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Abstract. Istnaeni ZD, Gaol JL, Zainuddin M, Fitrianah D. 2023. Implementation of the Pelagic Hotspot Index in detecting the habitat
suitability area for bigeye tuna (Thunnus obesus) in the eastern Indian Ocean. Biodiversitas 24: 5044-5056. Bigeye tuna (Thunnus obesus
Lowe, 1839) is a species with a high economic value that can migrate horizontally and vertically over a large area. Although sea
temperature has been the main focus of previous findings, other variables can serve as a reasonable proxy. Here we used sea surface
chlorophyll-a, sea surface height, subsurface sea salinity, and subsurface temperature to predict the suitable habitat area for bigeye tuna
in the Eastern Indian Ocean Off Java. A Generalized Additive Model was performed to analyze the best-fit model evaluated from the p-
value and Cumulative Deviance Explained. The suitability index of the selected model was calculated using Pelagic Hotspot Index
constructed from multi-spectrum satellite data. The results showed that the high catches were located on the high suitable index value
and supported by chlorophyll-a as the most significant factor, followed by sea surface height, temperature, and salinity. This condition
was stimulated by the high feeding opportunity, which may relate to the EIO's oceanic front, eddies, and specific current patterns. This
study helps identify ecological hotspots, track the migration, and monitor the seasonal closure for bigeye tuna, particularly in EIO.

Keywords: Bigeye tuna, GAM, GIS, habitat suitability, Pelagic Hotspot Index
Abbreviations: EIO: The Eastern Indian Ocean; SSC: Sea Surface Chlorophyll-a; SSH: Sea Surface Height; sub-SS: Subsurface

Salinity; sub-ST: Subsurface Temperature; HR: Hook Rate, GAM: Generalized Additive Model; PHI: Pelagic Hotspot Index; CDE:
Cumulative Deviance Explained; AIC: Akaike Information Criterion

INTRODUCTION

In the Indian Ocean, bigeye tuna (Thunnus obesus
Lowe, 1839) is the third most valuable catch (~9%) after
skipjack (~53%) and yellowfin tuna (~38%) (I0TC 2021).
This species is distributed from the surface layer with
temperatures exceeding 20°C on daily vertical movement,
descending to depths of 500 m where the water column
temperature is considerably cooler (~5°C) and encountered
within the mixed layer during the nighttime (Holland and
Sibert 1994; Block and Stevens 2001; Brill et al. 2005). It
is dominantly caught by longline tuna vessels operating in
the Indian Ocean between 30°S and 20°N (Arrate et al.
2021).

Despite having a broad swimming ability both
horizontally and vertically, an adequate evaluation of the
dynamics of tuna movement in the subsurface waters of the
eastern Indian Ocean (EIO) has not been conducted, while
this has been studied through tuna tagging technology in
the Pacific (Senina et al. 2019; Schaefer and Fuller 2022)
and Atlantic (Wright et al. 2021; Gaertner et al. 2022)
oceans. This requires more accurate and comprehensive
fishery data statistics to improve monitoring and stock

evaluation of existing species, specifically their swimming
depth.

One way to understand the dynamics of the bigeye tuna
movement is to identify the characteristics of its preferred
water conditions. The EIO waters are very complex
because it is influenced by several wave systems
(Syamsuddin et al. 2013) and climate variability (Kumar et
al. 2014; Wang and Wang 2014; (Kim and Na 2022).
Scientists have done numerous studies to figure out how
tuna interacts with its surroundings. Salinity affects density
and water circulation, indicates climate in a water area
(Vinogradova et al. 2019), and affects tunas distribution.
The temperature at a certain depth affects tuna catches (Cai
et al. 2020). Sea surface height anomalies show a dominant
signal of bigeye tuna seasonal and annual variability (Gaol
et al. 2015). Not only oceanography variables, climatic
phenomena like EI Nino Southern Oscillation (ENSO) and
Indian Ocean Dipole (IOD) affect pelagic fish catches
(Baharuddin et al. 2022).

Generalized Additive Models (GAM) are well suited
for creating ecological models with highly complex data
because they can handle non-linear connections between
variables (Guisan et al. 2002). It is a method with high
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performance and better accuracy in examining tuna habitat
utilization (Mugo and Saitoh 2020; Zainuddin et al. 2023)
and enhancing the understanding of the ecological system
through fisheries data and environmental variables
(Setiawati et al. 2015).

Another challenge in tuna fisheries is the pressure due
to the increasing demand in the market that threatens
resource sustainability. Therefore, to achieve better
management, determining potential tuna habitats helps to
reach sustainable fisheries. Several studies have used
empirical habitat modeling with Habitat Suitability Index
(HSI) (Haghi et al. 2016; Lee et al. 2018; Lee et al. 2020)
or maximum entropy (Syah et al. 2016; Zhang et al. 2021)
to predict the potential fish habitats. The Pelagic Hotspot
Index (PHI), first implemented by Zainuddin et al. (2017),
is one approach that has not been widely implemented.
Compared to others, this method considers the relationship
between oceanographic parameters with fish abundance
index and fishing effort frequency in detecting the spatial
pattern.

Based on what has been explained above, it is known
that (i) research on tuna in EIO still rarely considers
subsurface data in determining potential fishing areas, (ii)
the implementation of the PHI method has never been
carried out in similar studies in EIO, and (iii) there are
chances for the oceanographic factors and climatic
phenomena in forming the preferable area of bigeye tuna.
Therefore, this study aims to evaluate the relationship
between bigeye tuna and various oceanographic parameters
by combining surface and subsurface data and to predict its
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potential habitats based on oceanographic conditions in the
EIO.

MATERIALS AND METHODS

Study area

The study area covered the region of Eastern Indian
Ocean (EIO) - Off Java (105°-122.59°E and 5.28°-20°S,
Figure 1). The EIO is considered a complex region (Behera
et al. 2013) where many dynamic currents and wave
systems influence this area (Syamsuddin et al. 2013), such
as South Java Current (SJC), South Equatorial Current
(SEC), and Indonesian Throughflow (ITF). The ITF plays a
vital role in climate heat transfer (Meyers 1996) and also
the climate phenomenon such as Indian Ocean Dipole
(IOD) and EI Nino Southern Oscillation (ENSO).

Procedures
Data collection

Bigeye tuna catches were collected from the logbooks
of longline tuna fleets operated in the Southeast Indian
Ocean under PT. Perikanan Nusantara, the Incorporated
Fishing Company of the Indonesia Government based in
Benoa, Bali, Indonesia. The fishing data consist of
longitude, latitude, and bigeye tuna catch (tails), recorded
daily from January 2009 to December 2010. These data
were digitized and compiled into monthly data to match the
temporal resolution of the satellite imagery and model
employed.
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Figure 1. Study area map in the Eastern Indian Ocean (EIO) off the Java (modified from Syamsuddin et al. 2013 and Gingele et al.

2002)
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The hook rates of bigeye tuna (HR) were computed by
dividing the number of fish caught per 100 hooks operated
based on each georeferenced fishing position. HR were
used as an indicator in assessing the abundance and
exploitation rate of fish (Bahtiar et al. 2013) and have been
applied to previous longline studies in the same area
(Nugraha and Triharyuni 2009; Nugraha and Hufiadi 2012;
Jatmiko et al. 2014). The data were divided into train and
validation datasets. We used the dataset of 136 longline
fishing points in October, November, and December 2010
to validate the model.

Oceanographic parameter data comprised sub-surface
temperature, sub-surface salinity, surface chlorophyll-a,
and sea surface height. The data at a depth of 200 m were
selected for several reasons. Apart from being within the
range of the fishing gear employed, it is also based on
previous research indicating that bigeye tuna habitats are at
depths exceeding 150 m (Nugraha and Hufiadi 2012) and
at a depth of 222 m were predicted to have a broader area
with a high value of HSI (Syah et al. 2019). We used sub-
surface data at 200 m for both temperature and salinity
from the GLORYS12V1 model
(https://data.marine.copernicus.eu/product/GLOBAL_MUL
TIYEAR_PHY_001 030/services) to enhance our
understanding of bigeye tuna at a specified swimming
layer. The surface chlorophyll-a data were obtained from

Moderate  Resolution  Imaging  Spectro-Radiometer
(MODIS) Agua SMI L3
(https://oceancolor.gsfc.nasa.gov/I3/). We also use weekly
current data from LAS AVISO

(https://las.aviso.altimetry.fr/las/) compiled into monthly
resolutions to support the research findings. The data
specifications are shown in Table 1.

According to the quality information document the
GLORYS12V1 product, the temperature remains consistent
with Root Mean Square Error (RMSE) values less than
0.4°C throughout the water column in the equatorial region.
The increasing thermal structure, in correlation with the
deployment of Argo floats, particularly in layers below 300
meters, exhibits a bias approaching 0°C and an RMSE
value from in-situ measurements generally less than 1°C.
Salinity data demonstrates an average bias close to zero
globally, with a common bias of less than 0.1 psu in the 50-
200 m layer (CMEMS, accessed).

Data analysis
Satellite and fishing data processing

SSC from MODIS Aqua was processed with SeaDAS
8.0.0 (NASA Goddard Space Flight Center, Greenbelt,
MD) to extract the geography information. The sub-ST,

Table 1. Specification of the oceanography parameters

BIODIVERSITAS 24 (9): 5044-5056, September 2023

sub-SS, SSH, and SSC images were then reprojected to
align the spatial resolution. The distribution of interpolated
data was mapped using ArcGIS 10.8 (ESRI, Redlands, CA)
to see the trends for each parameter. The Kriging method
did the image interpolation, which was more reliable than
the conventional interpolation techniques used in GIS
(Oliver and Webster 1990). The fishing data were plotted
and overlayed on the interpolated image with the match
temporal resolution. Extraction was carried out to obtain
the value of the oceanographic variables for each fishing
point.

The best-fit model using Generalized Additive Model
(GAM)

The best-fitted model was used to evaluate habitat
suitability. We built several combinations of parameters
used to find the best model fit. The preferred model of
oceanographic parameters for bigeye tuna was obtained
using Generalized Additive Model (GAM). GAM has been
defined as an extension of the class of generalized linear
models that utilize the adaptability of nonparametric
regression (Hastie and Tibshirani 1990). In many modeling
scenarios, GAM analytical technique offers numerous ways
to discover covariate effects (Hastie and Tibshirani 1987).
Researchers have used this method to analyze the
relationship between oceanographic parameters and fish
species (Zainuddin et al. 2008; Syamsuddin et al. 2013;
Setiawati et al. 2015; Safruddin et al. 2022). GAM wrote:

Q(I-lf) = fl(xli)+ fz(xzi)+f3[:x3i)+ (1)

Where:

g :Thelink function

1; : The expected result of the dependent variable

fi  : Smoothing function

x; . Independent variable

In this method, we utilized the gam function in the
mgcv package (Wood 2017) in R Studio 2022.02.0+443
(posit, Boston, MA) to build GAMs. The HR of the bigeye
tuna served as the dependent variable, while the SSC, sub-
ST, sub-SS, and SSH were designated as the independent
variables. Each model was evaluated using Cumulative
Deviance Explained (CDE), the significance of p-value,
and Akaike Information Criterion (AIC). AIC provides a
way to select the best set of models where the best set has
the minimum score (Johnson and Omland 2004). The
model with the highest CDE percentage, the most
significant p-value, and the lowest AIC value was chosen
as the most appropriate.

Temporal Spatial

Oceanographic data Abbreviation Product resolution resolution Source
Sea temperature at 200 m (°C) ~ sub-ST GLORYS12V1 Monthly 0.083°%0.083° Copernicus
Sea salinity at 200 m (psu) sub-SS GLORYS12V1 Monthly 0.083°x0.083° Copernicus
Sea surface height (m) SSH GLORYS12V1 Monthly 0.083°x0.083° Copernicus
Sea surface chlorophyll-a (mg m?3)  SSC Aqua-MODIS L3 Monthly 4 km Ocean Color
Currents (m/s) AVISO-Delayed time global altimetry Weekly 25 km LAS AVISO



https://data.marine.copernicus.eu/product/GLOBAL_MULTIYEAR_PHY_001_030/services
https://data.marine.copernicus.eu/product/GLOBAL_MULTIYEAR_PHY_001_030/services
https://oceancolor.gsfc.nasa.gov/l3/
https://las.aviso.altimetry.fr/las/
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Habitat suitability model using Pelagic Hotspot Index
(PHI)

The habitat suitability maps were created by calculating
the suitability index value from the chosen model with the
PHI, where the HR, the frequency of fishing efforts, and
their relation to oceanographic parameters were considered.
The total HR and fishing frequencies at a particular interval
of the histogram were divided by the maximum total HR
from the class interval of the oceanography parameters
(sub-ST, sub-SS, SSC, and SSH) (Eq 1 and 2). The
maximum value of HR or fishing frequency was then used
as the standard, and the interval ranges of the variables
were used to calculate the average suitability index (Eq 3).
PHI wrote as (Zainuddin et al. 2017):

HER;

I—t

PIHR — rl'rfl'l.'lﬁ.".' (2)

Pl = —— ":'“ 3)

PHI = :PI,-,-,;5"+PIF| (4)

Where:

Plyp : The probability value based on HR relation
with oceanographic parameters

Plg : The probability value based on the
frequency of the HR

HRy; - HR values on oceanographic parameters-i

for class interval-j

HR; max : The maximum value of HR on the
oceanographic parameter-i

F;; . The fishing frequency in oceanographic
parameter-i for class interval-j

F; max : The maximum value of fishing frequency
on the oceanographic parameter-i

1 : the total number of variables

The suitable index ranged from 0 to 1, where 1 is rated
as the most suitable. Refers to Zainuddin et al. (2017), PHI
with 0.75 (Quartile 3) or higher was considered as suitable
as the bigeye tuna potential habitat.

Thermal and chlorophyll-a front

To support the results, thermal and chlorophyll-a fronts
detection was carried out. The front area was detected
using the SIED (Single Image Edge Detection) algorithm
using the MGET (Marine Geospatial Ecology Tools) plugin
in ArcGIS. This analysis used sub-ST and SSC satellite
images.

Current speed and directions

The current speed and directions were measured to
detect the eddy events. The meridian and zonal components
were calculated using the equation:

c= W+ v?)¥? (5)
Where:

u : meridian value
v : zonal value
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Model validation

This validation aims to measure how well the Pelagic
Hotspot Index (PHI) method identifies potential areas for
tuna presence by using the validation dataset outside the
training dataset used in the built model. The fishing points
were layered on a map of the suitability of the bigeye tuna
habitat that had been formed with a class range of 0 to 1
and then extracted. The results of this extraction were used
to evaluate the performance by observing whether the
validation points were in the areas with a high predicted
habitat suitability value. The fishing point with its HR
value indicates the presence of bigeye tuna in the field. The
extracted values from the validation points are then mapped
in the distribution graph. The distribution diagram of the
extracted PHI values was depicted using Origin 2018 64Bit
(OriginLab, Northampton, MA). It (#3s used to identify the
PHI value where bigeye tuna was caught.

RESULTS AND DISCUSSION

Bigeye tuna and its oceanographic parameters distribution

The monthly average of bigeye tuna HR from longline
vessels in 2009 and 2010 is shown in Figure 2. Based on
the distribution chart, it is known that the peak catch season
is in July and August with the average of 0.39 and 0.44,
which in the EIO - Of Java is included in the east monsoon
period. The lowest HR was in March and April for an
average number of 0.20 and 0.21, respectively.

Figure 2 indicates the temporal fluctuation of HR data
in the period of 2009-2010. Rochman et al. (2018)
documented that between 2009 and 2010, industrial-scale
tuna fishing activities experienced a decline of 41%. The
number of vessel units landing at Benoa Port decreased
from 1,850 units in 2009 to 1,099 units in 2010. This
reduction in fleet size was a consequence of fleet reduction
and operational days impact due to the rise in oil prices.
The catching activities by the tuna longline fleet occurred
offshore, far from the coastline, necessitating a substantial
amount of fuel. Hapsari (2006) mentioned that as a result
of this oil price increase, the total production of tuna
longline fisheries owned by PT. Perikanan Nusantara
decreased by 14.37% compared to the preceding year.

0.60 1

o
0
S

(=}
B
o

Hookrate (tail/100)
o o
N w
o o

0.10 A

0.00
1 2 3 4 5 6 7 8 9 10 A1 22

Months

Figure 2. Monthly average of T. obesus HR from tuna longlines in
EIO Off Java in 2009 and 2010
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Figure 3 shows the average monthly distribution of
oceanographic parameters in 2009 and 2010. Based on the
distribution chart, it is known that oceanographic
parameters constantly fluctuate. Entering the east season
period, there was a decrease in sub-SS concentration and
the lowest in July. The sub-SS levels rise quickly in August
to September. The sub-ST at a depth of 200 m experiences
an increasing trend during the peak catch season and has
the highest number in August. The SSC concentration was
low in the early months and slowly rose until it reached the
highest concentration in August. The same case occurs for
SSH, where the low height trend was in the first 4 months
and rose until it peaked in June.

In the observed pattern of average distribution, it is
evident that sub-ST and SSC exhibit a positive correlation
with each other. Generally, when the concentration of SSC
increases, the sub-ST tends to decrease due to the
occurrence of upwelling processes that bring nutrient-rich
cold water to the surface. In other words, it exhibits a
negative correlation. This phenomenon is attributed to the
existence of a more intricate relationship between the SSC
concentration and the sub-ST. Upwelling events and other
factors such as currents, atmospheric influences, and
thermocline structure influence this relationship.

Oceanographic preferences for bigeye tuna

Figure 4 shows the bigeye tuna catch data distribution
for each oceanographic parameter. Bigeye tuna were
identified to be distributed at sub-SS between 34.4 to 35.1
psu, with a data frequency increased from 34.5 psu and
decreased after the peak at 34.65-34.7 psu (Figure 4.A).
The data distribution for sub-ST varied, ranging from 12 to
17.5°C, with the peak catch rate occurring at 16-16.5°C.
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There was a slight disparity in the data between sub-ST of
14.5 to 16°C where the fishing efforts frequency occurred
below 600 (Figure 4.B). The distribution of SSC has the
most comprehensive range among the other three
parameters. It ranged from 0.05 to 0.25 mg m, with the
highest intensity at 0.07 mg m? and gradually decreasing
after that (Figure 4.C). The gap between bars was little
because SSC concentrations in offshore waters tended to be
lower than in coastal waters. Lastly, the catch points were
distributed between 0.45 to 0.9 m at SSH. It gradually
increases until 0.7 m and decreases, with the highest
frequency at SSH of 0.65 m (Figure 4.D).

Based on the GAM analysis, from the seven models
built, we obtained that the best model fit is model 7 (Table
2), which combined the sub-ST, SSC, sub-SS, and SSH
with a CDE value is 9.36% and the lowest AIC value (-
213.4801). Table 2 showed that most model variables were
highly significant (P <2e-16). This model with the highest
CDE value was then used to calculate the suitability index
value by analyzing each oceanographic parameter's weight.
The table also shows that for the chosen model, SSC is the
most influential among the four variables, followed by sub-
ST, SSH, and sub-SS.

The percentage of unexplained variance indicates the
presence of additional explanatory factors that may
influence the distribution of bigeye tuna beyond the
oceanographic parameters utilized in this study. Several
variables such as eddy kinetic energy (EKE) and dissolved
oxygen concentration (Zhang et al. 2021), climate
variability like ENSO and IOD (Gaol et al. 2002), and the
influence of current systems also has been considered in
explaining the distribution of tuna.
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Figure 3. Average trend distribution for : A. sub-SS; B. sub-ST; C. SSC and; D. SSH in 2009 and 2010
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Figure 4. Graphic distribution of T. obesus HR frequency based on the oceanography parameters for: A. sub-SS; B. sub-ST; C. SSC,

and; D. SSH in 2009 and 2010

Table 2. GAMs statistics result from HR of T. obesus in the EIO-
Off Java on its relationship to oceanographic parameters

Model p-value CDE AlC
sub-ST <2e-16 *** 5.17% -123.5506
SSC <2e-16 *** 6.35% -153.7296
sub-SS 0.000909 *** 0.735% -2.601043
SSH <2e-16 *** 4.58% -115.6808
sub-ST <2e-16 *** 7.88% -188.4608
SSC <2e-16 ***
sub-ST 1.39e-05 *** 8.31% -190.8653
SSC < 2e-16 ***
sub-SS 0.158
sub-ST 0.0581. 9.36% -213.4801
SSC <2e-16 ***
sub-SS 0.0203 *

SSH 0.0001 ***

Note: Sig. codes: 0 "***' 0.001 "**' 0.01 *' 0.05 "'

The GAM plots were created to interpret the specific
impact of each predictor variable on the HR of bigeye tuna.
The graphic response of bigeye tuna catches to each
environmental parameter is shown in Figure 5. The dashed
lines represent the uncertainty or variability of the model
estimates, which constitute confidence intervals used to
depict the extent to which the model can fluctuate, bounded
by the upper and lower limits provided. A wider confidence
interval indicates higher uncertainty, while a narrower
interval signifies higher certainty. The GAM plot for sub-
SS showed less fluctuation where the trend ranged from
34.5-35 psu (Figure 5.A). A significant effect on the catch
rate of bigeye tuna occurred at sub-ST ranging from 13.5-
17°C with a positive response from 15-16°C (Figure 5.B),
while a negative effect occurred at the number lower than
13.5°C. Regarding SSC, the response concentrations

ranged from 0.05 to 0.40 mg m?3, followed by a negative
trend with the HR appearing to increase on SSC 0.13-0.19
mg m (Figure 5.C). The plot for SSH fluctuated slightly,
where the trend occurred between 0.5-0.9 m (Figure 5.D).

SSC shows the data spread over quite a wide range of
numbers, from 0.05-0.22 mg m=, where the range 0.06-
0.07 mg m= dominated. The catch frequency ranged from
0.5 to 0.9 m and was highest at SSH between 0.65-0.7 m.
Based on the distributed data, it can be interpreted that the
preferred oceanographic condition for bigeye tuna is in the
area with sub-SS ranging from 34.6-34.7 psu, sub-ST at 16-
16.5°C, SSC at 0.06-0.07 mg m, and SSH ranged from
0.65t0 0.7 m.

Suitable habitat for bigeye tuna in the eastern Indian
Ocean

Following the weighting of each sub-ST, sub-SS, SSC,
and SSH, Figure 6 shows the demonstration of the
distribution of potential bigeye tuna habitats throughout the
peak season, which occurs in June, July, and August, where
the red area was considered as the highly chance of bigeye
tuna to be likely to be present. According to their
distribution, places with a high PHI are primarily found
between 12° to 15°S and 108° to 122°E, where the waters
around South Java have a lower PHI value than the
nearby waters. However, the projection of bigeye tuna
potential area began to narrow to 12° to 13°S region in
August 2010. The PHI decreased in August 2010 because
of the decay of eddy events. This implied to the decreasing
of fishing points in high PHI area during the period. Apart
from that, it is strongly suspected that catch points gather in
this area due to front activity that is developing and
stimulating feeding opportunity for bigeye tuna.
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Figure 7 shows the habitat suitability map prediction for
bigeye tuna in October, November, and December 2010,
overlain with the SSC, sub-ST, sub-SS, and SSH
distribution for the exact temporal resolution, respectively.
The distribution of sub-SS has increased in concentration
towards the subtropical regions throughout October,
November, and December (Figure 7.D, 7.E, and 7.F). The
distribution of sub-ST showed a similar distribution pattern
to sub-SS, where the closer to the low latitudes, the hotter
the sub-ST. However, along the region of 12°S, there is a

reasonably significant change from low to high sub-ST
horizontally, as occurs at sea level (Figure 7.G, 7.H, 7.1).
The SSC image shows the concentration was increased
on the south coast of Java (Figure 7.J, 7.K, and 7.L). SSH
shows a significant difference where the area near and
around the coast of Java shows a lower sea level than the
area below it (12°-15°S), which has a higher sea level than
the surrounding areas (Figure 7.M, 7.N, and 7.0). The
region where the increase in SSC occurs is an area with a
low SSH, as seen when comparing it to the SSH image.
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The same case also occurred in a study conducted by Gaol
et al. (2015), who found the distribution pattern of SSC
concentrations following the SSH pattern. Based on the
prediction map of habitat suitable area of bigeye tuna
(Figure 7.A, 7.B, and 7.C), it is known that the validation
points are generally in areas with high index values. In
October, the areas predicted as most suitable for bigeye
tuna are at 11°-15°S and 108°-122°E, in November at 11°-
15°S and 108°-120°E., and in December is at 11°-15°S and
110°-122°E. The results also indicate there were potential
habitat area of bigeye tuna outside the validation point that
have chances to be explored.

The distribution of PHI examination towards the fishing
point in October-December 2010 is shown in Figure 8.
From the total validation point, more than half of the data
has a value greater than 0.7. A total of 22 data has the range
of PHI 0.75-0.8, 31 points in the range 0.80 - 0.85, 14
points in the range 0.85-0.9, and 24 points in the range 0.9-
0.95. The result indicates a good consideration for other
studies to implement this method in determining the bigeye
tuna habitat preferences.

An indication of the excellent performance of this
method in determining habitat suitability for bigeye is
assessed from the high PHI value, area of suitable habitat,
and persistence of the most suitable habitat (Zainuddin et
al. 2017). The formation of a suitable area at this location is
probably related to other phenomena supporting the
formation of water conditions favored by bigeye tuna.

Relationship between fronts and eddies event with the
formation of suitable habitat for bigeye tuna

The sub-ST distribution formed a horizontal gradient
pattern that generally became a sign that there may be
fronts in the area. Fronts typically create horizontal
gradations in the water, which may be seen from
oceanographic variables like temperature from satellite
measurements (Chapman et al. 2020). The results from
thermal front detection using SIED (Figure 9) from the six
peak months (June, July, and August for 2009 and 2010)
show the front occurred at 11°-13°S and is about 224 - 500
km from the mainland. The map shows that these fronts
were detected near bigeye tuna catch areas.

In a recent study by Hidayat et al. (2019), the closer a
fishing point to the front area, the higher the probability of
catching more fish. Zainuddin et al. (2021) also found that
a potential catch area for skipjack tuna in the Flores Sea
has formed around a thermal front area 0-40 km from that
location. We align with these as the results coincide with
Cai et al. (2020), which observed that the high tuna catch
area was in a sub-ST front ranging from 150-200 m. We
also indicate that the fronts occurring within the study area
are significantly influenced by the current systems
operating in the water column. A study conducted by Sudre
et al. (2023) states that the front peaks between 100 and
200 meters below the mixed layer suggest that they are
primarily related to features of ocean dynamics rather than
to mixed layer processes.

Figure 10 shows the SSC fronts in August 2009,
where the fronts formed along the eastern waters off the
coast of Java, Lombok Strait, and Nusa Tenggara Waters.
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The fishing locations were between the two constructed
fronts, with some in the front region and the others in
nearby places. The SSC fronts appeared as a form of
response to upwelling events in the same area along with
the detected eddies (Figure 11). The role of the wave
system in this area is one of the factors for the distribution
of bigeye tuna in this area. The confluence of currents with
different characteristics triggers the occurrence of eddies
and fronts. Fronts were often called hotspots for marine life
since they typically are regions with greater levels of
biodiversity and enhanced primary and secondary
productivity (Belkin 2021; Scales et al. 2014). The link
between the front and the bigeye tuna has also been
explained in a study by Lan et al. (2021), where the
formation of the front area affects the existence of prey
organisms for immature bigeye tuna such as Pacific saury
and neon flying squid.

A part of the EIO within the study area falls under
Indonesia's Exclusive Economic Zone (EEZ), located
within the Fisheries Management Area (FMA) 573.
According to Nurani et al. (2018), there are numerous
problems faced by FMA 573, such as the symptoms of
overfishing due to the declining trend of Catch Per Unit
Effort (CPUE), the use of illegal Fishing Aggregating
Devices (FADs), unreported information of improper
fishing technology, etc. The Indonesian government has
established the Ocean Accounts of Indonesia program,
which organizes social, economic, and environmental
information to achieve the sustainable development of the
ocean. One of the main projects within this initiative is the
Quota-Based Fisheries program, which  will be
implemented in each FMA, including FMA 573. Steps in
the implementation of this project involve the utilization of
secondary data from institutions and global datasets,
including satellite imagery, and preparing accounts on fish
resources as individual ecosystem assets in creating the
extent of area, condition, and monetary values of marine
resources (MMAF 2022).

Additionally, it is thought that the presence of eddies in
the area has a part in influencing the establishment of the
bigeye potential habitat area. Figure 11 shows an overview
of the formation of eddies around the fishing point in peak
seasons (June, July, and August) in 2009 and 2010. Similar
to fronts, eddies typically have embedded frontal interfaces
and systems for converting the physical energy of the ocean
system into trophic energy to support biological activity
(Bakun 2006). This vortex can act as a tool to indicate the
occurrence of upwelling, where a layer of cold water rises
and carries nutrients up to the surface. The availability of
abundant nutrients can be a favorite area of fish that have
the potential to become prey for bigeye tuna. This
condition was supported by previous studies that found that
the Southeast monsoon period from June to August
associated with EI-Nifio and positive 10D events in the
southern waters of Indonesia triggered the upwelling
causing the nutrients, including the concentration of
chlorophyll-a, to increase. The ENSO and 10D phenomena
that occur in the EIO influence the existence of tuna
through the dynamics of changes in the distribution of
oceanographic parameters (Sambah et al. 2023).
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The current trend figure describes the confluence of
several currents flowing into this region such as ITF.
Gordon (2005) characterizes the ITF as a "mix-master,"
where the characteristics of water masses originating from
the southern Pacific Ocean intermingle with the existing
water masses within Indonesian waters, influencing
temperature and salinity. The flow of ITF, passing through
the Makassar Strait and entering the Indian Ocean through
the Lombok Strait, extends to depths of up to 300 meters.
This also explained one of the factors why the distribution
trend of sub-SS and sub-ST (Figure 3) fluctuated.

Bigeye tuna schools are frequently spotted around
plankton and micro-nekton concentrations, enabling this
species to live in regions with significant upwelling
productivity (Setiawati and Miura 2014). The presence of
nutrients, the temperature of the water, and ocean currents
are only a few of the variables that affect chlorophyll-a
concentration in the sea. It is critical to remember that, like
many ecological interactions in marine ecosystems, the one
between chlorophyll-a and bigeye tuna can be complex and
influenced by various factors.
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The FMA 573-EIO also presents significant challenges
and opportunities for developing numerous applications
that integrate numerical techniques, satellite data, in-situ
data, and catch data to forecast the dynamics of water
conditions and identify viable fishing grounds (Jayawiguna

et al. 2019). Following research by Zainuddin et al. (2019),
skipjack tuna distribution patterns follow its preferred area.
This habitat suitability modeling opens up opportunities for
future research into the distribution direction of bigeye tuna
in the EIO. New ways to find possible fishing sites and
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distributions are now achievable through analytical
advancements. PHI may be a new option with reliable
results for identifying the preferred habitat of the fish
species. Using rich data sources combined with advanced
technologies, implementing this approach can be highly
helpful for discovering possible fishing zones and
managing them to promote sustainable fishing
development. Despite being considered a renewable
resource, its abundance and capacity to survive may be
impacted by the rising level of global tuna catches. As a
result, tuna management and conservation are crucial
(Pillai and Satheeshkumar 2012), along with efforts to
continuously track fish stocks, such as evaluating the
growth aspect to calculate fishing mortality (Fu et al.
2023). In addition to enhancing the effectiveness of fishing
operations, prediction maps of potential habitat areas can
be used as a guide for selecting the best fishing area and
fishing closure.

Our findings conclude that SSC was the most
influential habitat predictor for bigeye tuna distribution,
followed by sub-ST, SSH, and sub-SS. Using these
variables, our model can accurately predict the high
suitable area of the highest bigeye catches, indicated by
increased PHI. The bigeye tuna habitat prediction may
strongly associate with features such as eddies and fronts
that played an essential role in forming bigeye tuna habitat
in the EIO.
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