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Abstract

Catch per unit effort (CPUE) is often used as an index of relative abundance in fisheries stock assessments. However, the trends in nominal CPUE
can be influenced by many factors in addition to stock abundance, including the choice of fishing location and target species, and environmental
conditions. Consequently, catch and effort data are usually ‘standardized’ to remove the impact of such factors. Standardized CPUE for bigeye tuna,
Thunnus obesus, caught by the Taiwanese distant-water longline fishery in the western and central Pacific Ocean (WCPO) for 1964-2004 were
derived using three alternative approaches (GLM, GAM and the delta approach), and sensitivity was explored to whether catch-rates of yellowfin
tuna and albacore tuna are included in the analyses. Year, latitude, and the catch-rate of yellowfin explained the most of the deviance (32-49%,
depending on model configuration) and were identified consistently among methods, while trends in standardized catch-rate differed spatially.
However, the trends in standardized catch-rates by area were found to be relatively insensitive to the approach used for standardization, including

whether the catch-rates of yellowfin and albacore were included in the analyses.

© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Bigeye tuna (Thunnus obesus Lowe, 1839) is a commer-
cially important species that is widely distributed in tropical and
sub-tropical waters of the Atlantic, Indian, and Pacific Oceans.
Bigeye can be found between northern Japan and the North
Island of New Zealand and from 40°N to 30°S in the Pacific
Ocean (Matsumoto, 1998). Adult bigeye are caught mainly
by longline vessels, but a large number of juveniles are also
taken by other fishing gears, including purse seines (Sun et al.,
2001).

The total longline catch of bigeye in the western and central
Pacific Ocean (WCPO) varied between 40,000 and 60,000 mt
during the 1980s (Hampton et al., 2006), and increased substan-
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tially thereafter to 90,000 mt (Fig. 1). Taiwanese distant-water
tuna longline fleets have operated throughout the Atlantic,
Pacific and Indian Oceans since the late 1960s. In the WCPO,
Taiwanese offshore longline vessels, based at both domestic (pri-
marily Tungkang) and foreign fishing ports, have landed bigeye
(Sun et al., 2001).

Despite the fact that the Taiwanese distant-water longline
fishery provides data for a substantial fraction of the WCPO
and catches by this fishery have increased markedly since the
late 1990s (Fig. 1), data from Taiwan have only been used to a
limited extent in the assessment and management of bigeye in
this region. It is thus appropriate to identify the key factors that
may influence catch-rates of bigeye by the Taiwanese distant-
water longline fishery, and hence develop a potential index of
bigeye abundance using the catch and effort data for this fishery
for possible inclusion, along with standardized catch-rate indices
based on Japanese longline data, into the stock assessment for
this species.
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Fig. 1. Annual catches of bigeye (1951-2004) by various fleets in WCPO.

A variety of methods for analyzing catch and effort data have
been developed (e.g. see the overview in Maunder and Punt
(2004)), including generalized linear models (GLMs), gener-
alized additive models (GAMs), and the delta approach. The
objectives of this study are: (1) to use multiple analysis tech-
niques to assess how robustly the factors that might influence
the catch-rates of the Taiwanese distant-water longline fishery
for bigeye can be identified, and (2) to identify how sensitive
standardized catch-rates, in this case for bigeye based on data
for the Taiwanese distant-water longline fishery in the WCPO,
are to the choice of analytical framework for catch-effort stan-
dardization.

2. Materials and methods
2.1. Data

Catch and effort data, expressed as the number of fish
caught and the number of hooks employed, respectively, were
obtained for the Taiwanese distant-water longline fishery in the
WCPO from the Overseas Fisheries Development Council of
the Republic of China. The tuna catch by this fishery consists
of three species, bigeye, albacore (Thunnus alalunga), and
yellowfin (Thunnus albacares), and this fishery also catches
swordfish, billfishes and sharks, although these latter species
are not considered in the analyses of this paper. The data were
compiled by year, month and 5° x 5° latitude and longitude grid
cell for the period 1964-2004, with catch-rate expressed as the
catch in number per 1000 hooks. In addition to catch and effort
information, each monthly record also includes temporal (year
and month) and spatial information (latitude and longitude), and
data on sea surface temperature (SST) and mixed layer depth
(MLD). The SST data for 1964-2004 (2° x monthly resolution)
were obtained from the NOAA/ERSST/V2 dataset provided
by the NOAA/OAR/ESRL PSD (http://www.cdc.noaa.gov/)
while the MLD data for 1964-2003 (2° latitude by 5°
longitude resolution) were obtained from the Joint Envi-
ronmental Data Analysis Center (http://jedac.ucsd.edu/)
and those for 2004 (10min resolution) from the dataset
http://web.science.oregonstate.edu/ocean.productivity/input-
MldData.php. The SST and MLD data were averaged to 5° grid
cells to match the resolution of the fishery data.

2.2. Covariates and error models

The covariates considered in the analyses were selected
based on their likely impact on bigeye catch-rates, given the
results of previous studies (e.g. Sun and Yeh, 2001; Rodriguez-
Marin et al., 2003; Okamoto et al., 2004). These covariates
are: year, month, latitude and longitude, SST, MLD, and the
catch-rates of albacore and yellowfin. Catch-rates of albacore
and yellowfin (denoted YFT_-CPUE and ALB_CPUE, respec-
tively) were included in the analyses because these species
are also targeted by the Taiwanese distant-water longline fish-
ery (Ortiz, 2005; Langley et al., 2005). Including the catches
(or catch-rates) of alternative target species is fairly common
when standardizing catch and effort data (e.g. Okamoto et al.,
2004; Ortiz, 2005; Andrade et al., 2005) and provides one
mechanism for identifying differences over time in species
targeting practices (e.g. Stephens and MacCall, 2004). Anal-
yses are conducted separately for each of five fishing areas
(Fig. 2) to account for the possibility that the relationship
between the covariates and catch-rate is not constant through-
out the WCPO. The five-area stratification in Fig. 2 was
used by Hampton et al. (2003) to separate the tropics, where
both surface and longline fisheries occur year-round, from the
higher latitudes, where the longline fisheries occur more season-
ally.

Two-way interactions among the main factors (except year)
are examined in the GLM analyses, with the interactions selected
using backward stepwise methods. Sensitivity is also explored
to omitting the catch-rates of yellowfin and albacore owing to
the possibility that inclusion of these covariates could lead to
biased estimates of trends in standardized catch-rate (Maunder
and Punt, 2004).

All of the analyses are based on the assumption that catch-rate
is lognormally distributed after log-transformation (and per-
haps after the addition of a small constant). Examination of
plots of standardized residuals and quantile—quantile plots pro-
vide no evidence for violation of this assumption (results not
shown).

2.3. Generalized linear model

Generalized linear models (GLMs; Nelder and Wedderburn,
1972) are the most commonly used approach for standardizing
catch and effort data (Maunder and Punt, 2004). A GLM assumes
that the expected value of a transformed response variable is
related to a linear combination of exploratory variables (Guisan
et al., 2002), i.e.:

g(ui) = X7 B,

where g is the differentiable and monotonic link function,
wi=E(Y;), X; is the vector that specifies the explanatory vari-
ables for the ith value of the response variable, g is a vector of
estimable parameters, and Y; the ith response.

The GLM on which the analyses of this paper was based set
the response variable to be the natural logarithm of the bigeye
catch-rate +0.1; 0.1 being added to avoid taking the logarithm
of zero. All of the explanatory variables were treated as being
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Fig. 2. Distribution of fishing effort (number of hooks) by the Taiwanese distant-water longline fishery (aggregated over 1964-2004 and classified into five levels).

The numbers denote the five fishing areas.

categorical when applying the GLM. The continuous variables
(catch-rates of yellowfin and albacore, SST and MLD) were
transformed into categorical variables by splitting them at their
quantiles. The full GLM (including interactions) is:

In(CPUEggT + 0.1)~Year + Month + SST + MLD
+YFT_CPUE + ALB_CPUE + Interactions.

2.4. Generalized additive model

Generalized additive models (GAMSs; Hastie and Tibshirani,
1990) are a semi-parametric extension of GLMs, with the under-
lying assumption that the response variable is related to smooth
additive functions of the explanatory variables (Guisan et al.,
2002). The strength of the GAM approach is its ability to
deal straightforwardly with non-linear relationships between the
dependent variable and multiple explanatory variables rather
than being constrained by the parameterization associated with
a GLM (Sacau et al., 2005). A GAM can be expressed as:

P
gu) =+ > _fiX),

j=1

where f; is a smooth function, such as a spline or a loess smoother.

In the GAM analyses, year and month were treated as fac-
tors while the remaining covariates (including the logarithms
of catch-rates of the other tuna species) were treated as contin-
uous variables. One was added to the catch-rates of yellowfin
and albacore prior to their inclusion in the GAM analysis. The
continuous covariates are included in the GAM analyses as
smoother functions with four degrees of freedom (to roughly
mimic the degrees of freedom for each main effect in the GLM
analyses).

Two approaches are used to handle the fact that the catch of
bigeye was zero for some of the 5° grid cells even though there
was some fishing effort for these cells.

(1) The logarithm of the catch-rate of bigeye +0.1 was treated
as the response variable, i.e.:

In(CPUEggT + 0.1)~Year + Month
+s(Latitude) 4 s(Longitude) + s(SST) + s(MLD)
+s(YFT_CPUE) + s(ALB_CPUE);

where s(x) denotes a spline smoother (with four degrees of
freedom) function of the covariate x.

(2) The probability of obtaining a non-zero catch and the catch-
rate given that the catch is non-zero were modeled using
separate GAMs, i.e. following the two-stage procedure out-
lined by Lo et al. (1992), Stefansson (1996), and Ortiz and
Arocha (2004). The data on presence or absence of big-
eye was modeled using logistic regression (the P/A model),
while the records for which the catch-rate was positive were
modeled assuming a lognormal distribution for the response
variable (the CPUE model). The P/A and CPUE models
are:

P/A~Year + Month + s(Latitude) + s(Longitude)
+s(SST) 4+ s(MLD) + s(YFT_CPUE)
+s(ALB_CPUE) + Effort, and

In(CPUEgEgT)~ Year + Month + s(Latitude)
+s(Longitude) + s(SST) + s(MLD) + s(YFT_CPUE)
+s(ALB_CPUE);

where P/A is one if at least one bigeye was caught and zero

otherwise.

The P/A model includes effort as a covariate because the
probability of obtaining a zero catch in a particular grid cell is
expected to depend on the amount of effort expended.
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Fig. 3. Proportion of total catch (in numbers; 1964-2004) by the Taiwanese
distant-water longline fishery which consisted of albacore, bigeye, and yellowfin.

2.5. Comparing alternative models and extracting the year

effect

Alternative model structures (i.e. different choices for covari-
ates and two-way interactions among covariates) within each
analysis technique (GLM, GAM, and delta) can be compared
using standard methods (changes in the residual deviance, like-
lihood ratio tests, the Akaike Information Criterion (AIC), and
the Bayesian Information Criterion (BIC)). However, although
based on the same data set, the results of the GLM and GAM
analyses cannot be compared directly using likelihood ratio tests
because neither is nested within the other. Therefore, the alterna-
tive model structures based on different approaches to analyzing
the catch and effort data are compared using a variety of cri-
teria, viz.: AIC, BIC, the pseudo-coefficient of determination
(pseudo-R?), and the adjusted pseudo-R? (Swartzman et al.,
1992):

residual deviance

Pseudo-R* = 1 -
null deviance

residual deviance /degree of freedom
Adjustedpseudo—Rzzl— 4 v /deg

null deviance/degree of freedom
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Fig. 5. Annual fishing effort (number of hooks) during 1964-2004 for the Tai-
wanese distant-water longline fishery.

The standardized catch-rate index was estimated by extract-
ing the year effect in the GLM and GAM models. For the delta
approach, the results from the P/A and CPUE models were com-
bined by multiplying the indices of year effects for each model to
yield an overall standardized catch index (Wise and Bromhead,
2004).

All of the analyses were conducted by using R version 2.4.1
(R Development Core Team, 2000).

3. Results

The analyses are based on 10,334 records, of which 8843 had
a positive catch of bigeye. The fishing effort for the Taiwanese
distant-water longline fishery occurred mainly in the area 5 (the
south-central Pacific; Fig. 2) because, except during the most
recent years, the primary target species of this fishery was alba-
core (Fig. 3). The highest nominal catch-rates of bigeye occur in
area 3 (the central tropical Pacific; Fig. 4), suggesting that spatial
covariates are likely to be important in determining catchability
for the Taiwanese distant-water longline fishery in the WCPO.
Furthermore, there has been a shift in the spatial distribution
of this fishery, with substantially more effort occurring in the
tropical areas (10°N—10°S) since 2000 (Fig. 5).
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Fig. 4. Distribution of nominal CPUE of bigeye by the Taiwanese distant-water longline fishery (1964-2004, classified into five levels).
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Table 1
Summary statistics for the GLM, GAM and delta methods applied to catch and effort data for bigeye caught by the Taiwanese distant-water longline fishery in area 5
Null deviance Null d.f. Res. deviance Res. d.f. Pseudo-R? Adjusted-R? AIC BIC
GLM + two-way interactions
Model 1? 7536.5 5664 5073.6 5599 0.327 0.319 15586 16031
Model 2" 7536.5 5664 4626.1 5587 0.386 0.378 15087 15612
Model 3¢ 7536.5 5664 4567.7 5575 0.394 0.384 15039 15643
GLM
Model 1 7536.5 5664 5097.6 5607 0.324 0.317 15597 15989
Model 2 7536.5 5664 4663.3 5604 0.381 0.375 15098 15510
Model 3 7536.5 5664 4630.2 5601 0.386 0.379 15064 15496
GAM
Model 1 7536.5 5664 4884.8 5597 0.352 0.344 15375 15754
Model 2 7536.5 5664 4394.2 5593 0417 0.410 14784 15169
Model 3 7536.5 5664 4256.6 5589 0.435 0.428 14611 15003
Delta CPUE
Model 1 4061.5 4767 2338.1 4700 0.424 0.416 10271 10640
Model 2 4061.5 4767 2187.3 4696 0.461 0.453 9961 10337
Model 3 4061.5 4767 2065.0 4692 0.492 0.483 9695 10077
Delta P/A
Model 1 4950.2 5664 3225.5 5596 0.348 0.340 3364 3742
Model 2 4950.2 5664 3047.2 5592 0.384 0.376 3193 3578
Model 3 4950.2 5664 3037.9 5588 0.386 0.378 3192 3584

2 Includes an SST:MLD interaction.
b Includes SST:-MLD and SST:YFT_CPUE interactions.
¢ Includes SST:MLD, SST:ALB_CPUE, and YFT_CPUE:ALB_CPUE interactions.

Table 2
Analysis of deviance table for the GLM (excluding the interactions), GAM, and delta approaches
Predictors GLM GAM Delta CPUE Delta P/IA

4Dev P(Chisq) 4Dev P(Chisq) 4Dev P(Chisq) 4Dev P(Chisq)
<NULL> 7536.5 7536.5 4061.5 4950.2
+Year 2096.9 <.001 2096.9 <.001 1434.7 <.001 352.9 <.001
+Month 214 0.007 214 0.007 29.9 <.001 27.8 0.003
+Latitude - - 396.1 <.001 169.1 <.001 147.5 <.001
+Longitude - - 79.8 <.001 47.8 <.001 40.0 <.001
+SST 320.3 <.001 50.9 <.001 36.7 <.001 474 <.001
+MLD 0.2 1 6.6 0.1 53 0.02 5.8 0.2
+YFT_CPUE 434.4 <.001 490.6 <.001 150.9 <.001 380.7 <.001
+ALB_CPUE 33.0 <.001 137.6 <.001 122.2 <.001 125.8 <.001
+Effort - - - - - - 784.5 <.001

Results are shown in this table for Model 3 and area 5. 4Dev denotes the change in deviance.

Table 3
The impact on the explained deviation and BIC of dropping each main effects factor from the GLM (excluding the interaction terms), GAM, and delta models
Predictors GLM GAM Delta CPUE Delta P/A

“Dev 4BIC “Dev 4BIC “Dev 4BIC “Dev 4BIC
<NULL> 4630.2 15496 4256.6 15003 2065.0 10077 3037.9 3584
—Year 20.6% 4.6% 16.7% 3.5% 27.4% 8.1% 19.1% 6.6%
—Month 0.9% —0.3% 0.6% —0.4% 0.5% —0.7% 0.5% —2.2%
—Latitude - - 0.8% 0.2% 1.3% 0.5% 0.5% 0.0%
—Longitude - - 1.7% 0.5% 2.5% 1.0% 0.8% 0.2%
—SST 2.8% 0.8% 0.5% 0.1% 0.9% 0.3% 0.3% —0.2%
—MLD 0.1% —0.1% 0.1% —0.1% 0.1% —0.1% 0.3% —0.1%
—YFT_CPUE 9.5% 3.2% 10.6% 3.7% 6.2% 2.7% 5.7% 4.5%
—ALB_CPUE 0.7% 0.1% 3.2% 1.1% 5.9% 2.6% 0.3% —0.1%
—Effort - - - - - - 25.8% 21.6%

Results are shown in this table for Model 3 and area 5. “Dev and 4BIC denote the change in deviance and in BIC respectively.
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Fig. 6. Impact of the main effects (in log-space) on the catch-rate of bigeye by Taiwanese distant-water longline fishery in area 5. The upper panels show the estimates
of the year and month factors from the GLM and GAM for Model 3. The lower panels show the estimated GAM smoothers (curves) and GLM factors (vertical and
horizontal bars) for the continuous covariates from this Model. The widths of the horizontal bars indicate the ranges for each continuous variable covered by each
categorical factor level.
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3.1. Results for area 5

Tables 1-3 and Figs. 6-8 summarize the results of applying
various analysis methods to the data for area S (the area with the
greatest amount of effort; Fig. 2). The results for the remaining
areas are qualitatively identical to those for area 5.

Table 1 compares the fits of several variants of each of the
analysis methods (GLM, GAM, delta) using the deviance, the
pseudo-R2, the adjusted pseudo-R?, and AIC and BIC. Table 1
includes three models based on how the species covariates are
included in the analyses: the species covariates are ignored
(Model 1), only the catch-rate of yellowfin is used (Model 2), and
the catch-rates of both yellowfin and albacore are used (Model

3). Results are shown in Table 1 for GLMs that ignore interac-
tions and those that include the two-way interactions selected
using backward selection. Note that the GLMs do not include
latitude and longitude as main effects, while only the delta P/A
model includes effort as a covariate. Although the GLM and
GAM models are not identical structurally (e.g. the GLM mod-
els do not include latitude and longitude and the GLM and GAM
treat the continuous variables differently), AIC and BIC indicate
that the GAM models provide better fits to the data (Table 1).
The models with interactions lead, as expected, to higher frac-
tions of the deviance explained, and is selected over the models
without interactions by AIC. However, BIC, which imposes a
larger penalty on highly parameterized models when there are
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Fig. 8. Relative catch-rates for area 5 based on the GLM, GAM and delta approaches. Results are shown for Models 1-3. GLM +denotes GLM including the
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many data points, selects the models without interactions over
those with interactions (Table 1). Furthermore, except for the
P/A model based on BIC, the two information criteria support
inclusion of the species covariates (Model 3).

All of the main effects, except for MLD, were significantly
different from zero at a=0.01 for Model 3 (Table 2). Leav-
ing year (all analysis methods), effort (delta P/A model), and
the catch-rate of yellowfin tuna (GAM and delta models) out
of the analyses led to the largest increases in deviance and
BIC (Table 3). Leaving month and MLD out of the analy-
sis led to only minor reductions in explained deviance, but

to lower (i.e. better) values for BIC. Although largely unnec-
essary given their low explanatory power, month and MLD
are retained in the models explored in the remainder of this
paper.

Fig. 6 compares the estimates of the year and month fac-
tors from the GLM (no interactions) and the GAM, along with
the smoothers for SST, MLD, and the catch-rates of albacore
and yellowfin (GAM analysis) and the factor estimates for these
covariates (GLM analysis). The results in Fig. 6 are based on
Model 3 (the model that includes covariates for the catch-rates
of yellowfin and albacore). The year and month factors are very
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similar between the GLM and GAM, with both exhibiting a
marked decline during the late 1980s (Fig. 6a). In contrast, there
is little change over month in the month factor. The values of
the factors from the GLM generally follow the trends in the
smoothers for MLD and yellowfin catch-rate and to a lesser
extent for albacore and SST (Fig. 6b). The discrepancy between
the factor estimates and the smoother predictions for SST is
reduced substantially if longitude and latitude are omitted from
the analysis. This is not surprising because SST and latitude (in
particular) are closely related.

The patterns in the smoothers in the delta CPUE model are
very similar to those for the GAM in Fig. 6, while the patterns
for delta P/A model have the same qualitative features as for
those for the GAM, except (and as expected) that there is strong
positive relationship between the probability of capturing at least
one bigeye and effort (results not shown).

Other, more striking, features of Fig. 6 are that catch-rates
of bigeye are highest in colder (<25 °C) water and when catch-
rates of yellowfin are high. In contrast, there is little relationship
between MLD and catch-rates of bigeye, while the GAM and
GLM differ in terms of whether catch-rates of bigeye are
increased when the catch-rate of albacore is low. The values for
the main effects are not impacted by including the catch-rates for
yellowfin and albacore in the analysis, with one notable excep-
tion; the latitude smoother is much flatter when account is taken
of the species catch-rates (Fig. 7).

The standardized catch-rate indices for area 5 are generally
fairly insensitive to the choice of analytical framework (GLM —
with or without interactions, GAM, and delta) and to whether
the catch-rates of yellowfin and albacore are included in the
analyses (Fig. 8). The exceptions to this are that Model 1 pre-
dicts a slightly more rapid decline in standardized catch-rate
before 1970 (Fig. 8a), while the delta model that includes the
catch-rates of yellowfin and albacore also predicts a more rapid
decline over these years than the GLM and GAM approaches
(Fig. 8b).

3.2. Inter-area comparisons

The proportion of records with a positive catch of bigeye
dropped during the 1990s from values close to one, especially for
areas 2 and 4, but increased again towards the end of the period
considered in the paper (Fig. 9). The nominal (and standardized)
catch-rates differ markedly among areas (Fig. 10). The trends
in standardized catch-rate over time for area 3 (where bigeye
catch-rates are highest) are similar to those for area 5, although
the rate of decline and subsequent recovery in catch-rate for area
3 is greater than for area 5. There is some evidence for a decline
and later recovery in catch-rates for areas 1, 2 and 4, but the data
are very noisy. The trends in standardized catch-rate for all areas
are not particularly sensitive to the choice of analytical frame-
work, whether two-way interactions are included in the GLM
analyses, and whether the catch-rates of yellowfin and albacore
are included in the analyses. The standardized catch-rates gen-
erally track the nominal catch-rates fairly closely. However, and
as expected, the standardized catch-rates tend to be less extreme
than the nominal catch-rates.
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Fig. 9. The proportion of positive catches for the Taiwanese distant-water long-
line fishery in the WCPO.

4. Discussion

Historically, GLM methods have been used to standardize
fisheries catch and effort data (e.g., Punt et al., 2000a; Sun and
Yeh, 2001; Rodriguez-Marin et al., 2003). However, in more
recent years, GAM methods, and methods that analyze the prob-
ability of a zero catch and the catch-rate given that the catch is
non-zero separately have been used more regularly (Maunder
and Punt, 2004; Wise and Bromhead, 2004). In this study, non-
linear relationships between the response variables and latitude,
SST and MLD were identified. All three approaches (GLM,
GAM and the delta method) can handle non-linear relation-
ships between catch-rates and explanatory variables. This is
achieved within the GLM approach by discretizing continuous
variables and treating them as fixed effects factors, while the use
of smooth additive functions within the GAM approach allows
for non-linear relationships. One benefit of the GAM way of
handling non-linear relationships is that there are no discon-
tinuities in the impact of covariates, and the selection of the
number of parameters is more straightforward. However, the
trends in standardized catch-rate are similar between the GAM
and GLM (Figs. 8 and 10), indicating a robustness to the choice
between the GLM and GAM given the different ways they han-
dle continuous variables that are related in a non-linear way to
catch-rates.

The catch-rates of yellowfin and albacore were taken to be
covariates and fairly strongly relationships between the catch-
rates of these species and that of bigeye were identified (Fig. 6).
In this study, the impact of latitude appears to be confounded
to some extent with that of the catch-rate of yellowfin (Fig. 7),
possibly suggesting that operational and targeting practices dif-
fer spatially. Care should, however, be taken when including
catches and catch-rates of species that are closely related to the
species of interest and are by-caught at the same time, as covari-
ates in catch-effort standardizations because this can bias the
estimates of the year factors (Maunder and Punt, 2004). Specif-
ically, yellowfin have shown a marked decline in the component
of population vulnerable to longline gear (Langley et al., 2005).
Given that, the inclusion of this species in the analyses may result
in a bias in standardized CPUE for bigeye. The effect of this bias
is unlikely to be large in this case, however, because the results
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Fig. 10. Nominal (open dots) and standardized (lines) catch-rates by model and area. GLM + denotes GLM including the interactions selected.

are fairly insensitive to whether the catch-rates of yellowfin and
albacore are included in the analyses (Fig. 8a).

Including interactions in catch-effort standardizations has
become more common recently (e.g. Maunder and Punt, 2004).
The most common interactions are among year, month, and area.
However, identifying significant interactions between year and
other factors means that it is no longer straightforward to use the
year factor as a relative index of abundance (Maunder and Punt,
2004). In this study, the data clearly indicate year—area inter-

actions (Figs. 9 and 10) which led to separate analyses being
conducted for each of five areas in Fig. 2. As such, the analyses
of this paper treat all of the factors as interactions with area. Use
of the results of this paper as an index of abundance will either
require the use of spatially-structured assessment model (Punt
et al., 2000a; Hampton et al., 2006), selecting one (or two) of
the five areas as being most representative of bigeye abundance,
or weighting the catch-rate indices for each area by a measure
of habitat (Punt et al., 2000b; Bigelow et al., 2002). Inclusion of
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other two-way interactions did not lead to better fits to the data
according to BIC, even for the area with the largest number of
data points (Table 1).

The measures of standardized catch-rate (Fig. 10) could be
used as indices of relative abundance in stock assessments,
as the effects of temporal, spatial and environmental effects
on catchability have been removed. However, even after stan-
dardization, care needs to be taken when including catch-rate
indices in stock assessments because the analyses ignore some
potentially important factors. For example, the standardization
analyses of this paper ignore changes in how the gear is used
and deployed. Specifically, although data exist on the number
of hooks between floats, these data could not be included in
the analyses because this information is not available for the
entire period 1964-2004. Changes in gear usage are, however,
likely to be correlated with targeting practices so the inclu-
sion of the catch-rates of yellowfin and albacore in the models
might be able to capture some of the changes in gear usage,
at least implicitly. For example, the Taiwanese distant-water
longline fishery has shifted to tropical areas in recent years,
which has led to a reduction in the proportion of albacore in
the catches (Fig. 3). Although SST and MLD were included
in the analyses, other environmental and oceanographic vari-
ables exist that, if available, could help evaluate changes in
catchability further. These variables are, however, likely to be
correlated with SST, so including SST in the analyses may be
sufficient (Watters and Maunder, 2001; Lu et al., 2001; Lee et
al., 2005).

In summary, a variety of methods (GLM, GAM, and delta)
were applied to standardize the catch-rates of bigeye in the
Taiwanese distant-water longline fishery. All of these meth-
ods provided fairly similar results (Figs. 8 and 10), suggesting
that although the methods differ conceptually, they are all suffi-
ciently flexible to capture the key features of the data. Moreover,
although the information criteria support inclusion of the catch-
rates of other species and there is a fairly strong relationship
between the catch-rate of bigeye and that of yellowfin (Fig. 6),
the qualitative impression of how standardized catch-rate has
changed over time is robust to whether these covariates are
included in the analyses. In contrast, the results of these analy-
ses highlight the importance of spatial factors (Figs. 9 and 10),
as the data support different trends in standardized catch-rates
(and perhaps abundance) in different areas. In principle, some
of the indices in Fig. 10 (e.g. for area 3) could be included
along with indices of standardized CPUE for Japanese long-
liners in stock assessments, although care needs to be taken
because of the potential for catch-rate indices not to track
abundance.
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