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Abstract:  

In spite of its pivotal role in future implementations of the Ecosystem Approach to Fisheries 
Management, current knowledge about tuna habitat preferences remains fragmented and 
heterogeneous, because it relies mainly on regional or local studies that have used a variety of 
approaches making them difficult to combine. Therefore in this study we analyse data from six tuna 
species in the Pacific, Atlantic and Indian Oceans in order to provide a global, comparative perspective 
of habitat preferences. These data are longline catch per unit effort from 1958 to 2007 for albacore, 
Atlantic bluefin, southern bluefin, bigeye, yellowfin and skipjack tunas. Both quotient analysis and 
Generalised Additive Models were used to determine habitat preference with respect to eight biotic 
and abiotic variables. Results confirmed that, compared to temperate tunas, tropical tunas prefer 
warm, anoxic, stratified waters. Atlantic and southern bluefin tuna prefer higher concentrations of 
chlorophyll than the rest. The two species also tolerate most extreme sea surface height anomalies 
and highest mixed layer depths. In general, Atlantic bluefin tuna tolerates the widest range of 
environmental conditions. An assessment of the most important variables determining fish habitat is 
also provided. 

 Keywords: Habitat ; Tuna fisheries ; Catch/effort ; Environmental conditions ; Quotient analysis ; 
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1. Introduction 

Tunas are oceanic top predators that play an important role in marine ecosystems, account for nearly 
20% of the value of marine capture fisheries and contribute to meeting worldwide protein requirements 
(FAO, 2011). The most economically important tuna species are the temperate tunas albacore 
(Thunnus alalunga), Atlantic bluefin tuna (Thunnus thynnus) and southern bluefin tuna (Thunnus 
maccoyii) and the tropical tunas yellowfin tuna (Thunnus albacares), bigeye tuna (Thunnus obesus) 
and skipjack tuna (Katsuwonus pelamis). Tunas migrate long distances during their life cycle, and are 
widely distributed over the Atlantic, Indian and Pacific Oceans. There is a single population for 
southern bluefin tuna inhabiting the southern ocean, and typically one or two populations of tropical 
and temperate tunas per ocean basin, except for albacore that has 3 populations in the Atlantic ( 
Albaina et al., 2013). Tuna stocks are managed by 5 Tuna Regional Fishery Management 
Organizations (TRFMOs) with the primary objective of maintaining the productivity of each stock at its 
maximum, although in recent years there have been efforts towards the implementation of the 
Ecosystem Approach to Fisheries Management (EAFM). 

Biotic and abiotic environmental variables affect tuna distribution and abundance (Lehodey et al., 
1997, Ravier and Fromentin, 2004 and Sund et al., 1981). Characterising tuna habitat is thus 
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essential to understand tuna spatio-temporal distribution and variability. This helps in 

interpretation of commercial fishery data, such as time series of catch per unit effort (CPUE) 

used in stock assessments to develop management advice (e.g. on Total Allowable Catches). 

Improved knowledge about tuna habitat and spatial distribution also allows spatial and 

temporal management measures to be considered, e.g. for by-catch mitigation while 

maintaining the profitability of fisheries (Hobday and Hartman, 2006; Hobday et al., 2011; 

Teo and Block, 2010).  

 

Local habitat studies allow local problems, i.e. for specific fleets and individual TRFMOs, to 

be addressed. In contrast, global habitat studies covering the worldwide distribution of all 

tunas are required to address global management issues and facilitate the integration of 

EAFM in a consistent way across TRFMOs. For instance, in the short term, global habitat 

studies are required to determine optimum placements for large oceanic marine protected 

areas (Kaplan et al., 2013; Pala, 2013) based on hotspots of biodiversity and/or abundance 

(Worm et al., 2005). In the longer term, anthropogenic climate change effects will need to be 

addressed, as part of the EAFM by TRFMOs and other governance bodies (Maury et al., 

2013). The provision of science to support TRFMOs decisions is critical (Hobday et al., 2013) 

and collaborative efforts are required between research disciplines and management agencies 

to better monitor and understand the impacts of short-term variability and longer-term climate 

change on oceanic fisheries (Salinger et al., 2013). Habitat models can be used to predict 

future impacts of anthropogenic climate change on tuna distribution and abundance (Hobday, 

2010; Lehodey et al., 2013), allowing to develop alternative management strategies and adapt 

to future socio economic scenarios (Bell et al., 2013).   

 

In spite of its pivotal role in future implementations of the EAFM within TRFMOs, current 

knowledge about tuna habitat preferences remains fragmented and heterogeneous. The latest  

generation of electronic tags have provided important new insights (Bestley et al., 2009; 

Galuardi and Lutcavage, 2012; Schaefer and Fuller, 2010; Schaefer et al., 2007). Although 

some large deployment efforts have characterised habitat preference and movement patterns 

at relevant scales for management (e.g. Block et al., 2005; Block et al., 2011; Hartog et al., 

2011; Hazen et al., 2013; Hobday and Hartmann, 2006), most tagging studies are local with 

short deployment periods (e.g. Cosgrove et al., 2014), and provide information about habitat 

characteristics only around deployment areas (Hobday and Evans, 2013).  
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Additional efforts to study tuna habitat preferences have been undertaken using fishery data, 

commonly assuming that CPUE is proportional to fish abundance. Data on the position and 

time of fishing events allow relationships between the presence and/or abundance of tunas 

with environmental conditions to inform habitat preferences using a range of modelling 

approaches. For example empirical distributions of relative abundance binned across 

environmental variables can inform habitat preferences (Cheung et al., 2013; Sagarminaga 

and Arrizabalaga, 2010; Zainuddin et al., 2006). Fromentin et al. (2014) characterised the 

environmental niche of Atlantic bluefin tuna using a non-parametric probabilistic 

environmental niche model (NPPEN, Beaugrand et al., 2011), and Reygondeau et al. (2012) 

used a hierarchical clustering method to identify different tuna and billfish communities and 

describe their environmental conditions. Several other authors used Generalized Linear 

Models (GLM, Briand et al., 2011, Lan et al., 2013) and Generalized Additive Models 

(GAMs, Lan et al., 2013; Maury et al., 2001; Mugo et al., 2010; Sagarminaga and 

Arrizabalaga, 2010) to describe habitat preferences of tunas. Finally, coupled biophysical 

models such as SEAPODYM (Lehodey et al., 2008) or APECOSM (Maury, 2010) are being 

used to describe the spatial dynamics of tunas and can incorporate different habitat indices 

(e.g. spawning habitat and feeding habitat) as well as submodels for the distribution of tuna 

forage (Bertignac et al., 1998, Lehodey et al., 1998). Guisan and Zimmermann (2000) suggest 

that there is no best model. Instead, the choice of the model depends on the objective of the 

study as well as the nature of the available data.  

 

A range of environmental variables influence tuna spatial distribution. Temperature and 

oxygen affect important biological processes and thus determine the spatial distribution of 

tunas (Barkley et al., 1978; Boyce et al., 2008; Brill, 1994; Strama et al., 2012). Salinity can 

influence large scale spatial distribution (e.g. Fromentin et al., 2014; Maury et al., 2001; 

Reygondeau et al., 2012). The mixed layer depth can limit the vertical distribution of tuna and 

tuna like species (Bernal et al., 2009; Prince et al., 2010), while the sea surface height 

anomaly (SSH) provides information on the open-ocean physical habitat of pelagic species. 

For example, positive and negative anomalies are associated with eddies and gyres, describing 

convergent and divergent areas where tuna prey may aggregate. Frontal systems around these 

gyres can also potentially aggregate tunas (Arrizabalaga et al., 2008; Olson et al., 1994; 

Podestá et al., 1993; Royer et al., 2004; Sagarminaga and Arrizabalaga, 2014). In addition to 

the physical environment, the distribution of prey is also one of the main drivers of the spatial 

distribution and behaviour of tunas (Bertignac et al., 1998; Schick and Lutcavage, 2009, 
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Bernal et al. 2009). Chen et al., 2005 have shown that higher primary production attracts 

tunas, but data on tuna prey distribution and abundance is scarce and is mostly available from 

models (Lehodey et al., 1998). 

 

Habitat studies using fishery or survey data are often spatially limited and focused on single 

species (e.g. Chen et al., 2005; Sagarminaga and Arrizabalaga, 2010). Therefore, each study 

provides a particular view of the habitat preference of a given species or stock, commonly 

based on one variable (mostly sea surface temperature) or a limited set of environmental 

variables. In this context, comparison between different habitat preferences is difficult due to 

differences in the datasets, methods, and studied areas, and this affects our ability to 

determine which environmental variables are the most important drivers of tuna distribution. 

In fact, there are few studies where the habitat preferences of a group of species are analysed 

using similar datasets and methods at broad spatial scales (but see Reygondeau et al. 2012). 

Therefore, the aim of this study is, based on a common dataset and consistent methodology, to 

provide a global comparative perspective of habitat preferences for six commercially 

important tuna species and to identify the most important variables driving tuna spatial 

distribution.  

 

2. Material and methods 

2.1. Fishery data 

The main commercial species of tuna, namely Atlantic bluefin, southern bluefin, albacore, 

bigeye, yellowfin and skipjack are considered. These large predators of the pelagic ecosystem 

are highly migratory and their distribution covers most of the tropical and temperate areas 

around the globe. They are mainly caught by industrial pelagic fisheries. Among the fishing 

methods, pelagic longlines show the largest spatio-temporal coverage, since they have 

operated for several decades across all oceans, targeting all main commercial tuna species 

except skipjack. Longlines resemble long baited transects and catch a wide range of species in 

a consistent way over a vast spatial scale and longline catch data have been previously used to 

analyse changes in abundance (Myers and Worm, 2003), diversity (Worm et al., 2005), range 

contraction (Worm and Tittensor, 2011) and biogeography (Reygondeau et al., 2012).  

 

Tuna longline catch and effort data for the Atlantic, Indian and Pacific Oceans were obtained 

from the five TRFMOs, i.e. International Commission for the Conservation of Atlantic Tunas 

(ICCAT, www.iccat.int), Indian Ocean Tuna Commission (IOTC, www.iotc.org), Western 
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and Central Pacific Fisheries Commission (WCPFC, www.wcpfc.int), Inter-American 

Tropical Tuna Commission (IATTC, www.iattc.org) and Commission for the Conservation of 

Southern Bluefin Tuna (CCSBT, www.ccsbt.org). Catch (tonnes, except for southern bluefin 

which is in number of fish) and effort (number of hooks) data were obtained for 1958 to 2007, 

the time span for which environmental data were available. Exceptions to this were data for 

southern bluefin tuna which were only available from 1965 and for eastern Pacific stocks 

which were only available until 2004. No data on skipjack caught by longline was available 

from the Western and Central Pacific. The spatio-temporal resolution was heterogeneous 

between sources of data, so all data were aggregated by quarter and 5ºx5º spatial resolution. 

The degree of detail about the longline fleets involved was also heterogeneous. In this study 

we used data only from the Japanese fleet, except in the case of the WCPFC where fleet 

specific information was not available. Nominal CPUE was computed as the ratio of catch to 

the number of hooks for every observation, and the CPUE was assumed to be a proxy for fish 

abundance. Only positive CPUE records were considered. 

 

2.2. Environmental data  

The environmental data used were generated by the PISCES biogeochemical model (Pelagic 

Interaction Scheme for Carbon and Ecosystem Studies; Aumont and Bopp, 2006). PISCES 

has been extensively validated and has demonstrated the ability to realistically simulate 

seasonal, interannual and decadal physical and biogeochemical ocean variability. As such, it 

has been used at the global scale for a range of different purposes, including investigating the 

mechanisms that explain variability in marine productivity or the impact of ocean 

acidification on marine ecosystems (Aumont and Bopp, 2006; Bopp et al., 2005; Gorgues et 

al., 2005; Orr et al., 2005). PISCES includes a description of the planktonic community with 

four functional groups (Diatoms, Nano-phytoplankton, Micro-zooplankton and Meso-

zooplankton). For this study, and because tunas show a wide vertical distribution, we selected 

the following variables to characterise the surface and subsurface environment: surface 

temperature (TEMP5, in ºC) and temperature at 100m (TEMP100, in ºC), sea surface salinity 

(SAL, in PSU), dissolved oxygen at 100m (DO, in mol/l), sea surface height (SSH, in m), 

mixed layer depth (MLD, in m), chlorophyll (DCHL, in mol/l) and meso-zooplancton 

averaged over 0-100m (ZOO, in mol/l). The latter two variables were used as a proxy for the 

biotic environment. All environmental variables were averaged to the same spatial (5ºx5º) and 

temporal (quarter) resolution as the fishery data.  
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2.3. Quotient analysis 

Tuna habitats were characterized in terms of geographical and environmental covariates 

extracted from the model using the quotient analysis technique (van der Lingen et al., 2001). 

In this method, the covariate of interest is divided into classes (equally sized bins) and the 

percentage of fishing locations and the percentage of total abundances per class are compared 

using the quotient: 
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 where Ni and Ai denote, respectively, number of locations and total abundance per class i. 

Quotients were calculated for each species and each environmental variable. Confidence 

intervals of the null hypothesis of even distribution (quotient equal to 1) were computed by a 

re-sampling procedure (following Bernal et al., 2007) with 400 iterations, in order to test for 

the significance of quotient values larger or smaller than 1. Preference values were defined as 

values of the covariates in which the CPUE quotient is significantly larger than 1 (or greater 

than the upper confidence interval). Avoidance values are those values of the covariate for 

which the CPUE quotient is significantly lower than 1 (i.e., below the lower confidence 

interval). Tolerance range is defined as the range of neither significant avoidance nor 

significant preference.  

 

2.4. Generalized Additive Models  

Habitat models were built for each species using GAMs, which are non-parametric 

generalisations of multiple linear regression techniques (Hastie and Tibshirani, 1990). A 

GAM enables fitting non-linear models for a wide family of statistical distributions, and thus 

is preferred to some other habitat modelling approaches (Guisan and Zimmermann, 2000). 

GAMs have been previously used to study habitat preferences of many tuna species using 

fishery data (Lan et al., 2013; Maury et al., 2001; Mugo et al., 2010; Sagarminaga and 

Arrizabalaga 2010), larval survey data (Rooker et al., 2013) as well as electronic tagging data 

(Hazen et al., 2013). In this study, the use of GAMs allowed the quantification of the 

percentage of null deviance that can be explained by habitat, and to determine the relative 

contribution of the environmental variables. Positive CPUE observations were assumed to 

follow a lognormal error distribution and they were modelled as a function of the 

environmental variables, as well as fixed factors for “year”, “season” and “stock”. The 
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environmental variables were modelled with spline functions. The degree of smoothness of 

model terms was restricted to 4 in order to assume a unimodal niche model (sensu 

Hutchinson, 1957). The fixed factors are intended to correct for spatial and temporal (seasonal 

and interannual) changes in abundance and/or catchability, although the estimated coefficients 

were not interpreted since the estimation of abundance and/or catchability trends is out of the 

scope of this paper. The “stock” factor, in addition to differences in abundance and/or 

catchability between oceans, also corrects for potential differences between TRFMOs in the 

way the data is gathered, that might affect average CPUE values.  

 

For each species, two steps were undertaken: first, we built univariate GAMs, i.e. a GAM for 

each variable independently. Second, we built full GAMs with both environmental and fixed 

factors. Changes in abundance and catchability are likely to occur at the stock level and so 

three way interactions among fixed factors were considered in the full GAMs. Scatterplots 

between environmental variables suggested high collinearity (R2>abs(0.6)) between TEMP5 

and TEMP100, TEMP5 and O2, and DCHL and ZOO (Figure 1). Thus, TEMP100, O2 and 

ZOO where excluded from the full GAMs. A stepwise backward model selection procedure 

was adopted, and the model with the lowest AIC was selected, following Chambers and 

Hastie (1992). Following the hierarchy principle, if an interaction was included in the model, 

lower order interactions and fixed factors were also included. The GAMs were built using the 

R v. 3.0 (R Development Core Team, 2013) and the mgcv 1.7-22 package (Wood, 2006). 

Missing values were omitted before the stepwise selection, so that model comparisons were 

based on the same dataset. The deviance explained by the model was estimated as 1-(residual 

deviance)/(null deviance), and is the equivalent to R2 in regression models (Guisan and 

Zimmermann, 2000). Selected models were used to predict and map the habitat preferences of 

all species. For predictions, the environmental variables were averaged across the whole 

period (1958-2007) in each position at a 1ºx1º resolution, and fixed factors were set to 

reference levels.  

 

3. Results  

Global tuna CPUE is represented in Figure 2. Southern bluefin tuna CPUE shows the 

southernmost distribution, and was caught mainly between 30°S to 50°S in the Indian and 

Western Pacific Ocean. Atlantic bluefin tuna shows the northernmost distribution, up to 

around 60°N, including the Mediterranean Sea. Albacore is a temperate to subtropical species 

with highest CPUEs between 20º-40º of each hemisphere. Relatively high CPUE for bigeye 
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tuna is also observed between 40ºS and 40ºN, while highest yellowfin CPUE are found 

around the equator. In the case of skipjack, whose northernmost distribution is limited to 

around 40ºN, highest CPUEs are observed around 20º latitude in each hemisphere.   

 

3.1. Quotient analysis 

The quotient analysis revealed some expected, as well as some other more novel patterns of 

preference, tolerance and avoidance of tunas with respect to the environmental variables. For 

instance, it is well known that tropical tunas (skipjack, bigeye and yellowfin tuna) prefer 

warmer surface waters than temperate tunas (albacore, Atlantic bluefin and southern bluefin). 

However, the preference-tolerance-avoidance patterns with respect to some other 

environmental variables are seldom described in the literature. Among the tropical tunas, 

yellowfin prefers a higher (beyond 25ºC) surface temperature range than bigeye and skipjack 

(between 20ºC and 28ºC). In the case of temperate tunas, the ranges of preference and 

tolerance are shifted to colder waters. Albacore avoids waters below 14ºC, which are 

preferred or tolerated by both Atlantic bluefin and southern bluefin. The preference range for 

southern bluefin and the tolerance range for Atlantic bluefin extend down to 4ºC (Figure 3, 

Figure S1). Similar patterns between species are observed for the subsurface temperature 

(TEMP100). It is remarkable that this analysis suggests that there is no well-established 

temperature preference, but the widest temperature tolerance range (approximately between 

1ºC and 20ºC) for Atlantic bluefin tuna. 

 

Atlantic bluefin showed a marked preference and tolerance for high salinity waters (above 37 

PSU), probably linked to the role of Mediterranean waters in their life cycle. Albacore and 

skipjack showed clearly defined preferred salinity ranges, at around 36-37 PSU. Bigeye, 

yellowfin and southern bluefin tuna showed less clearly defined preference windows that 

included lower salinity waters, as low as 33 PSU in the case of yellowfin.   

 

In general, tropical tunas preferred lower oxygen environments than temperate tunas. 

Yellowfin tuna preferred a wide range of relatively low oxygen waters (<0.2mmol/l) while 

bigeye tolerated them. Skipjack tolerance range was more restricted and avoided waters below 

0.1 mmol/l. All tropical tunas avoided oxygen rich environments that temperate tunas 

preferred/tolerated. Among the temperate tunas, albacore showed a relatively narrow 

preference-tolerance range compared to southern bluefin that showed the largest oxygen 

preference values. Atlantic bluefin tuna can also tolerate a similar range of oxygen values.  
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Tropical tunas, as well as albacore, prefer slightly negative or positive values of SSH. 

Yellowfin and albacore can tolerate higher SSH than bigeye and skipjack. On the contrary, 

bluefin tunas showed preference and tolerance for negative SSH values, Atlantic bluefin 

preferring most negative values. 

 

Relatively stratified waters (mixed layer depth < 80 m) are preferred by tropical tunas 

compared to temperate tunas. Albacore preference and tolerance ranges extend to about 200 

m, while southern bluefin tuna preference range extends to highly mixed waters with mixed 

layer depths of several hundred meters that Atlantic bluefin tuna tolerates.  

 

In general, relatively low DCHL and ZOO waters are preferred by tropical tunas and albacore, 

compared to both bluefin tunas, for which the preference and tolerance ranges are not very 

well defined, but results suggest that they can tolerate a wide range of DCHL and ZOO 

values.  

 

3.2. Generalized additive models  

In the univariate GAMs, the “stock” factor explained a relatively high proportion of the null 

deviance in the case of skipjack (23%), bigeye (20%) and albacore (12%), but less than 1% 

for other species (Table 1). The percent deviance explained by the “year” factor varied 

between 2% (in the case of bigeye) and 21% (in the case of skipjack), while that explained by 

the “season” factor was minor (< 2% in all cases except for bluefin). TEMP5 was the most 

important variable for yellowfin tuna, as TEMP100 was for southern bluefin. The proportion 

of null deviance explained by these two temperature related variables ranged between 38% 

(for southern bluefin) and 2% (skipjack) of total deviance. Oxygen, highly correlated with 

temperature, explained similar proportions. Salinity explained between 17% and 4% of the 

null deviance for southern bluefin, skipjack, albacore and Atlantic bluefin, with less than 2% 

for yellowfin and bigeye. 

 

SSH was the environmental variable that explained the highest percentage of deviance (22%) 

in the case of Atlantic bluefin, and between 28% and 5% for the rest of the species, except for 

albacore (<1%). In the case of MLD, the percentage explained was moderate, ranging 

between 10% (in the case of yellowfin) and 2% (in the case of skipjack). The percentage of 
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null deviance explained by DCHL and ZOO was also generally moderate, between 8% and 

1%. 

 

The full GAMs explained between 45% (for bigeye) and 64% (for skipjack) of the null 

deviance (table 2). For all species, the full GAMs selected with the AIC criteria included all 

the 5 environmental variables TEMP5, SAL, SSH, MLD and DCHL. They also generally 

included the three way stock:year:season interaction for fixed factors, except in the case of 

albacore where the interactions stock:year and stock:season were kept in the final model, and 

in the case of southern bluefin, with a single stock, where the year:season interaction was 

included.   

 

In general, model predicted distributional ranges and relative densities matched well the 

observations (Figure 2). However, some unexpected patterns were observed out of the range 

of observed values. The predictions for the species with most extensive data coverage 

(albacore, yellowfin, bigeye) were reasonable, with poor habitat predictions out of the 

observed range (e.g. north of 50ºN and south of 50ºS). In the case of southern bluefin, the 

models predicted suitable habitat also in the northern fringe (>40ºN) of the planet (where 

there are no observations of southern bluefin), but middle latitudes would act as a barrier to 

potential expansion from south to north. In the case of Atlantic bluefin, the model identifies 

the Mediterranean and the northern Atlantic (>40ºN) as most suitable, habitat suitability 

increasing further north beyond the northern range of the observations and decreasing towards 

the equator and southern hemisphere in spite of important catches that occurred in the past 

(Fromentin et al., 2014). In the case of skipjack (for which data were not available over the 

whole globe and is a bycatch species in longline fisheries), suitable habitat was predicted in 

areas with no observations, e.g. the Mediterranean, and at extreme latitudes around 60ºS in 

the southern ocean and at around 60ºN in the north Atlantic. The environmental variables in 

these areas are out of the ranges used in the skipjack model and thus the GAM predictions are 

unrealistic. However, skipjack model predictions within the observational range were 

reasonable. 

 

The final GAMs were kept as those describing the habitat of the tuna species, and their 

response curves for environmental variables were interpreted in terms of habitat suitability 

(Figure 4). The fitted smooth curves show the preference for warm waters (between 20ºC and 

30ºC) in the case of tropical tunas, for temperate waters (around 15ºC) in the case of albacore 
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and Atlantic bluefin tuna, and for colder waters (< 10ºC) in the case of southern bluefin. 

Salinity response curves showed a peak slightly above 35 PSU for southern bluefin, remained 

high above 36 PSU for Atlantic bluefin and showed an increasing trend beyond 36 PSU for 

albacore. Bigeye and yellowfin showed decreasing trends beyond 34 and 35 PSU 

respectively, but increasing trends were seen for skipjack. Response curves for SSH suggested 

that positive SSH anomalies were preferred by southern bluefin, albacore and skipjack, and 

negative SSH anomalies were preferred by Atlantic bluefin, bigeye, yellowfin and also by 

skipjack. Southern bluefin tuna preferred mixed layer depths beyond approximately 300 m, 

while Atlantic bluefin showed a clear preference for increasing mixed layer depths. Preferred 

mixed layer depths were between 50 and 400m for albacore, bigeye and yellowfin tunas. 

Albacore preferred low DCHL waters, while southern bluefin, Atlantic bluefin and yellowfin 

showed an optimum at relatively high concentrations. In spite of being selected in the final 

model, some response curves were relatively flat during most of the observed range (e.g. 

DCHL for bigeye and skipjack, or MLD for yellowfin and skipjack), suggesting a relatively 

low influence of these environmental variables compared to the others.  

 

4. Discussion 

Our study described tuna habitat and distribution as characterised by a set of environmental 

variables. Some of these variables (e.g. temperature, DCHL) have been used in previous 

studies (e.g. Sagarminaga and Arrizabalaga 2010; Mugo et al., 2010), but description of the 

habitat preferences based on other variables (e.g. MLD, ZOO) is rarely found in the literature. 

When available, these studies are limited to a single species and/or small areas (e.g. Dell et 

al., 2011). In our study, we use a common dataset and consistent approaches (quotient 

analysis and GAMs) to provide a comprehensive view of habitat preferences of six tuna 

species with respect to eight environmental variables that can be utilized in future studies and 

contribute to integrate the EAFM in the TRFMOs (e.g. through spatial approaches to 

management, or to anticipate climate change effects on populations and fisheries).  

 

Fishery data have been criticised for inducing biased conclusions about stock abundance 

trends because CPUE series may not accurately reflect trends of population abundance due to 

changes in fishing practice, efficiency of the fleets or environmental effects on catchability, 

among others (see Maunder and Punt, 2004; Maunder et al., 2006; Polacheck, 2006). In our 

case, we included fixed factors in the GAMs to accommodate changes in abundance and 

catchability. Moreover, interpreting abundance trends was out of the scope of this paper, 
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which focussed on revealing habitat preferences. In fact, extensive longline datasets with 

broad spatio-temporal coverage have supported a number of studies in relation to tuna 

distribution and habitat preferences (e.g. Fromentin et al., 2014; Reygondeau et al., 2012; 

Worm and Tittensor, 2011).  

 

Reygondeau et al. (2012) proposed a conceptual scheme where yellowfin, bigeye, albacore 

and bluefin species dominated different ecoregions as latitude increased. Our habitat 

predictions are generally consistent with that view, although latitudinal ranges of suitable 

habitat for bigeye tuna were comparable to those of albacore. Our predicted distributional 

ranges for albacore, bigeye and yellowfin were also comparable to those in Worm and 

Tittensor (2011), but were more extensive for both bluefin species and skipjack. This could be 

due to using a longer timeframe (including observations from the 1950s and the 2000s) as 

well as differences in data filtering prior to analysis. In the case of southern bluefin tuna, the 

predicted distribution in Eastern Australia was consistent with Hobday and Hartmann (2006) 

and Hartog et al. (2011). However, our habitat predictions showed a slightly higher latitudinal 

range compared to those predicted by coupled biophysical models in the case of skipjack in 

the Pacific Ocean (Bell et al., 2013; Lehodey et al., 2013), Indian Ocean (Dueri, 2012), and 

worldwide (Dueri, 2014), as well as in the case of Pacific bigeye tuna (Lehodey et al., 2010). 

The observed differences may be because our prediction represents a multidecadal average 

while those other studies show predictions for a more limited timeframe, or because they 

integrate additional data from purse seine and baitboat fisheries operating in tropical areas. 

However, another important difference is that biophysical models integrate, in addition to data 

on the physical habitat, biological dynamics (e.g. movement) that can concentrate the 

distribution of the population with respect to that of the suitable habitat (Dueri et al 2014). 

 

Although GAMs are statistically more rigorous than quotient analyses, similar environmental 

preferences were estimated with both approaches, especially for the variables showing most 

contrasting response curves in the final GAMs (TEMP5, SAL and SSH). However, due to 

collinearity issues, not all environmental variables were included in the GAMs. For instance, 

although temperature was an important variable for all species, other correlated variables like 

oxygen, not included in the GAMs, could similarly explain the observations. The quotient 

analysis (as well as the univariate GAMs) allows the description of the preferences with 

respect to each environmental variable, which could be useful when preferences for a variable 

not included in the final GAMs are required. This could be the case for oxygen, since the 
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spatial distribution of oxygen levels has been suggested to influence large pelagic species 

distribution and catchability (Prince et al., 2010).  

 

GAMs provide a continuous response curve of habitat suitability, while the quotient analysis 

allowed discriminating between preference, tolerance and avoidance ranges for a particular 

variable. Our definitions of tuna habitat preferences do not necessarily coincide with those 

used by other authors using other methods, thus comparison of our findings with previous 

studies may not be straightforward. For instance, the Cheung et al. (2013) definition of the 

temperature preference is similar to the quotient formula used here. However, they do not 

classify preference, tolerance and avoidance ranges following a statistical procedure as done 

in our study. Instead, they calculate the preference profile and provide the most preferred 

range of temperatures for each species characterized by the 25th, 50th and 75% percentiles. 

Boyce et al. (2008) define tolerance as the whole range of observed temperatures, and 

preference as the range where the species spent most (>40%) of the time during the studies 

they analyzed. 

 

There have been several studies using alternative techniques, datasets and models, providing 

comprehensive descriptions of the habitat preferences of tunas in the past (see Boyce et al., 

2008; Brill, 1994; Brill and Lutcavage, 2001; Sund et al., 1981). Most detailed studies, using 

tagging data (e.g. Galuardi et al., 2010; Schaefer et al., 2014), fine scale fishery datasets (e.g. 

Briand et al., 2011; Sagarminaga and Arrizabalaga, 2010) and fine scale environmental 

observations from surveys or satellites (e.g. Druon et al., 2011; Royer et al., 2004) focused on 

relatively small spatial scales (e.g. the range of the local fishery activity or the spatial range 

visited by the tagged tunas during a relatively short period of time), hampering comparative 

analyses.  

 

Considering the differences in the nature of the data and the approach used, our results are 

generally consistent with several other studies. For example, temperature preferences 

provided in Boyce et al. (2008) are comparable to those provided in this study. However, 

Hazen et al. (2013), using an extensive and detailed tagging dataset, estimated an optimum of 

around 20ºC for yellowfin, while our results of both the quotient analysis and the GAM 

suggest a preference for waters of up to 30ºC. This discrepancy might be due to the different 

areas analysed, since their study focussed on the north-eastern Pacific, while ours included the 

entire tropical region. In the case of albacore, our quotient analysis results for temperature 
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preference (up to and beyond 20ºC) are comparable to those of Hazen et al. (2013), while our 

GAM results suggest somewhat lower preferred values (around 15ºC), more in line with 

Boyce et al. (2008) and Lan et al. (2012). The higher chlorophyll preferences in Hazen et al. 

(2013) are also explained because their study area, containing important upwelling systems, is 

on average richer in chlorophyll. The 25%-75% interquartile range of the temperature 

preference profile in Cheung et al. (2013) is also consistent with our estimates, but in the case 

of temperate tunas the tolerance we estimated extended to colder waters. This could have 

several explanations. First, both studies have a different definition of tolerance. Moreover, 

Cheung et al. (2013) focussed on Large Marine Ecosystems which encompass relatively 

coastal waters compared to more oceanic areas in our study. Some tunas can visit coastal 

areas in summer to feed (e.g. see Goñi and Arrizabalaga, 2010), but they overwinter in 

oceanic waters. Since our study is focussed on oceanic waters, this might explain the 

differences observed with respect to Cheung et al. (2013). Finally, our study reflects mostly 

habitat preferences for adult tunas (since it is based on longline data that mostly catches adult 

fish), and this could also explain some of the discrepancies with respect to other studies. 

 

The quotient analysis showed the widest tolerance ranges (i.e. for TEMP5, TEMP100, SAL, 

SSH, MLD, and ZOO) for Atlantic bluefin tuna. In fact, it is the only species where TEMP5 

is relatively non important. This finding is in agreement with other studies (Boyce et al., 

2008; Cheung et al., 2013; Fromentin et al., 2014; Hazen et al., 2013; Lutcavage et al., 2000; 

Teo et al., 2007; Walli et al., 2009), and suggests that bluefin tuna is the species able to 

tolerate the widest ranges of environmental conditions, as supported by its physiological 

capabilities (Block et al., 2001; Block and Stevens, 2001). Fromentin et al. (2014) stated that 

the abiotic niche for Atlantic bluefin tuna is unusually large for a bony fish and our findings 

tend to confirm that Atlantic bluefin can also tolerate a wide range of biotic environments (in 

terms of plankton concentrations). To a lesser degree, southern bluefin tuna also showed wide 

tolerance ranges to environmental conditions, probably due to the diversity of habitats 

encountered in the southern ocean and the plastic behaviours in response to their changing 

ocean environment (Bestley et al., 2009).  

 

Determining the relative importance of environmental variables is challenging. For instance, 

temperature and oxygen are considered to be important variables determining tuna habitat 

(Brill, 1994; Li et al., 2012). They both explained a relatively high percentage of deviance in 

univariate GAMs, but the correlation between them impeded inclusion of oxygen in the final 
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GAMs, thus not allowing a determination of relative importance. Response curves for SAL, 

TEMP5 and SSH generally showed more contrast in comparison to those of MLD and DCHL. 

This, together with the univariate GAM results, suggests that these three variables are among 

the most important drivers of tuna spatial distribution. Results with respect to SSH were 

consistent with other finer scale studies suggesting Atlantic bluefin preference for negative 

SSH characteristic of mesoscale cyclonic eddies (Teo and Block, 2010) and skipjack 

preference for zero to positive anomalies (Mugo et al., 2010). In the case of yellowfin, MLD 

appeared slightly more important than SSH. This is in agreement with Dell et al. (2011) who, 

using a detailed fishery database, found MLD to be more important than SSH for yellowfin in 

the Tasman Sea. However, they also identified DCHL as one of the important variables for 

yellowfin. The importance of DCHL was also suggested by Briand et al. (2011), using a 

detailed fishery dataset, for Pacific albacore. These results regarding the importance of DCHL 

are consistent with our results, since response curves for this variable showed relatively 

higher influences in these two species compared to bigeye or skipjack where the response 

curves were rather flat. Still, spatio-temporally averaged DCHL values might not best 

determine, by themselves, the distribution of these visual predators, compared with DCHL 

fronts to which tunas might be attracted (Brill and Lutcavage, 2001; Royer et al., 2004; 

Sagarminaga and Arrizabalaga, 2014). Moreover, the effects of such fronts on tuna 

distribution might not be detectable with the spatio-temporal resolution used in this study. 

 

The importance of salinity for tuna distribution remains controversial in the literature, with 

some suggesting it is not important in influencing oceanic distribution (Sund et al., 1981), 

while others have found it to be influential (e.g. Bernal et al., 2009; Maury et al., 2001; 

Reygondeau et al., 2012). Our GAM results tend to support the importance of salinity since 

this variable showed variable response curves for all the species. However, the mechanisms 

through which salinity could affect tuna distribution remain unclear and could be a proxy of 

other underlying processes. Maury et al. (2001) suggested that low salinities could indicate 

favourable trophic areas induced by fluvial water supplies. In fact, trophic resources must 

play a major role in the spatial distribution of tunas, as suggested by several relatively small 

scale studies (Bestley et al., 2009; Lezama et al., 2010; Schick and Lutcavage, 2009) and the 

fact that tunas conduct, as part of their life cycles, extensive trophic migrations to exploit 

seasonally productive areas (e.g. Dufour et al. 2010, Fonteneau et al., 2008). In this study, we 

have used DCHL and ZOO as simple proxies for prey concentration, but trophodynamics of 

tunas are complex and dynamic (Young et al., 2014). The general lack of prey field 
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observations at both small and larger spatial scales prevents the study of their impact on tuna 

distribution. Future model developments (e.g. Lehodey et al., 2008) as well as new acoustic 

technologies (e.g. Handegard et al., 2013) may be able to provide further insights on the 

relative importance of biotic and abiotic variables.  

 

Additional insights into tuna habitat preferences are expected to arise from electronic tagging 

experiments. So far, in most of the tagging studies, the spatial and temporal extent of data 

time series is often limited in relation to the total distribution of the populations, and the 

temporal and spatial scale of environmental influences may not be well captured. Tagging 

data are often biased to those areas closest to deployments because of short temporal periods 

at liberty and an associated lack of dispersal across the full extent of the species range 

(Hobday and Evans, 2013). In the future, additional development of electronic tags (e.g. 

including new sensors), as well as new approaches to the analysis of the data they generate 

(e.g. by identifying spawning (Aranda et al., 2013) and feeding (Bestley et al., 2008) activity), 

will be helpful to characterize spawning and feeding habitats of tunas. Achieving longer 

deployments and lowered prices to allow sustained and widespread use (e.g. Block et al., 

2011; Hazen et al., 2013) would also be desirable. Although some initiatives are underway 

(Musyl et al., 2011), further development of tagging data sharing protocols and tools would 

allow global habitat analyses based on detailed datasets. In the meantime, fishery data remain 

a valuable source of information to analyse global habitat of tunas at broad spatial and 

temporal scales.  
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Tables 

Table 1: Percent deviance of log(CPUE) explained by each variable in univariate GAMs 

(each variable modelled separately). sbt: southern bluefin tuna (Thunnus maccoyii); bft: 

bluefin tuna (Thunnus thynnus); alb: albacore (Thunnus alalunga); bet: bigeye tuna (Thunnus 

obesus); yft: yellowfin tuna (Thunnus albacares); skj: skipjack tuna (Katsuwonus pelamis); 

temp5: temperature at 5 m; temp100: temperature at 100 m; sal: salinity; o2: oxygen; ssh: sea 

surface height anomaly; mld: mixed layer depth; ldchl: dissolved chlorophyll (log scale); 

lzoo: zooplankton concentration (log scale).  
 

 sbt bft alb bet yft skj 
stock  0.01 12.11 19.57 0.78 23.27 
year 6.6 19.71 5.83 2.22 9.39 20.6 
season 0.63 1.93 1.81 0.32 0.57 1.43 
temp5 37.55 11.55 14.55 11.7 32.23 6.39 
temp100 38.17 15.31 6.98 8.83 22.65 2.21 
sal 16.87 4.17 8.48 1.33 1.65 9.33 
o2 35.23 16.3 21.68 14.6 31.19 9.49 
ssh 27.84 21.94 0.75 6.25 4.61 14.17 
mld 5 2.86 6.42 4.56 9.53 2.04 
ldchl 2.92 8.31 4.49 1.5 4.09 5.67 
lzoo 7.33 1.39 2.99 3.2 2.4 6.78 
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Table 2: Results of full GAMs, with final Akaike Information Criteria (AIC) and the percent 

deviance explained by the model (% Dev). For each variable retained in the final model, 

“df/edf” indicates the degrees of freedom (for fixed factors) or estimated degrees of freedom 

(for environmental variables). Empty cells indicate that the variable was not included in the 

final model. AIC’ indicates the AIC value of the model when that particular variable was 

dropped during model selection. Dropping fixed factors or two way interactions was not 

tested if a higher order interaction was included in the model. 
Southern 
bluefin 

Atlantic 
bluefin  Albacore  Bigeye  Yellowfin  Skipjack 

%Dev=  55.87  %Dev=  52.29 %Dev= 53.78 %Dev= 45.35 %Dev= 50.2  %Dev=  63.71

AIC=  30812.9  AIC=  15169 AIC= 203361.9 AIC= 206289.3 AIC= 204616.1  AIC=  45158.3

Variable  df/edf  AIC'  df/edf  AIC'  df/edf  AIC'  df/edf  AIC'  df/edf  AIC'  df/edf  AIC' 

stock 1 5 3 3 3 

year 40 47 47 47 47 47 

season 3 3 3 3 3 3 

stock:year 47 192 209572.9 140 140 137 

stock:season 3 14 204264.4 9 9 9 

year:season 119 30950.2 140 141 141 141 

stock:year:season 111 15184.6 420 206396.7 420 204976.7 386 45229.9 

s(temp5) 3.9 32022.1 3.87 15209.9 4 214533.2 3.99 217930.2 3.99 221981.0 3.97 45688.7 

s(sal) 3.95 31029.9 3.77 15217.7 3.77 203658.0 3.99 208181.1 3.99 206012.8 3.38 45475.1 

s(ssh) 3.98 31061.6 3.69 15337.1 4 211483.8 3.98 211367.2 3.97 204993.7 3.99 45461.4 

s(mld) 3.97 30953.5 1.4 15186.2 3.87 203547.0 4 208656.0 3.96 205617.9 2.53 45173.3 

s(ldchl) 3.83 31167.3 3.83 15221.7 3.95 204827.7 3.97 206851.9 3.97 205523.0 3.43 45163.7 

 

Figure captions 

Figure 1. Pairwise scatter plots for all environmental variables. The lower diagonal set of 

plots shows the correlation coefficient (note that the font size of the correlation if proportional 

to its size) and the upper diagonal shows the scatter plots (see Table 1 legend for acronyms).  

 

Figure 2. Full GAM predictions of habitat and observed log(CPUE) of tuna species. The 

coloured scale represents the predicted log(CPUE) at 1ºx1º resolution, and the circles are 

proportional to observed average log(CPUE) at a 5ºx5º resolution. 
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Figure 3. Summary of quotient analyses, with species specific preference (green), tolerance 

(yellow) and avoidance (red) ranges for each environmental variable.  

 

Figure 4. Response of species specific log(CPUE) to each environmental variable in the full 

GAMs (see table 1 legend for acronyms).  
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Figure 4.  
 

a) Albacore tuna (Thunnus alalunga): 
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b) Bluefin tuna (Thunnus thynnus): 
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c) Southern bluefin tuna (Thunnus maccoyii): 
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d) Bigeye tuna (Thunnus obesus): 
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e) Yellowfin tuna (Thunnus albacares): 
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f) Skipjack tuna (Katsuwonus pelamis): 

 
 
 
 
 




