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Relative abundance indices of the Japanese longline fishery for bigeye and yellowfin tuna 
in the western and central Pacific Ocean 

 
Keith A. Bigelow1, Adam D. Langley2 & Toby Patterson3 

 
 

SUMMARY 
 
Alternative time-series estimates are provided for effective effort and relative abundance indices 
for bigeye and yellowfin tuna in the western and central Pacific Ocean. Results are illustrated for 
three standardization approaches: general linear model (GLM), habitat-based standardizations 
(HBS); and a statistical habitat-based standardization (statHBS). The habitat-based 
standardization approach is further developed by including contemporary information of habitat 
preferences for bigeye tuna based on archival and pop-up satellite archival tags (PSAT). 

1. Introduction 
 
Catch and fishing effort data from the Japanese longline fleet have been a key component of the 
fishery data used in the recent stock assessments of yellowfin and bigeye tuna in the western and 
central Pacific Ocean (Hampton et al. 2003a & 2003b). The assessments have been undertaken 
using MULTIFAN-CL (MFCL) software (Fournier et al. 1998) and have stratified the fishery into 
five areas (Fig. 1). 
 
Areas 1–3 represent the most fishing effort and the largest tuna catch for the Japanese longline 
fishery (Table 1). Most of the WCPO yellowfin catch was taken in MFCL areas 2 and 3, whereas 
bigeye catch was highest in areas 1 and 3.  
 
For MFCL areas 2–4, the proportion of records with no yellowfin or no bigeye was low (<2.7%, 
Table 1). In comparison, catch and effort records for MFCL area 1 had a relatively high 
proportion (~15%) of null yellowfin catches. The proportion of null bigeye records was also 
higher in this area (~7%). The proportion of null catch records for both species in MFCL area 5 
averaged ~6% but was relatively high in some years. 
 
In the 2003 assessments,  separate analyses were conducted using different estimates of longline 
effective (or standardized) effort (Hampton et al. 2003a & 2003b). The effort series used were 
those estimated using a general linear model (GLM, Langley 2003), two deterministic habitat-
based standardizations (HBS, Bigelow et al. 2003), and a statistical habitat-based standardization 
(statHBS, Bigelow et al. 2003). Two additional assessments were conducted using annual 
increases of fishing power assumptions of 1% for longline and 4% for purse seine fisheries.  
 
Results of the 2003 bigeye assessment indicated that the trend in effective effort was similar to 
the trend in nominal fishing effort for each of the three standardization methods. Trends in 
effective and nominal effort were also similar for the GLM yellowfin assessment; however, the 
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HBS and statHBS predicted a considerable decline in the effective effort for yellowfin from the 
late 1970s to the 1990s due to the shift to deeper longline sets.  
 
This paper provides a comparison of three standardization approaches (GLM, HBS and statHBS) 
to estimate effective effort and relative abundance indices of the Japanese longline fishery for 
bigeye and yellowfin tuna in the western and central Pacific Ocean. The HBS and statHBS 
standardization methods are extended by incorporating contemporary information of habitat 
preferences for bigeye tuna based on archival and pop-up satellite archival tags (PSAT). 

2. Dataset 
 
Two datasets from the Japanese longline fleet were used in the effort and catch-per-unit-effort 
(CPUE) standardization. Data were aggregated by month and 5° of latitude and longitude 
resolution at the National Research Institute of Far Seas Fisheries. The region of interest was the 
five-area MFCL stratification from 120°E to 150°W and 35°S to 45°N (Fig. 1).  
 
Dataset 1 was compiled to compare model results for the period from 1975 to 2002 when gear 
configuration information (number of hooks between floats of the longline gear, HBF) was 
available. Variables in the model included year, month, latitude, longitude, each individual HBF 
category; the total number of hooks set and the catch of yellowfin and bigeye in number of fish. 
Data corresponding to 5 to 22 HBF categories were used in modeling the effort series.  
 
Dataset 2 was compiled from 1952 to 2002 to reflect the entire historical time-series of the 
fishery. Gear configuration prior to 1975 was assumed to be 5 HBF; thereafter data were divided 
into 6 HBF categories: 5–6, 7–9, 10–11, 12–15, 16–20, and >20 HBF. Explanatory variables were 
similar to dataset 1.  

3. Effort standardization methods 

Two standardization approaches have commonly been utilized in recent pelagic fisheries 
assessments. Traditionally, catch and effort data have been fit by GLMs, a statistical approach 
that directly attempts to account for the variation in nominal CPUE by fitting a predicted CPUE 
to observed CPUE. While GLMs are general in scope, there is an inability to include information 
on the scientific understanding among explanatory variables.  

The HBS method was initially developed by Hinton and Nakano (1996) and represents a 
deterministic modeling approach whereby effective longline effort is modeled as the joint 
probability of the vertical distribution of hooks in the water column and the distribution of the 
species in the water column. A species vertical distribution is based on habitat preferences (e.g., 
temperature, oxygen) in combination with environmental data.  

A statistical HBS (statHBS) allows parameter (e.g., habitat preferences and factors modifying the 
behavior of the gear or species) estimation based on fitting the model to observed catch and effort 
data. The habitat preferences in the HBS approach are used as priors in the statHBS within a 
Bayesian context.   

A separate analysis was undertaken for each MFCL area for each method and species. 
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3.1. GLM method 
 
Explanatory variables in the GLM followed results of the 2003 assessment (Langley 2003). The 
formulation for dataset 1 (1d975–2002) was based on modeling CPUE as: 
 
ln(CPUE+constant) ~ f(Year.Quarter + poly(longitude,3) + interaction(HBF, latitude) + 
interaction(HBF, longitude)+ interaction(latitude, quarter) + e)  
 
CPUE, expressed as number of fish per 100 hooks, was chosen as the dependant variable to allow 
comparison with other standardization methods. A constant of 0.0001 was added to the CPUE 
because null catches pose a problem in the estimation. Longitude was modeled as a third degree 
polynomial, and e represents the random error term. 
 
The formulation for dataset 2 was similar to dataset 1 though the dependant variable was catch 
instead of CPUE as:  
 
ln(number of fish) ~  f(ln(number of hooks) + Year.Quarter + poly(longitude,3) + 
interaction(HBF, latitude) + interaction(HBF, longitude)+ interaction(latitude, quarter) + e) 
 
Each record in the 1952 to 2002 analysis was weighted in the fitting procedure by the level of 
effort (number of hooks) in a particular year/month/lat/long/HBF stratum.  
 
3.2. Habitat-based (HBS) and statistical habitat-based (statHBS) methods 

Inputs to the HBS and statHBS models include the 1) vertical distribution of hooks in each HBF 
category, 2) vertical distribution of ambient temperature or depth distribution of isotherms from 
the surface layer and 3) vertical distribution of oxygen. For each stratum, the SODA (Simple 
Ocean Data Assimilation) OGCM (Ocean General Circulation Model, Carton et al. 2000a, 2000b) 
was used to generate the vertical distribution of temperature while oxygen data were obtained 
from a climatological database (Levitus and Boyer 1994).   

Available yellowfin adult vertical distribution data determined by acoustic tracking and PSAT 
(n=10 individuals) indicate that yellowfin in the Pacific spend most of their time (~60%) within 
the surface layer with decreasing proportions at greater depths.  Physiologists have postulated that 
yellowfin vertical distribution is not limited by ambient temperature but rather by the change in 
temperature occurring between the surface layer and below the thermocline.  
 
Temperature information was used in relation to oxygen data to vertically distribute yellowfin in 
the HBS model. The proportion of the yellowfin population at temperatures (°C) relative to the 
surface layer were estimated according to Brill et al. 1999. Ambient oxygen concentrations were 
usually high (>5 ml l–1) in the western and central Pacific and did not influence yellowfin 
behavior. A dissolved oxygen (DO) preference index was constructed such that yellowfin decline 
sharply at DO < 4.0 ml l–1 and such that no yellowfin exist when DO < 2.5 ml l–1.  
 
In previous HBS applications, bigeye tuna were vertically distributed according to time-at-
temperature distributions from Tahiti (Dagorn et al. 2000) and Hawaii (Musyl et al. 2003). 
Following a recommendation from SCTB16, additional time-at-temperature data were obtained 
from contemporary archival and PSAT tagging studies to construct bigeye preferences for each 
MFCL area. International fisheries agencies such as CSIRO, NMFS Pacific Islands Fisheries 
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Science Center, NRIFSF and the SPC have ongoing bigeye tagging programs. Data were obtained 
from each agency as part of a collaborative effort.  

Table 2 illustrates the bigeye tuna vertical distribution data available for each MFCL area. Data 
for juvenile fish or fish associated with FADs were not incorporated as the analysis focused on 
the ambient temperature habitat of longline caught tuna, which are generally adults. MFCL areas 
3 and 4 have the largest number of bigeye tagged. MFCL areas 1 and 2 are only represented by 
one fish each. MFCL area 5 is represented by two bigeye that were tagged in the Coral Sea and 
migrated into area 5. These area-specific temperature preferences were incorporated into the HBS 
standardization. Oxygen was also incorporated to constrain vertical distribution following 
Bigelow et al. 2002.   

In the statHBS approach, the habitat preferences are structured as parameters. The presumed HBS 
temperature and oxygen preferences were used as priors. Two statHBS analyses were conducted 
for yellowfin. First, a statHBS analysis was conducted with the hypothesis that yellowfin were 
distributed at temperatures relative to the surface layer. Nine priors were used to represent the 
proportion of yellowfin in the surface layer and in each of the eight isotherms below the surface 
layer. Additionally, a statHBS analysis was conducted with the hypothesis that yellowfin were 
vertically distributed at ambient temperatures. In the statHBS application to bigeye, 15 ambient 
temperature preferences at 2°C intervals from 3.5°C to 33.5°C were used as priors. Fifteen priors 
were also used for oxygen at 0.5 ml l–1 intervals from 0 to 7.5 ml l–1. All priors were 
noninformative (uniform distribution) with a mean of zero. 

A likelihood function was used as a measure of how well the predicted catch from the various 
effort series fit the observed catch. The likelihood function was a log-transformed least squares:  

( )2

,,, )ˆln()ln( δδ +−+= yjiyi CCL  

where yiC ,  is the observed catch for observation  i in year y, yjiC ,,
ˆ is the predicted catch for 

observation i, effort series j and year y. Similar to the GLM analysis of CPUE, a constant 
(δ =0.0001) was added to the observed and predicted catch to avoid computational problems 
when observed catch was zero. For individual observations (i) from an effort (E) series j, an 

estimate of catch (C) in year y is obtained as yjyjiyji BqEC ,,,,
ˆ = , where q is overall catchability 

and B is abundance. Year effects ( y yqBθ = ) are estimated because both q and B are unknown. 

The contribution of this prior to the objective function is: 

∑=Θ 2

2

2σ
ε

h   

where ε  are residuals of the habitat preferences and σ is the standard deviation of the prior 
distribution which has mean µ. The negative log-likelihood is minimized by simultaneously 
estimating various parameters with the function minimizer in AD Model Builder. The HBS and 
statHBS models were applied to CPUE from 1975 to 2002 when gear configuration was known. 
Predicted habitat from the statHBS results were then applied to the 1952 to 2002 time-series.  
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4. Results 

4.1. Yellowfin 
 
Table 3 shows the deviance analysis for yellowfin when fitting catch rate (1975–2002) and 
positive catch (1952–2002). The deviance explained by the GLM, HBS, and statHBS was highest 
for area 5, moderate for areas 1,2 and 4, and lowest for area 2.  
 
The GLM explained a larger percentage of the variance for each MFCL area (17–41%); however, 
the GLM has several hundred more parameters due to the three interaction terms. The CPUE 
variance explained in the HBS approach of distributing yellowfin proportions in relation to the 
surface layer was poor compared to all other methods. The two methods of statHBS produced 
intermediate explanatory ability. Results using ambient temperature were more realistic than the 
isotherm approach. Ambient temperature preferences estimated from the statHBS were typically 
from 25°C to 31°C in each MFCL area (Fig. 2). Fitted isotherm preferences in the statHBS 
produced reasonable results for the equatorial areas (MFCL areas 2–3) but distributed the 
majority of yellowfin at depths 3°C–7°C cooler than the surface layer at higher latitude areas. 
These deeper depths were consistent with the 2003 assessment but are considered unrealistic 
given our current understanding of the yellowfin vertical distribution behavior ascertained from 
acoustic and archival tagging. The deeper depth distribution may result due to the model’s 
inability to predict the yellowfin proportion in the surface layer and adjacent (-1°C) layer, as the 
hooks may not routinely sample this stratum of the water column.   
 
The year effects from the yellowfin CPUE models were comparable between nominal and GLM 
standardized effort; however, the HBS and statHBS models predicted more optimistic trends for 
all MFCL areas (Fig. 3). The largest differences between models occurred in the equatorial areas 
(MFCL areas 2–3) where most (>80%) of the catch occurs. MFCL area 2 had declining nominal 
and GLM indices, but HBS and statHBS indices were stable from 1975 to the late 1990s with a 
decline thereafter. Similarly, nominal and GLM indices were stable with high interannual 
variability in MFCL area 3, but HBS and statHBS trends were increasing.  
  
GLM results on fitting catch were similar to modeling CPUE (Table 3, Figure 4). As expected, 
the amount of deviance explained is much greater. Results were similar to the 2003 assessment 
with the models explaining 82–89% of the variation in catch for MFCL areas 2–5 and a lower 
variation in MFCL area 1 (68%). The year effects from the yellowfin catch models were quite 
similar for nominal and GLM standardized effort (Fig. 4). There was little difference among 
models prior to 1975 as there is no gear information available, but the HBS and statHBS produce 
more optimistic trends after 1975. The GLM models do not fit the high values particularly well; 
consequently, the distribution of residuals has a long tail (Fig. 5). Residuals tended to be bimodal 
in the catch rate analysis (not illustrated) due to the added constant.  
 
Model estimates of CPUE and catch were not compared statistically because: 1) there is a lack of 
a statistical test to compare multiple sets of standardized effort, 2) no thorough outlier analysis 
was conducted and 3) the assumption of independence between strata makes traditional 
techniques (AIC, BIC) questionable. For diagnostic purposes, we assess the properties of the 

standardized effort time-series by a prediction error statistic )ˆ( yryr CC −  where yrC is the 

observed catch and yrĈ is the predicted catch. The catch in each year was divided by the number 

of 5° strata fished to calculate an average prediction error.  
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Predicted catches were underestimated compared to observed catches in both the GLM and 
statHBS models (Fig. 6), with the exception of the GLM in area 5. Prediction error in area 2 was 
higher from 1975 to 1985 than in later years, but in general there was no time-series trend within 
each area. When comparing the longer time-series (1952–2002) the GLM had difficulty 
predicting the catch in MFCL areas 1–3 for the initial 15 to 25 years (Fig. 7).   

4.2. Bigeye 
 
Bigeye time-at-temperature data are illustrated in Figure 8. Most of the fish display the 
characteristic day and night behavior with time spent at cool, deep depths during the day except 
for brief forays into warm, shallow depths and with time spent in warm, near surface waters 
throughout the night. Results are difficult to summarize for areas 1 and 2 due to the paucity of 
data. Aggregated data for 19 bigeye tagged in Hawaii indicate a warmer daytime distribution than 
the one adult fish in Musyl et al. (2003). The warmer distribution may result from a differing 
oceanography as fish were tagged both north and south of the archipelago or caused by 
ontogenetic factors as the Musyl et al. bigeye was larger. The most voluminous data set is from 
the CSIRO tagging program in the Coral Sea. Disaggregating the data by month indicated a 
unimodal time-at-temperature distribution from February to September and a bimodal distribution 
from October to January due to surface aggregation behavior. For the purposes of the HBS, it was 
decided to use an annual time-at-temperature distribution, as the Japanese fleet is most active 
from May to September, though a monthly preference could be considered in future work. 
 
Ambient temperature preferences estimated by the statHBS differed between MFCL area (Fig. 9). 
All areas had the dominant cooler (8°C–15°C) preference indicative of daytime behavior and 
most areas had a mode at warmer temperatures that may correspond with nighttime behavior.  
 
Table 4 shows the deviance analysis for bigeye when fitting catch rate (1975–2002) and positive 
catches (1952–2002). These results are similar to those for yellowfin: GLMs explained a larger 
percentage of the variance (8%–45%), statHBS was intermediate (2%–24%), and the HBS and 
nominal models were lowest. The HBS approach of distributing bigeye proportions in relation to 
ambient temperature was better than the yellowfin approach based on isotherms as the HBS 
explained a larger percentage of the variance in three of the five MFCL areas compared to 
nominal CPUE; however, the GLM and statHBS approach are preferred. The HBS for MFCL 
area 3 is problematic since the 19 tagged fish actually represent area 1 or the northern border of 
area 3. Thus no information is available for the dominant equatorial distribution.  
 
The year effects from the bigeye CPUE models were similar among models (Fig. 10). In 
comparison with nominal trends, the GLM indicated a more downward trend in areas 1, 4, and 5. 
GLM results on fitting catch were similar to modeling CPUE (Table 4, Fig. 11). Results were 
similar to the 2003 assessment with models explaining 79%–91% of the variation in catch. The 
slightly lower explanatory power in areas 1, 4, and 5 was attributed to the higher proportion of 
low catches (less than 20 fish per stratum) in these data sets (Langley 2003). In general, GLM and 
nominal trends were similar, except for MFCL areas 1 and 4 where the GLMs produced more 
pessimistic trends. The HBS and statHBS trends were similar to the GLM trends for areas 2 and 
3. The HBS and statHBS trends were also similar for area 4 except during the recent five years in 
the time-series.  
 
Predicted bigeye catches were underestimated compared to observed catches in both the GLM 
and statHBS models (Figs. 12 and 13), but the magnitude of the prediction error was less than 
yellowfin tuna (c.f. Figs. 6 and 7). There was no time-series trend in the prediction error during 
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1975 to 2002, but similar to yellowfin, the GLM had difficulty predicting the catch in MFCL 
areas 1–3 for the initial 15 to 25 years (Figs. 13).   
 
To investigate the influence of prevailing oceanographic conditions, the statHBS for bigeye in 
MFCL area 3 was repeated using catch and effort data available at a resolution of 1 degree of 
latitude and longitude. Similar to the 5°–month analysis, the residuals of the fit to the fine-scale 
model have a long tail, indicating that the model was substantially underestimating the larger 
bigeye catches (Figure 14). 
 
For each month, the spatial distribution of the large positive residuals was examined relative to 
the prevailing monthly oceanographic conditions described by the depth of the 27ºC isotherm 
(calculated from NCEP data; source 
http://iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NCEP/.EMC/.CMB/.Pacific/). A qualitative 
examination of the relationship indicates that the highest statHBS residuals generally occur at 
steep gradients in the depth of the 27ºC isotherm (Fig. 15). Further development of the statHBS 
approach should incorporate additional variables that describe the prevailing oceanographic 
condition in the area fished and in the adjacent areas. 

4.3. Comparison with 2003 relative abundance indices 

Changes in the methodology in estimating the 2004 relative abundance indices compared to 2003 
include: 

 
HBS 2004: Used MFCL area specific bigeye HBS time-at-temperature hypotheses 

 2003: Used Tahiti-based bigeye HBS time-at-temperature hypothesis 
  
statHBS 2004: Estimated MFCL area specific bigeye or yellowfin time-at-temperature 

hypothesis. Incorporated oxygen as an estimated parameter 
 2003: Estimated single Pacific wide bigeye or WCPO yellowfin time-at-temperature 

hypothesis. Temperature was the only environmental parameter 
 

Relative abundance trends for the yellowfin statHBS in 2003 and 2004 are illustrated in Figure 
16. Relative abundance trends for the bigeye in the HBS and statHBS analysis in 2003 and 2004 
are illustrated in Figures 17 and 18, respectively.  

5. Discussion 
 
The current relative abundance indices for yellowfin and bigeye were similar to the 2003 
assessments (Langley 2003, Bigelow et al. 2003). Trends in effective and nominal effort were 
similar for the GLM yellowfin assessment. Both the HBS and statHBS predicted a considerable 
decline in the effective effort targeting yellowfin and an increase in standardized CPUE from the 
late 1970s to the 1990s. For each standardization method, the relative trend in effective effort 
targeting bigeye was similar to the trend in nominal fishing effort.  
 
As currently implemented, the HBS method to standardize effort poorly predicts catches. In 
general, the HBS for bigeye based on ambient temperature and oxygen was better that the 
yellowfin isotherm approach; however, the GLM and statHBS had better explanatory ability. 
There are several reasons for the poor performance of the HBS with the paramount reason 
possibly being that the known time-at-temperature or time-at-depth behavior of a species from 
electronic tagging may be markedly different than the habitat or depth where the species is 
captured in longline fishing. Other caveats include 1) an incorrect assumption of combining day 
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and night vertical distributions to develop a composite longline index that reflects the operational 
characteristics of the longline because of differing catchability between day and night, 2) 
incorrect gear depth assumptions, 3) geographical constraints whereby the species vertical 
distribution is not representative of the population in a particular MFCL stratum, and 4) the 
potential for other environmental factors, not included in the model parameterization, to 
significantly influence the relative distribution at depth. Given the currents caveats, the HBS 
method should probably be abandoned until better habitat preference indices can be developed.   
 
The statHBS approach attempts to predict the vertical distribution of capture and associated 
habitat by fitting to the catch data. While the statHBS provided realistic ambient habitat values 
for yellowfin and bigeye, problems remain when the model estimates the population based on the 
distribution of isotherms relative to the mixed layer. Simulation work could improve the 
understanding of model performance for these distribution hypotheses. A sensitivity analysis of 
the assumptions of gear depth could also be conducted.  
 
Additional work could concentrate on model diagnostics for the effort standardization methods. A 
prediction error statistic demonstrated difficulty in predicted catch in the initial 15 to 25 years of 
the fishery. Model diagnostics could be expanded to evaluate the residuals for various spatio-
temporal, gear, or oceanographic factors.  
 
We briefly considered an analysis of fine-scale (1°–month) data. Analyses could proceed with 
these fine-scale data which may better describe the relationship between environmental 
conditions and catch rate.  
 
Lastly, the spatial stratification of the effort standardization could be altered from the MFCL area 
configuration to one with more ecological value. The spatial stratification could be developed as 
bio-ecological provinces that better represents a species environmental variability.  
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  MFCL area 
Dataset 1 (1975–2002) 1 2 3 4 5 
       
Total number of records 29,337 24,508 35,505 4,040 3,375 
       
Yellowfin Catch (fish*1000) 908 10,758 9,577 1,975 829 
 Zero records (%) 16.5 1.2 2.7 1.4 7.2 
 Fish/100 hooks 0.09 1.47 0.83 0.94 0.62 
Bigeye Catch (fish*1000) 3,579 3,316 8,999 361 328 
 Zero records (%) 7.4 2.3 1.0 5.8 6.7 
 Fish/100 hooks 0.34 0.45 0.77 0.17 0.24 
       
Dataset 2 (1952–2002) 1 2 3 4 5 
       
Total number of records 29,115 22,102 31,180 4,815 6,381 
       
Yellowfin Catch (fish*1000) 2,874 26,141 23,735 4,497 2,622 
 Zero records (%) 15.0 1.0 2.2 1.1 5.4 
 Fish/100 hooks 0.08 1.56 1.04 1.12 0.62 
Bigeye Catch (fish*1000) 12,147 7,714 19,275 709 908 
 Zero records (%) 7.1 2.56 1.06 5.4 6.4 

 Fish/100 hooks 0.36 0.46 0.85 0.18 0.21 
 

Area Number of bigeye Days of data Source 

MFCL 1 (Japan) 1 7 NRIFSF 
MFCL 2 (PNG) 1 47 SPC 
MFCL 3 (Hawaii) 19 643 NMFS 
MFCL 4 (Coral sea) 14 2909 CSIRO 
MFCL 5 (New Caledonia) 2 673 CSIRO 

Table 1. Summary of fishery statistics for the Japanese longline catch and effort data sets.  

Table 2. Details of bigeye tuna tagged with archival and pop-up satellite archival tags (PSAT) tags.  



 11

Table 3. Yellowfin tuna. Comparison of models to estimate standardized CPUE for the Japanese 
longline fishery (1975–2002) and catch (1952–2002). 

MFCL Area 1 (1975–2002)   
Null deviance = 494,005;  
df = 29,336 

Effort series 

 Nominal GLM HBS 
statHBS 

isotherms 
statHBS 
ambient 

Residual deviance    482,891  343,998     488,236  406,237 405,410 

Parameters 27 481 28 37 58 

Pseudo-R2 
(Null deviance-residual 
deviance)/Null deviance 

0.02 0.30 0.00 0.18 0.18 

MFCL Area 2     
Null deviance = 66,197;  
df = 24,507 

Effort series 

 Nominal GLM HBS 
statHBS 

isotherms 
statHBS 
ambient 

Residual deviance 61,968 55,113 68,177 66,064 59,923 

Parameters 27 350 28 37 58 

Pseudo-R2 0.06 0.17 0.00 0.00 0.09 

MFCL Area 3     
Null deviance = 180,557;  
df = 35,504 

Effort series 

 Nominal GLM HBS 
statHBS 

isotherms 
statHBS 
ambient 

Residual deviance 177,179 133,206 181,906 172,760 149,848 

Parameters 27 390 28 37 58 

Pseudo-R2 0.02 0.26 0.00 0.04 0.17 

MFCL Area 4     
Null deviance = 14,015;  
df = 4,039 

Effort series 

 Nominal GLM HBS 
statHBS 

isotherms 
statHBS 
ambient 

Residual deviance 12,991 9,306 19,939 11,926 11,039 

Parameters 27 215 28 37 58 

Pseudo-R2 0.07 0.34 0.00 0.15 0.21 

MFCL Area 5     
Null deviance = 40,276;  
df = 3,374 

Effort series 

 Nominal GLM HBS 
statHBS 

isotherms 
statHBS 
ambient 

Residual deviance 37,235 23,799 47,500 30,137 29,493 

Parameters 27 276 28 37 58 

Pseudo-R2 0.08 0.41 0.00 0.25 0.27 

1952–2002 
MFCL 
Area 1 

MFCL 
Area 2 

MFCL 
Area 3 

MFCL 
Area 4 

MFCL 
Area 5 

Pseudo-R2 
(Null deviance-residual 
deviance)/Null deviance 

0.68 0.89 0.87 0.82 0.83 
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Table 4. Bigeye tuna. Comparison of models to estimate standardized CPUE for the Japanese 
longline fishery (1975–2002) and catch (1952–2002). 
 

MFCL Area 1       

Null deviance = 307,805; df = 29,336 Effort series 

 Nominal GLM HBS statHBS 

Residual deviance      304,196  169,508 258,318  233,325  
Parameters 27 481 28 58 

Pseudo-R2 
(Null deviance-residual deviance)/Null 
deviance 

0.01 0.45 0.16 0.24 

MFCL Area 2     

Null deviance = 89,613; df = 24,507 Effort series 

 Nominal GLM HBS statHBS 

Residual deviance 85,969 74,764 90,323 81,144 

Parameters 27 350 28 58 

Pseudo-R2 0.04 
 

0.17 0.00 0.09 

MFCL Area 3     

Null deviance = 66,905; df = 35,504 Effort series 

 Nominal GLM HBS statHBS 

Residual deviance 65,927 61,886 67,333 65,257 

Parameters 27 390 28 58 

Pseudo-R2 0.01 0.08 0.00 0.02 

MFCL Area 4     

Null deviance = 30,428; df = 4,039 Effort series 

 Nominal GLM HBS statHBS 

Residual deviance 29,490 23,196 29,137 27,974 

Parameters 27 215 28 58 

Pseudo-R2 0.03 0.24 0.04 0.13 

MFCL Area 5     

Null deviance = 30,260; df = 3,374 Effort series 

 Nominal GLM HBS statHBS 

Residual deviance 29,470 21,528 28,279 26,260 

Parameters 27 276 28 58 

Pseudo-R2 0.03 0.29 0.05 0.12 
 

1952–2002 
MFCL Area 

1 
MFCL Area 

2 
MFCL Area 

3 
MFCL Area 

4 
MFCL Area 

5 

Pseudo-R2 0.85 0.89 0.91 0.79 0.81 
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Figure 1. MFCL areas, spatial strata used in recent yellowfin and bigeye 
stock assessments.  
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Figure 2.  Yellowfin tuna ambient temperature preferences estimated using statHBS (uniform 
prior) for the each MFCL area. 
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Figure 3. Yellowfin tuna annual indices (1975–2002) by MFCL area.  Left: Nominal CPUE 
(∑yellowfin catch/∑longline effort). Center: Nominal and GLM standardized CPUE.  Right: HBS and 
statHBS standardized CPUE.  Four series (center and right) have been scaled to the mean of the series 
for comparison.  
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Figure 4. Yellowfin tuna annual indices (1952–2002) by MFCL area. Left: Nominal CPUE 
(∑yellowfin catch/∑longline effort). Center: Nominal and GLM standardized CPUE.  Right: HBS 
and statHBS standardized CPUE.  Four series (center and right) have been scaled to the mean of 
the series for comparison.  
 



 17

Figure 5.  Quantile-quantile (QQ) plots for the standardized residual in the GLM (1952–2002) for 
bigeye (left) and yellowfin (right). 
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 Figure 6. Average (5°–monthly) prediction error (actual catch – predicted catch) for yellowfin 
tuna from GLM and statHBS models from 1975 to 2002.  
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Figure 7. Average (5°–monthly) prediction error (actual catch – predicted catch) for yellowfin 
tuna from GLM models from 1952 to 2002.  
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Figure 8. Time-at-temperature (°C) histograms for adult bigeye tuna during the day (left) and night 
(right). Source: CSIRO, NMFS, NRIFSF and SPC. 
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Figure 9.  Bigeye tuna habitat-based ambient temperature preferences from archival or PSAT 
tags compared with temperature preferences estimated using statHBS for the each MFCL area. 



 22

 

Figure 10. Bigeye tuna annual indices (1975–2002) by MFCL area. Left: Nominal CPUE (∑bigeye 
catch/∑longline effort). Center: Nominal and GLM standardized CPUE.  Right: HBS and statHBS 
standardized CPUE.  Four series (center and right) have been scaled to the mean of the series for 
comparison.  
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Figure 11. Bigeye tuna annual indices (1952–2002) by MFCL area. Left: Nominal CPUE (∑bigeye 
catch/∑longline effort). Center: Nominal and GLM standardized CPUE.  Right: HBS and 
statHBS standardized CPUE.  Four series (center and right) have been scaled to the mean of the 
series for comparison.  
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Figure 12. Average (5°–monthly) prediction error (actual catch – predicted catch) for bigeye tuna 
from GLM and statHBS models from 1975 to 2002.  
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Figure 13. Average (5°–monthly) prediction error (actual catch – predicted catch) for bigeye tuna 
from GLM models from 1952 to 2002.  
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Figure 14. Frequency distribution of the residuals from the bigeye statHBS model for 
MFCL area 3 using high resolution (1°) catch and effort data.  

Figure 15. An example of the relationship between high positive residuals from the bigeye statHBS model and 
prevailing oceanographic conditions (November 2002, MFCL area 3). The location of monthly fishing effort by 
1° of latitude and longitude is presented by the red squares and squares with high (above the 90% quartile; 
orange stars) and very high positive residuals (above the 95% quartile; black stars) are highlighted. The depth 
of the 27ºC isotherm during the corresponding month period is presented as background (increasing depth of 
the isotherm from brown-yellow-green-blue) and by the associated depth contours.   
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Figure 16. Comparison of relative abundance indices for yellowfin tuna from statHBS models in 
2003 (solid line) and 2004 (solid lines with dots). 
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Figure 17. Comparison of relative abundance indices for bigeye tuna from HBS models in 2003 
(solid line) and 2004 (solid lines with dots). 
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Figure 18. Comparison of relative abundance indices for bigeye tuna from statHBS models in 
2003 (solid line) and 2004 (solid lines with dots). 
 
 


