10), but not for the yellowfin tuna assessment.

Likelihood profile approximation to forward projections

In previous assessments of tunas in the EPO, simulation studies, using the method described by
Maunder and Watters (2001), have been conducted to gain further understanding of how, in the
future, hypothetical changes in the amount of fishing effort exerted by the surface fleet might
simultaneoudly affect the stocks of tunas in the EPO and the catches of tunas by the various
fisheries. This method des not take parameter uncertainty into consideration. It considers only
uncertainty about future recruitment. A substantial part of the total uncertainty in predicting future
events is caused by uncertainty in the estimates of the model parameters and current status. This
uncertainty should be considered in any forward projections. Unfortunately, the appropriate
methods are often not applicable to models as large and computationally intense as the A-SCALA
and MULTIFAN-CL stock assessment methods. Therefore, we have used a normal approximation
to the likelihood profile that allows for the inclusion of both parameter uncertainty and uncertainty
about future recruitment. This method is implemented by extending the assessment model an
additional five years with effort data based on the average over 2001 and 2002, by quarter (or
combining effort with the estimated effort deviates to include more recent estimates of catchability).
No catch or length-frequency data are included for these five years. The recruitments for the five
years are estimated as in the assessment model with alognormal penalty with a standard deviation
of 0.6. Normal goproximations to the likelihood profile are generated for SBR, surface catch, and
longline catch.
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In general, the estimates from the normal approximation to the likelihood profile are the same as the
estimates using the previous method (Figures 11 and 12). The difference occurs in the confidence
intervals, which are much larger for the likelihood profile method, particularly for the first year of
the projections. These estimates of the confidence intervals are more realistic because they include
parameter uncertainty.

Discussion

We present several improvements to the assessments of tunas in the EPO. Many of these
improvements are based on initial analyses, and further analyses may be necessary to ensure that the
best available methods are used. For example, the confidence intervals are unrealistically small
when using the iterative reweighting to determine length-frequency sample size. We hope that this
document will provide a starting point for these analyses.
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Table 1. Results from the bigeye tuna application with different weighting factors for the first

difference. Bold numbers represent the minimum values for the cross validation (C-V) scores.

0.01 0.05 01 05 1 2 10
PSC-V 108.28 105.77 10582 110.01 11438 123.81 150.04
LL C-V 0.64 2.04 2.19 4.25 4.05 518 1444

Total C-V 108.91 107.81 108.02 11426 11843 12898 164.49
Scaled C-V 281 6.60 701 1264 1214 1530 40.74

MSY 69808 67923 62809 58845 58043 63046 68083
SusVS 0.18 0.18 0.19 0.22 0.22 0.28 0.27
Sur 60931 68775 53548 75102 62398 37475 31342
Sur/Susy 244 2.50 2.08 2.15 1.86 0.97 0.83

Fscale 161 1.63 1.38 1.33 117 0.70 0.64
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Table 2. Sample sizes assumed in the EPO yellowfin and bigeye tuna 2003 assessments and
the sample sizes calculated using the iterative reweighting procedure.

Y ellowfin Bigeye
Fishery Basecase Reweghted Average Basecase Reweighted Average
scaling scaling
factor factor
1 8.38 41.39 8.72 3.8 46.3 15.8
2 554 39.28 14.11 13.8 162.8 14.4
3 12.95 51.77 5.53 12.4 132.3 14.8
4 8.56 63.04 10.64 2 29.1 16
5 28.68 147.61 6.13 7.3 994 155
6 21.84 85.80 5.57 6.5 58.2 14
7 35.31 287.96 11.08 31 41 17.6
8 32.59 247.72 9.23 5.8 190.6 229.9
9 8.45 115.36 17.55 13.8 870.7 106.9
10 11.98 76.99 9.24
11 4.06 150.10 88.10

12 35.31 314.03 15.48
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Figure 1. Average quarterly age-specific fishing mortality used in the yield calculations and
projections for the EPO bigeye tuna 2002 (Maunder and Harley 2002) basecase (solid line) and
sengitivity analysis (dashed line). The basecase is based on average catchability over the whole
modeling time period and the sensitivity is based on average catchability over the last two years.
The shaded area represents the 95% confidence intervals for the estimated average quarterly age-
specific fishing mortality used in the sensitivity analysis.
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Figure 6. Deviates of the fit to the length-frequency data when using the basecase sample sizes for
the yellowfin tuna assessment.
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Figure 7. Deviates of the fit to the length-frequency data when using the basecase sample sizes for
the yellowfin tuna assessment.
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Figure8. Comparison of estimates for bigeye tuna of the spawning biomass ratio (SBR) from the base case
and with the length frequency sample sizes based on the iterative reweighting procedure. The horizontal
lines represent the SBR associated with AMSY .
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Figure 10. Comparison of estimates for bigeye tuna of the spawning biomass ratio (SBR) from the base case
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Figure 11. Projections for yellowfin tuna using the old method that only includes uncertainty in
future recruitment.
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Figure 12. Projections for yellowfin tuna using the normal approximation to the likelihood profile
method that includes uncertainty in future recruitment and parameter uncertainty.



