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Abstract: Changes in marine environments affect fishery resources at different spatial and temporal
scales in marine ecosystems. Predictions from species distribution models are available to
parameterize the environmental characteristics that influence the biology, range, and habitats
of the species of interest. This study used generalized additive models (GAMs) fitted to two
spatiotemporal fishery data sources, namely 1◦ spatial grid and observer record longline fishery
data from 2006 to 2010, to investigate the relationship between catch rates of yellowfin tuna and
oceanographic conditions by using multispectral satellite images and to develop a habitat preference
model. The results revealed that the cumulative deviances obtained using the selected GAMs were
33.6% and 16.5% in the 1◦ spatial grid and observer record data, respectively. The environmental
factors in the study were significant in the selected GAMs, and sea surface temperature explained the
highest deviance. The results suggest that areas with a higher sea surface temperature, a sea surface
height anomaly of approximately −10.0 to 20 cm, and a chlorophyll-a concentration of approximately
0.05–0.25 mg/m3 yield higher catch rates of yellowfin tuna. The 1◦ spatial grid data had higher
cumulative deviances, and the predicted relative catch rates also exhibited a high correlation with
observed catch rates. However, the maps of observer record data showed the high-quality spatial
resolutions of the predicted relative catch rates in the close-view maps. Thus, these results suggest
that models of catch rates of the 1◦ spatial grid data that incorporate relevant environmental variables
can be used to infer possible responses in the distribution of highly migratory species, and the
observer record data can be used to detect subtle changes in the target fishing grounds.

Keywords: tropical Pacific Ocean; yellowfin tuna; generalized additive models; habitat preference

1. Introduction

The biophysical environment plays an essential role in controlling the distribution and abundance
of top predators, such as tuna, in the ocean. However, the integrity of large marine ecosystems
has been compromised because of the depletion of the ocean’s top predators by large-scale fishing
operations [1,2]. Since the 1950s, large-scale fisheries have targeted tuna, billfish, and other large
predators in the ecosystem of the tropical Pacific Ocean (TPO) [3]. Comparison of the catch, size,
and species composition of research surveys of the 1950s and 1990s suggests a substantial decline in
the abundance and mean size of these large predators and an increased abundance of formerly rare
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species [3–5]. Changes in marine environments also affect fishery resources at different spatial and
temporal scales [6,7]. Therefore, the availability of oceanographic and biological information concerning
large predators will improve fishing operations as well as the management of fishery resources [8–10].

Yellowfin tuna (Thunnus albacares) are a vital component of tuna fisheries throughout the TPO
and are harvested using a wide variety of gear types, including small-scale artisanal fisheries in the
Pacific islands and distant-water large longliners and purse seiners that operate in equatorial and
tropical waters [11]. In the northeastern Pacific Ocean, archival tag data of the mature yellowfin tuna
show cyclical movements between suitable spawning and feeding ground habitats, and most yellowfin
tuna remain at shallow depths (<50 m) at night and do not dive into greater depths (>100 m) during
the day [1,12]. Remote satellite observations of the sea surfaces provide considerable information for
assessing and improving the potential yield of fishing grounds. The sea surface temperature (SST) and
chlorophyll (Chl)-a concentration have been suggested to play a role in generating distribution patterns
and variability in tuna abundance [12–15]. Studies have indicated that yellowfin tuna prefer warm
waters and are found in regions with a high Chl-a concentration and net primary productivity [1,12–15].
The sea surface height can be used to infer oceanic features, such as current dynamics and fronts [16],
and the mesoscale oceanic dynamical processes including eddies, convergences and upwelling can be
reflected in sea surface height anomaly (SSHA). Pelagic tuna species aggregate around the fronts and
eddies where their preferred prey gathers [9,17].

As such, resolving the potential effects of environmental variability on species habitats requires
high-resolution spatiotemporal oceanographic and fishery data [18,19]. Large-scale longline fisheries in
Taiwan are the major producers of tuna in the western and central TPO since the 1950s, and yellowfin
tuna is a vital target species [20]. In the TPO, historical catch information and logbook data for
Taiwanese longline fishery has been available since 1964. Previous studies have investigated the stock
assessment and fishery oceanography for high trophic level predators, including bigeye tuna, yellowfin
tuna, albacore, and billfish, and mostly used Taiwanese longline fishery data with 5◦ grid spatial
resolution [15,17,20,21]. However, averaging the environmental data (i.e., SST, Chl-a, and SSH) over
a 5◦ block would lose detail information for the small scale environmental variabilities, such as the
fluctuation of eddy current and continuous change of SSTs. Consequently, the finer spatial resolution
(e.g., 1◦ grid spatial resolution and observer record fishing position data) is essential for fisheries
environmental studies and should be adopted to detect the distribution patterns of high trophic level
predators for small-scale areas.

Catch rate models that incorporate relevant variables associated with environmental variations
can be used to infer possible factors influencing the distribution of highly migratory species, such as
yellowfin tuna. The distribution and abundance of tuna are environment sensitive and strongly
associate with high-density foraging [9,22,23]. Yellowfin tuna most likely respond synoptically to
certain environmental factors. Thus, combining several environmental factors that might provide
novel insight into detecting high-density tuna foraging areas and thus potential fishing grounds
(tuna habitats) is essential. Generalized additive models (GAMs) are a semiparametric extension of
generalized linear models with an assumption that the functions are additive and the components
are smooth [24]. The strength of GAMs is their ability to handle highly nonlinear and nonmonotonic
relationships between responses and the set of explanatory variables, making them ideal for expressing
underlying relationships in ecological systems [25]. This technique has been successfully used to
describe the habitat preferences of target and nontarget species and has often been used to predict
species distributions [7,9,21,25].

This study investigated the relationship between catch rates of yellowfin tuna and oceanographic
conditions (SST, Chl-a, and SSH) by using multispectral and microwave radar satellite images and
developed a habitat preference model by using GAMs in the TPO. Two sources of spatiotemporal fishery
data, namely a 1◦ spatial grid compiled from logbooks and observer record data (O-data) reported by the
fishing fleet observers of the Taiwanese longline fishery industry, were used in this study. The O-data
were apparently daily catch, detailed fishing position, and effort data from individual fishing fleet.
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To investigate the relationship of habitat modelling by applying the GAMs at different resolution scales
can improve our knowledge of the deviance explained and predicted accuracy of yellowfin tuna in the
Pacific Ocean. Understanding the effects of environmental conditions on fish catch rates through fishing
condition and habitat preference model studies is an essential step for the ecosystem-based management
of fisheries, which is increasingly becoming a standard approach in management policy.

2. Data and Methods

2.1. Yellowfin Tuna Fishery Data

Two spatiotemporal fishery data sources used for analyses from 2006 to 2010 were provided by
the Overseas Fisheries Development Council of Taiwan. The fishery data of the 1◦ spatial grid and
O-data comprised daily fishing positions (latitude and longitude), fishing effort (number of hooks),
fishing date, and catch (in number). The observed catch rate was calculated as the number of fish
captured per 1000 hooks (fish/103 hooks). The catch and effort data were aggregated into 7- and
15-day resolved datasets to match the temporal scales of environmental data.

2.2. Remotely Sensed Environmental Data

Satellite-derived SST data were used to produce daily high-resolution optimally interpolated SST
and downloaded from the National Climatic Data Center (https://www.ncdc.noaa.gov/). The in situ
SST data were blended with those from the Advanced Very High Resolution Radiometer (AVHRR)
infrared satellite and Advanced Microwave Scanning Radiometer for the Earth Observing System
(AMSR-E). The analyses have a spatial grid resolution of 0.25◦ and a temporal resolution of one
day. The NASA Aqua satellite contains the Moderate Resolution Imaging Spectroradiometer sensor
(MODIS) that is used for detecting the Chl-a concentration in oceans worldwide, and its data
was downloaded from the NASA Ocean Color Web (http://oceancolor.gsfc.nasa.gov/). The level
3 standard mapped image of MODIS Chl-a dataset has a daily temporal resolution and spatial
resolution of 4.6 km (at the equator). The sea surface height anomaly (SSHA) was obtained from
the Archiving, Validation, and Interpretation of Satellite Oceanographic data. A combined SSHA
data product from the TOPEX Poseidon, ERS, and Jason1 satellite with approximately 1/3◦ spacing
resolution is used. The SSHA is calculated with respect to the seven-year mean (January 1993 to
December 1999) and mapped onto a global irregular grid with approximately 1/3◦ spacing.

7- and 15-day averaged composite maps were constructed from the daily Chl-a maps to reduce missing
data due to cloud coverage. The areal coverage of 7- and 15-day averaged maps were approximately
57.75% and 77.5%, respectively. The 15-day temporal resolution to determine latitude and longitude
positions from fishery data to match environmental data (SST, Chl-a, and SSHA) and to fit GAMs.

2.3. Statistical Models for Spatial Predictions of Catch Rate

GAMs were used to predict the spatial patterns of potential yellowfin tuna habitats from the
relationships determined between environmental variations and catch rates in 2006–2009. The GAMs
were constructed using R (Version 2.15.0) by using the GAM function of the mgcv package [26],
with the catch rate as the response variable and environmental factors (SST, Chl-a, and SSHA) as
predictor variables. GAMs facilitate analyzing multiple nonlinear relationships between covariates and
response variables in a semiparametric manner and explain the variance in the response variable [24].

The GAM was construed as follows:

log(catch rate + c) = a0 + s(x1) + s(x2) + s(x3) + . . . s(xn) (1)

All covariates were considered to be continuous, and the effective degrees of freedom were
estimated for each main factor. In Equation (1), a0 is the model constant and s(xn) is a spline smoothing
function for each model covariate xn. c is 10% of the overall mean of the observed catch rate. Because the
log-link function cannot handle zeroes, a constant value of c was added to all catch rates. A constant
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value of c is commonly used in catch rate standardizations. The model with the optimal conformation
was selected using a stepwise procedure that was based on the lowest Akaike’s Information Criterion.
Diagnostic plots (i.e., the distribution of residuals and quantile–quantile plots) were used to evaluate
the model conformation.

The selected GAMs were used to predict the relative abundance of yellowfin tuna across the
TPO from 2006 to 2009. Furthermore, the selected GAMs that were based on data from 2006–2009
and the environmental data of 2010 were used to predict the relative abundance of yellowfin tuna in
the 2010. The predicted catch rates were mapped using IDL 8.0 and subsequently overlaid with the
observed catch rates. We further compared the observed and predicted catch rates of two sources of
spatiotemporal fishery data by linear regression.

3. Results

3.1. Catch Rate Patterns of Yellowfin Tuna in the TPO

The spatial distribution of the observed catch rates from 2006 to 2009 of the 1◦ spatial grid data
(Figure 1) showed seasonal variations. The highest observed catch rates (>2.28 inds/103 hooks) were
mainly concentrated in the TPO, particularly in the range of 0◦–20◦S and 150◦E–160◦W and extended
to 160◦W in the second quarter. Moreover, the spatial distribution of O-data (Figure 2) also indicated
that the highest observed catch rates (>2.96 inds/103 hooks) were mainly concentrated in the TPO.
However, the O-data covered only few vessels operating in the TPO, and seasonal variations were not
obvious because of the lack of data.

3.2. GAM Analysis and Selection of Error Model and Explanatory Variables

The total number of 15-day averaged observations used in the GAMs was 18,657 for the 1◦

spatial grid data and 2554 for the O-data in 2006–2009. The model selection processes are shown
in Table 1, and the variables used were statistically significant (p < 0.01) for SSHA, SST, and Chl-a.
The addition of predictor variables at different levels resulted in an increase in the deviance explained.
In the one variable models, SST explained the highest deviance (32.3% for 1◦ spatial grid data and
11.0% for O-data) and SSHA explained the lowest deviance (0.16% for 1◦ spatial grid data and 1.46%
for O-data). The cumulative deviances explained by the selected GAMs (lowest AIC value and
highest deviance) were 33.6% and 16.5% in the 1◦ spatial grid data and O-data, respectively. Normal
quantile–quantile plots indicated that the distributions of residuals for the selected GAMs of the
two sources of spatiotemporal fishery data adequately conformed to the assumption of a Gaussian
distribution (Figures 3a and 4a).
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Table 1. Deviance explained, and AIC of yellowfin tuna catch rates values explained in a generalized
additive model (GAM) with sequentially added variables. (a) 1◦ spatial grid data (b) observer record
data from 2006 to 2009 in the tropical Pacific Ocean (TPO).

(a)

Deviance Explained AIC p Value

(SST) 32.30% 54,340.69 <0.01
(CHL) 6.20% 60,466.75 <0.01

(SSHA) 0.16% 61,644.42 <0.01
(SST) + (CHL) 33.50% 54,023.75 <0.01

(SST) + (SSHA) 32.40% 54,332.00 <0.01
(CHL) + (SSHA) 5.65% 6058.38 <0.01

(SST) + (CHL) + (SSHA) 33.60% 54,003.60 <0.01

(b)

Deviance Explained AIC p Value

(SST) 11.00% 5924.31 <0.01
(CHL) 2.65% 6150.07 <0.01

(SSHA) 1.46% 6175.01 <0.01
(SST) + (CHL) 14.60% 5843.11 <0.01

(SST) + (SSHA) 13.10% 5873.93 <0.01
(CHL) + (SSHA) 3.75% 6131.81 <0.01

(SST) + (CHL) + (SSHA) 16.50% 5796.74 <0.01

For the 1◦ spatial grid data, a positive association was observed between the catch rates and SST
of approximately 25.0 ◦C–30.0 ◦C (Figure 3b), an SSHA of approximately −10.0 to 20.0 cm (Figure 3c),
and a Chl-a concentration of approximately 0.05–0.25 mg/m3 (Figure 3d). The association between the
catch rates of O-data and environmental factors were obvious the similar trends for the 1◦ spatial grid
data (Figure 4b–d).
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3.3. Predicted Spatial Distribution of Yellowfin Tuna in the TPO

All the observed catch rates were plotted on the model-predicted relative abundance maps to
examine the validation of the model predictions (Figures 5 and 6). The predicted relative catch rates
exhibited trends similar to those of the observed catch rates and had a significantly high correlation
with the 1◦ spatial grid data (p < 0.05, r = 0.58) and O-data (p < 0.05, r = 0.38).
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Furthermore, the model-predicted relative abundance in the TPO for each quarter during
2006–2009 of the 1◦ spatial grid and O-data is shown in Figures 7 and 8 (2009 as an example). A high
relative abundance was observed in the western areas in the first quarter (Figure 7a) and extended
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to the central and eastern areas after the second quarters (Figure 7b–d). The relative abundance of
the O-data was lower than of the 1◦ spatial grid data but showed the similar patterns (Figure 8).
The high catch rates of O-data were mainly concentrated in the western (150◦E–170◦E) and central
(150◦W–170◦W) region in the TPO.
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Figure 8. Distribution images of 15-day averaged observer record-observed catch rates (solid circles)
overlaid on the predicted catch rates of yellowfin tuna (0.25◦ pixel) for the TPO for February, May, July,
and October 2009.

The closed-view maps of the two fishery data sources for the area in the red box with a higher
relative abundance in Figure 9a,c are shown in Figure 9b,c, respectively. The close-view maps of the 1◦

spatial grid show that the higher relative abundances were concentrated in the central TPO (Figure 9a)
and the O-data was concentrated in the range of 160◦W–176◦W and 4◦S–8◦S (Figure 9b). The high
observed catch rates of the 1◦ spatial grid were corresponded to the high relative abundance (Figure 9b)
and the O-data maps showed the high-quality spatial resolutions (Figure 9d).
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On the basis of the aforementioned results, the cumulative deviances of selected GAMs and
correlations between observed and predicted relative abundance were higher for the 1◦ spatial grid
data. In the 1◦ spatial grid, the relative abundance of yellowfin tuna in 2010, predicted by the selected
GAMs (2006–2009) and environmental data of 2010, was similar to the observed catch rates in 2010
(Figure 10). The predicted and observer catch rates exhibited a significant correlation throughout
the year (p < 0.05), and the highest and lowest correlations were observed in November and April,
respectively (Figure 11).
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4. Discussion

Predictions using species distribution models are most effective when sufficient location data,
free from sampling bias, are available to parameterize the environmental characteristics that influence
the biology, range, and habitats of the species of interest [27]. The different spatiotemporal
fishery-dependent datasets may have a sampling bias introduced by behavioral effects related to
fishing operations, accuracy correction, and government restrictions. However, these data are the
most abundant and widely available for fisheries scientists and managers [7,13]. The present findings
reveal that the environmental factors account for a considerable proportion of catch rate variations
of yellowfin tuna in the TPO from the two sources of spatiotemporal fisheries data. The effects of
environmental variables on yellowfin tuna distributions and fisheries that utilize the stock could be
evaluated because the statistical model included relevant environmental variables.

The relative abundance of yellowfin tuna in the TPO changed seasonally and between years because
of interannual variability in ocean conditions and behaviors of yellowfin tuna. The environmental
factors of SST, Chl-a, and SSHA in the study were significant in the selected GAMs and indicated that
the major fishing seasons were in the second and third quarters and were concentrated in western
and central TPO. These results suggest that the areas with a higher SST, an SSHA of approximately
10.0–20 cm, and Chl-a concentration of approximately 0.05–0.25 mg/m3 yield higher catch rates of
yellowfin tuna. The SST is a vital variable for more comprehensively understanding the interactions
between ocean and atmosphere related to fish behaviors [14,17,28]. Typically, average SSTs are higher
in the western Pacific than in the eastern Pacific, and annual maximum temperatures of approximately
30 ◦C characterize the western Pacific warm pool. The SST varies seasonally and varies up to 7 ◦C
throughout the year away from the equator, and the interannual variability is mainly associated with
the climatic variability [23,29]. Yellowfin tuna primarily occur in waters where surface temperatures are
20 ◦C–30 ◦C, although their low numbers have been reported to occur in waters having a temperature
of 15 ◦C [1,12–15]. Temperature appears to influence the distribution of yellowfin tuna in all regions,
except for the eastern Pacific Ocean where both temperature and oxygen concentrations contribute to
a cold hypoxic environment, restricting the distribution of most tuna and billfish [30].

Furthermore, high catch rates mostly did not occur in areas with the highest Chl-a concentrations
but more so in areas with intermediate Chl-a concentrations. The phenomenon suggests that
productivity per se does not cause tuna aggregation; however, the downstream development of
secondary production provides an attractive habitat for yellowfin tuna and other tuna [23]. Therefore,
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Lan et al. [15] and Yen and Lu [31] have reported a positive relationship between high tuna abundance
in high pigment concentrations and appeared time-lagged correlation in the Arabian Sea and tropical
Pacific, respectively. The short temporal response of yellowfin tuna catches to seasonal changes also
suggests that shifts in the distribution of the longline fleet are more strongly influenced by changing of
sea temperature rather than Chl-a concentration [9,32].

The SSHA used in the study was obtained from a combined mulitsatellite data product.
Admittedly, at least two altimetric missions are needed to resolve the main space and time scales of
ocean circulation and allow a mapping of the sea level and ocean circulation variations with a suitable
accuracy, particularly of the mesoscale phenomena [33–35]. The high-resolution merged multi-SSHA
maps reduce missing data and mapping errors than do either individual datasets and more realistic sea
levels and geostrophic velocity statistics [35]. Nieto et al. [10] proposed that predators (i.e., pelagic tuna
species) aggregate around the fronts and eddies where their preferred prey gathers. The mesoscale
oceanographic features would lead to the aggregation of tuna forage both by entrainment and
by encouraging vertical mixing and introducing nutrients into the photic zone, thus promoting
phytoplankton growth, which may subsequently attract predators from higher trophic levels [36,37].
These results indicate that the catch rate of yellowfin tuna was positively correlated with SSHA values
of approximately −10.0 to 20.0 cm and implied a preference for areas with zero anomalies and closely
associated with edges of warm and cool eddies.

The 1◦ spatial grid data collected from the logbooks of all Taiwanese distant-water tuna longline
fisheries operating in the TPO were crosschecked with the daily report to verify the set location [38].
Subsequently, the daily catch and effort by 5◦ and 1◦ square blocks were computed by summing
the catches and effort with similar fishing times and areas. The O-data recorded by the fishing
fleet observers were detailed and highly accurate but covered only approximately 5–10% of vessels
operating in the TPO. The environmental factors in the study were significant in the selected GAMs,
but the 1◦ spatial grid data had higher cumulative deviances; the observed catch rates were highly
correlated with the predicted relative catch rates. However, the O-data map showed the high-quality
spatial resolutions of the predicted relative catch rates in the close-view maps. Thus, these results
suggest that models of catch rates of the 1◦ spatial grid data that incorporate relevant environmental
variables can be used to infer possible responses in the distribution of highly migratory species.
Furthermore, the O-data can be used to detect subtle changes in the target fishing grounds.

5. Conclusions

Understanding the effects of environmental conditions on fish catch rates is an essential step
toward ecosystem-based management of fisheries, which is increasingly becoming a standard approach
in management policy [39,40]. For example, the impact of climate variability leads to changes in the
fishing location, which increases the cost associated with the movement of fishing vessels and the oil.
Some oceanic factors derived from the model, such as atmosphere–ocean general circulation models
(which are appropriate for simulating climatic scenarios) and those developed in this paper, can be
used for predicting the future distribution and abundance of fish species [23,41]. The predicted fish
habitat variability can help to maintain constant fish catch rates despite climate-driven interannual
variability and help to prevent overfishing in periods of fish abundance. Thus, the results of this study
suggest that models of catch rates of the 1◦ spatial grid data that incorporate relevant environmental
variables can be used to infer possible responses in the distribution of highly migratory species, and the
O-data can be used to detect subtle changes in the target fishing grounds.

The processes associated with environmental variations that influence the spatial pattern of
yellowfin tuna remain unclear in this study. Dissolved oxygen and feeding behavior are critical
constraints considering the vertical and horizontal distributions of yellowfin tuna. Furthermore,
studies on the habitat of each cohort of yellowfin tuna related to environment variability are unexplored.
Large-scale movements and coarse-scale distributions can be considered the composite results of many
fine-scale behavioral “decisions,” in which fish cohorts react to ambient conditions with respect to
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their environmental and physiological requirements [42,43]. Future studies must investigate the
distributions of yellowfin tuna cohorts by simulating animal responses to the spatial heterogeneity of
biotic and abiotic conditions in a dynamic marine landscape.
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