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Abstract 

This study employs a random forest model combined with interpretable machine learning techniques to analyze the habitat preferences 
of South Pacific albacore tuna, incorporating a broad range of marine environmental variables. Among these, several factors derived 

from mesoscale eddy structures, including eddy polarity, eddy radius, and eddy kinetic energy, are integrated to further enhance the 
characterization of mesoscale eddy features. Interpretable methods were applied to provide intuitive visualizations of albacore tuna 
habitat preferences, with a focus on the most influential factors, including seawater temperature, dissolved oxygen concentration, and 

normalized mesoscale eddy radius. Seawater temperature and oxygen concentration are directly linked to the physiological needs of 
albacore tuna, while mesoscale eddy characteristics influence foraging and behavior by altering water column properties. This study 
provides a comprehensi ve per specti ve on the characteristics of albacore tuna habitat and the mechanisms driving its oceanographic 
variables, providing valuable insights for developing location-based, practical science-based management strategies for fishery re- 
sources. 

Keywords: South Pacific Ocean; albacore tuna; mesoscale eddy; interpretable machine learning; SHapley additive explanations 
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Introduction

Albacore tuna ( Thunnus alalunga ) is an economically impor- 
tant migratory species and a key target for longline fisheries 
in the South Pacific (Nikolic et al. 2017 ). However, increasing 
fishing pressure and environmental changes pose challenges 
to its sustainable management (Pauly et al. 2002 ). The 2024 

South Pacific albacore tuna stock assessment suggests that the 
stock is not currently overfished but is experiencing increas- 
ing fishing pressure (Teears et al. 2024 ). In response to these 
pressures, future management strategies are likely to include 
quota-based systems to ensure the sustainable exploitation 

of albacore tuna. Therefore, gaining a comprehensive under- 
standing of the spatial distribution and environmental drivers 
behind the formation of albacore tuna fishing grounds is cru- 
cial for the development of more effective fishing strategies 
and the advancement of fisheries science (Sund et al. 1981 ). 

Albacore tuna is distributed across a wide range of geo- 
graphical regions and ocean depths, spanning both mid-to- 
high latitudes in the Northern and Southern Hemispheres.
Their vertical range extends from the ocean surface to depths 
of up to 300 meters, and they can even reach greater depths 
under certain conditions (Bertrand et al. 2002 , Zainuddin et 
al. 2008 , Williams et al. 2015 ). The distribution of albacore 
tuna is influenced by a complex interplay of environmental 
factors, including sea surface temperature (SST), salinity, dis- 
© The Author(s) 2025. Published by Oxford University Press on behalf of Interna
article distributed under the terms of the Creative Commons Attribution License 
reuse, distribution, and reproduction in any medium, provided the original work 
olved oxygen concentration, and chlorophyll-a levels. These 
actors interact dynamically to shape their habitat preferences 
nd distribution patterns (Mohri et al. 1999 , Chen et al. 2005 ,
ainuddin et al. 2006 , Zainuddin et al. 2008 ). The distribu-

ion area of South Pacific albacore tuna coincides with regions
haracterized by stable, active mesoscale eddy structures. In- 
eed, mesoscale eddies play a unique and important role in
haping the habitat of albacore tuna (Wang et al. 2003 , Hu et
l. 2014 , Xu et al. 2017 , Zhou et al. 2020 ). These mesoscale
henomena, commonly occurring in mid-latitude regions, sig- 
ificantly impact pelagic ecosystems across multiple trophic 
evels. Eddies have the potential to enhance productivity in 

utrient-poor areas, aggregate prey, and alter habitat condi- 
ions within the water column (Arostegui et al. 2022 ). Such
hysical and biological interactions create favorable condi- 
ions for large pelagic predators. For instance, the aggrega-
ion of small swimming organisms around eddies often forms 
rey hotspots, attracting predators (Godø et al. 2012 ). De- 
pite these insights, it remains unclear whether these interac- 
ions affect different pelagic predator species in the same way
r if predators’ responses to eddies are consistent across var-
ous productive regions. Understanding how these complex 

nd dynamic marine environmental factors interact to influ- 
nce albacore tuna habitats is therefore critical (Pitcher et al.
001 ). Habitat models are essential tools for analyzing spa-
tional Council for the Exploration of the Sea. This is an Open Access 
( https:// creativecommons.org/ licenses/ by/ 4.0/ ), which permits unrestricted 
is properly cited. 
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ial distribution patterns of tuna by examining the relation-
hip between species occurrence and marine environmental
actors, which help identify habitat preferences (Handegard
t al. 2013 , Arrizabalaga et al. 2015 ). Tuna distribution is
nfluenced by environmental factors such as dissolved oxy-
en concentration, salinity, chlorophyll-a concentration, and
ST (Maury et al. 2010 , Lopez et al. 2017 ). Forecasting mod-
ls for fishing grounds rely on fish population dynamics and
mploy methods such as statistical regression, artificial neu-
al networks, time series analysis, and machine learning. Ma-
hine learning models, particularly supervised learning meth-
ds, have become prominent in habitat models. In habitat
odels, these models build predictive frameworks by analyz-

ng historical data in relation to environmental factors (Elith
t al. 2006 ). Generalized linear models (GLMs) extend tradi-
ional linear regression to analyze the relationship between re-
ponse variables and explanatory factors. Gavaris et al. (1980)
ioneered the use of GLMs to standardize catch per unit ef-
ort (CPUE) data, addressing variations due to fishing gear and
orrecting nominal CPUE data to remove effects not related
o the abundance of the species, hence improving its use as an
ndex of species abundance. GLM have also been used in com-
ination with additional spatial and temporal factors, such
s SST and Southern Oscillation Index (SOI) to analyze the
nterannual variation in tropical tuna distribution and abun-
ance (Okamoto et al. 2001 , Zainuddin et al. 2017 ). How-
ver, CPUE often demonstrates complex, nonlinear relation-
hips with influencing factors, which GLMs may not capture
ffectively. Generalized Additive Models (GAMs) address this
imitation by incorporating nonlinear functions, providing a
ore accurate representation of the relationship between tuna

bundance and environmental factors, and assessing their rel-
tive importance. Studies by Zagaglia et al. (2004) and Se-
iawati et al. (2015) utilized GAMs to analyze tropical tuna
abitat distribution, revealing constraints imposed by the in-
ertropical convergence zone and influences of environmental
actors such as SST and chlorophyll concentration. As the di-
ensionality of data has increased, traditional statistical mod-

ls have become insufficient for capturing the complexity of
hese datasets. The advent of machine learning has signifi-
antly addressed this challenge. Random forest (RF) has been
mployed to analyze the vertical distribution of albacore tuna
Mondal et al. 2022 ), while K-Nearest Neighbors (KNN) and
upport Vector Machines (SVMs) have been used to iden-
ify potential fishing zones and patterns in tuna distribution
Fitrianah et al. 2015 , Yang et al. 2020 ). These models are
valuated through rigorous cross-validation and comparative
nalysis of predictive performance using metrics such as ac-
uracy, precision, recall, aiming to enhance habitat prediction
ccuracy. 

Many studies that use machine learning to predict albacore
una fishing grounds have been limited by narrow temporal
nd spatial data coverage. Typically, these studies do not ac-
ount for the vertical distribution of species such as albacore
una, which exhibit significant vertical movement. To address
hese gaps, our study incorporates a comprehensive dataset
panning 6 years, from 2017 to 2022, and includes environ-
ental factors from the ocean surface down to depths of 300
. This extensive dataset strengthens our understanding of al-
acore tuna distribution patterns. Furthermore, we introduce
 predictor by incorporating the distance from the fishing ves-
el to the mesoscale eddy center, normalized by the eddy ra-
 M  
ius. This approach addresses the limitations of models, which
ften rely solely on eddy kinetic energy (EKE) to represent
he influence of mesoscale eddies on albacore tuna distribu-
ion, without accounting for other important factors such as
ddy radius. Machine learning models in this field have of-
en focused primarily on improving prediction accuracy with-
ut addressing model interpretability. These models, while ef-
ective, often operate as “black box” and make it difficult to
nderstand why certain environmental factors are influential.
o overcome this limitation, our study employs advanced in-
erpretability techniques, including SHAP (SHapley Additive
xPlanations), Partial Dependence Plots (PDPs), and Individ-
al Conditional Expectation (ICE) plots. This study aims to
nvestigate the role of various marine environmental factors
n predicting albacore tuna fishing grounds using the RF al-
orithm. We aim to understand how temperature, dissolved
xygen, and mesoscale eddies influence the distribution of al-
acore tuna. We propose that the edges of mesoscale eddies,
haracterized by features such as eddy radius and EKE, may
e particularly attractive to albacore tuna. By integrating RF
ith SHAP , PDP , and ICE plots, this research seeks to explore

he relative importance of these environmental factors, offer-
ng insights that could support ecological studies and manage-
ent strategies for albacore tuna conservation. 

aterials and methods

tudy area overview

he study area spans from 160 

◦E to 80 

◦W longitude, covering
he region from the equator (0 

◦) down to 40 

◦S latitude. This
ast oceanic expanse is well-known for its rich fisheries and
iverse ecosystems, which are vital for sustaining biodiversity
nd ecological equilibrium. The presence of numerous islands
ithin this region adds to its ecological complexity and rich-
ess. Moreover, this area is a significant fishing ground for var-

ous tuna species, such as bigeye tuna, skipjack tuna, albacore
una, and yellowfin tuna. 

ata sources

ishery data 
ue to restrictions on data access, this study is confined to

he fishing logbooks records of Chinese industrial distant-
ater longline vessels. The data collected between 2017 and
022 were provided by the Oceanic Data Center at Shanghai
cean University. We extracted records in which the number
f albacore tuna individuals accounted for > 80% of the total
atch by individual count. The dataset includes vessel iden-
ifiers, longitude and latitude coordinates, operation dates,
atch quantities (in number), hook counts, which form a ro-
ust foundation for our analysis. 

arine environmental data 
 total of 36 environmental factors were utilized in this

tudy, encompassing a broad range of variables. These in-
lude 27 environmental parameters sourced from the Coper-
icus Marine Environment Monitoring Service ( http://marine.
opernicus.eu ), which are as follows: Chlorophyll-a concen-
ration (CHL), Sea Water Salinity (SO), Seawater Tempera-
ure (THETAO), and Dissolved Oxygen (O2) at six differ-
nt depths (0, 50, 100, 150, 200, and 300 m), along with

ixed Layer Depth (MLD), Sea Surface Height (SSH), and

http://marine.copernicus.eu
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Figure 1. Distribution of albacore tuna CPUE across four quarters, overlaid on six distinct ecological zones. These zones are labeled as ARCH 

(Archipelagic Deep Basins Province), PEQD (Pacific Equatorial Divergence Province), SPSG (South Pacific Subtropical Gyre Province), SSTC (Southern 
Subtropical Con v ergence P ro vince), TASM (Tasman Sea P ro vince), and W ARM (W estern Pacific W arm Pool P ro vince). 

Table 1. Abbreviations and descriptions of oceanic environmental variables. 

Abbreviation Description 

MLD Mixed layer depth, indicating the vertical mixing zone of the ocean 
SSH Sea surface height, representing the sea level height anomalies 
SO Sea water salinity at six different depths (0, 50, 100, 150, 200, 300 m) 
THETAO Seawater temperature at six different depths (0, 50, 100, 150, 200, 300 m) 
CHL Chlorophyll-a concentration at six different depths (0, 50, 100, 150, 200, 300 m) 
O2 Dissolved oxygen at six different depths (0, 50, 100, 150, 200, 300 m) 
EKE Eddy kinetic energy 
INSIDE Whether the latitude and longitude of the operation are within 2.5 times the radius of the cyclone and 

anticyclone, represented by 0 for “no” and 1 for “yes”
NECR (Normalized distance to the cyclone eddy core radius) is the distance from the cyclone to the operating 

vessel divided by the cyclone radius 
NEAR (Normalized distance to the anticyclone eddy core radius) is the distance from the anticyclone to the 

operating vessel divided by the anticyclone radius 
ARCH Trades—Archipelagic Deep Basins Province 
PEQD Trades—Pacific Equatorial Divergence Province 
SPSG Westerlies—S. Pacific Subtropical Gyre Province 
SSTC Westerlies—S. Subtropical Convergence Province 
TASM Westerlies—Tasman Sea Province 
WARM Trades—W. Pacific Warm Pool Province 
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EKE. These parameters are provided as daily observations 
with spatial resolutions ranging from a finer resolution of 
0.083 

◦ × 0.083 

◦ ( ∼8.3 km) to a coarser resolution of 0.25 

◦

× 0.25 

◦ ( ∼25 km). And, the study includes two factors re- 
lated to mesoscale vortices: cyclones and anticyclones, with 

data generated based on the methodology and open-source 
code from Dong et al. (2022) . Additionally, we incorporated 

ecological zone identifiers based on the latitude and longi- 
tude from the fishing logbooks records to determine the eco- 
logical zone in which each fishing operation took place. As 
shown in Fig. 1 , six distinct zones were identified: Trades—
Archipelagic Deep Basins Province (ARCH), Trades—Pacific 
Equatorial Divergence Province (PEQD), Westerlies—S. Pa- 
cific Subtropical Gyre Province (SPSG), Westerlies—S. Sub- 
tropical Convergence Province (SSTC), Westerlies—Tasman 

Sea Province (TASM), and Trades—W. Pacific Warm Pool 
Province (WARM). These zones were defined according to the 
prevailing role of physical forcing in regulating phytoplank- 
ton distribution (Longhurst et al. 1995 ), with the data sourced 

from Marine Regions ( https://www.marineregions.org ). Given 

that these are factor-type variables, we applied one-hot encod- 
ing to integrate them into the dataset. The abbreviations and 

brief descriptions of the oceanic environmental variables used 

in this study are summarized in Table 1 . 
i  
ata processing

ata extraction 

iven that the catch log dataset spans 6 years, it inevitably
ontains missing values, outliers, and some records that do 

ot meet the criteria for accurate modeling. Therefore, a thor-
ugh data extraction and cleaning process was conducted to 

ddress these issues and ensure the dataset’s reliability and 

uitability for analysis. Following this preprocessing, a refined 

ataset was extracted, which was suitable for integration with 

shery environmental factors. This cleaned dataset was cho- 
en as the core data for the modeling process. It includes de-
ailed records of key parameters such as geographic coordi- 
ates (longitude and latitude), timestamp, weight of albacore 
una, number of albacore tuna caught, and number of hooks
sed. By utilizing date, longitude, and latitude data, we can re-
ate these with marine environmental factors. Traditional ap- 
roaches to EKE focus primarily on quantifying the intensity 
f mesoscale variability, yet they overlook the spatial extent 
f mesoscale eddies. To address this limitation, our study in-
orporated the quantification of mesoscale eddy radii. This 
uantification formed the basis of an enhanced framework,
nabling us to develop a more comprehensive method for as-
essing the impact of mesoscale eddies on fishing activities, as
llustrated in Fig. 2 . We identified the cyclone and anticyclone

https://www.marineregions.org
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Figure 2. (a) Cyclonic vortices are typically characterized by the upward displacement of isopycnals and isothermal surfaces, leading to lower water 
temperatures in the central region of the v orte x compared to the surrounding sea areas. Consequently, cyclonic vortices are often referred to as cold 
vortices. In contrast, anticyclonic vortices display the opposite characteristics, with elevated temperatures in their central regions. (b) This figure 
illustrates the regions defined by normalized radii: We divide the eddy from inside to outside into eddy core (0–0.5r), eddy inside (0–1r), eddy disturbance 
(0–1.5r), and eddy periphery (1.5–2.5r). The positions of the fishing vessel and the vortex core are indicated by small stars and circles, respectively. 

closest to the fishing operation, based on both temporal and 

spatial proximity to the fishing vessel’s coordinates and oper- 
ational time. After this identification, we extracted the radius 
and center point of each eddy and calculated the distance from 

the fishing vessel to the center of both the cyclone and the an- 
ticyclone. To assess the proximity of the fishing vessel to each 

eddy, we computed the distance ratio by dividing the distance 
from the vessel to the eddy center by the radius of the respec- 
tive eddy. These distance ratios, which reflect the intensity of 
the mesoscale eddy’s influence on the fishing vessel, were in- 
corporated as marine environmental factors in our analysis. 
The formula used to calculate this distance ratio is as follows: 

NECR ( NEAR ) = 

arccos ( sin ( VESSE L lat ) × sin (EDD Y lat ) + cos ( VESSE L lat ) × cos (EDD Y lat ) × cos (EDD Y lon − VESSE L lon )) × R 

EDD Y r 
. (1) 
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Note: The latitude of VESSEL lat represents the latitude of
he fishing vessel during operations, while EDDY lat denotes
he latitude of the centroid of mesoscale eddies. VESSEL lon
orresponds to the longitude of the fishing vessel, and
DDY lon indicates the longitude of the centroid of mesoscale
ddies. EDDY r signifies the radius of the mesoscale eddy, and
 denotes the Earth’s radius. NECR (Normalized distance to

he cyclone eddy core radius) is the distance from the cyclone
o the operating vessel divided by the cyclone radius. NEAR
Normalized distance to the anticyclone eddy core radius) is
he distance from the anticyclone to the operating vessel di-
ided by the anticyclone radius. 

alculation of CPUE 

n this study, CPUE was computed as the ratio of catch to ef-
ort for each fishing operation based on the exact latitude and
ongitude of the fishing event without aggregating them into a
rid. This approach allows for a high level of spatial resolution
nd avoids any loss of detail that might occur from grid aggre-
ation. The target variable for classification was CPUE. This
tudy classified fisheries using five different thresholds (30%,
0%, 50%, 60%, and 70%). For each threshold, binary clas-
ification was conducted using various models for analysis.
reas with CPUE values greater than the threshold were clas-

ified as high-yield fishing grounds, while areas with CPUE
alues below the threshold were categorized as low-yield fish-
ng grounds. The formula used to calculate CPUE as follows:

CPU E ymdijv = 

C ymdijv 

H ymdijv 
× 1000 (2)

ote: Where CPUE ymdijv , C ymdijv , H ymdijv represent the CPUE
calculated as the number of albacore tuna caught per 1 000
ooks), total individual catch of albacore tuna, and the total
umber of hooks deployed, respectively, for y year, m month,
 day, longitude i , latitude j , and vessel v . 

odel development process

ethodological fr amew ork 

his study followed a systematic workflow to develop a ro-
ust predictive model by integrating fisheries logbook data
nd environmental factors through rigorous data cleaning and
atching. After defining CPUE thresholds, we explored sev-

ral machines learning algorithms, including RF, KNN, SVM,
eural Networks (NNET), and Recursive Partitioning and
egression Trees (RPART), with RF being the primary model
nd the others serving as control models for comparison. To
nsure prediction reliability, we implemented five-fold cross-
alidation, where the dataset was split into training and test
ubsets in various configurations. This allowed for a compre-
ensive comparison of model performance across different
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thresholds and parameters. The optimal model was selected 

based on performance metrics, followed by detailed analysis 
using SHAP-based methods to interpret the contribution of 
environmental factors (e.g. dissolved oxygen, chlorophyll, and 

temperature) to the model’s predictions, providing a clear and 

interpretable understanding of the results. As shown in Fig. 3 .

Fiv e-fold cross-v alidation 

To systematically assess model performance and identify the 
best-performing model, we utilized five-fold cross-validation.
This method strikes a good balance between model evalua- 
tion accuracy, computational efficiency, and data utilization.
It provides reliable performance estimates while avoiding ex- 
cessive computational resource consumption. This method in- 
volves dividing the training dataset into five stratified folds.
Each model is trained on four of these folds and validated 

on the remaining fold iteratively. This process is repeated five 
times to ensure a robust evaluation across different data sub- 
sets. Performance metrics such as accuracy, balanced accuracy,
precision, recall, F1 score, and ROC curve are calculated for 
each validation iteration, providing a comprehensive assess- 
ment of each model’s performance. 

Hyperparameter tuning 
For each model, hyperparameters are optimized to enhance 
performance. Techniques such as grid search and random 

search are utilized to examine various hyperparameter combi- 
nations. Subsequently, cross-validation is employed to assess 
the performance of each combination and identify the opti- 
mal set of hyperparameters. This approach ensures that each 

model achieves optimal efficiency and generalization. System- 
atic hyperparameter tuning and grid search were conducted 

to determine the best hyperparameters for each model, as pre- 
sented in Table 2 . 

Hyperparameters are critical settings that dictate the train- 
ing process of machine learning models. Unlike parameters,
which are learned during the training phase, hyperparame- 
ters are predefined before training begins and can significantly 
impact model performance. For the models analyzed in this 
study, the following hyperparameters were employed: RPART 

: The complexity parameter ( cp = 0.02264251) controls the 
size of the decision tree by pruning branches that do not sub- 
stantially improve model performance, thereby reducing over- 
fitting; NNET: The size parameter, set to 5, specifies the num- 
ber of neurons in the hidden layer, affecting the network’s 
ability to learn complex patterns. The decay parameter, set 
to 0.1, acts as a regularization term to penalize large weights 
and mitigate overfitting; RF: The mtry hyperparameter, set to 

40, determines the number of variables sampled at each split,
influencing the randomness and diversity of the trees within 

the forest; SVM: The sigma parameter, set to 0.02002539, de- 
fines the kernel width for the radial basis function, affecting 
the influence of individual training examples. The C parame- 
ter, set to 1, serves as a regularization term that balances the 
trade-off between margin maximization and classification er- 
ror minimization; KNN: The k parameter, set to 9, specifies 
the number of nearest neighbors considered during predic- 
tion, with a higher k value leading to greater smoothing of 
predictions. 

Additionally, a common hyperparameter across all mod- 
els is k -fold = 5, which refers to 5-fold cross-validation.
In this process, the dataset is divided into five subsets.
The model is trained on four of these subsets and vali- 
ated on the remaining subset. This procedure is repeated 

ve times, allowing for a more robust evaluation of per-
ormance metrics across all subsets. The choice of 5-fold 

ross-validation strikes a balance between computing time,
ataset size, and model performance, offering a good compro- 
ise between model evaluation accuracy and computational 

fficiency. 

omprehensi ve anal ysis of model performance indicators 
achine learning evaluation metrics typically encompass five 

ey indicators: accuracy, precision (P), recall (R), F1 score 
F1), and balanced accuracy (BA). The formulas for calculat- 
ng these metrics are as follows: 

Accuracy = 

TP + TN 

TP + TN + FP + FN 

× 100% , (3) 

BalanceAccuracy = 

1 

2 

( 
TP 

TP + FN 

+ 

TN 

TN + FP 

) , (4) 

P = 

TP 

TP + FP 

× 100% , (5) 

R = 

TP 

TP + FN 

× 100% , (6) 

F1 = 

2PR 

P + R 

× 100% . (7) 

ote: True Positive (TP): The number of samples where both
he actual value and the predicted value are positive; True
egative (TN): The number of samples where both the actual

alue and the predicted value are negative; False Positive (FP):
he number of samples where the actual value is negative but

he predicted value is positive, indicating an incorrect predic- 
ion of negative instances as positive; False Negative (FN): The
umber of samples where the actual value is positive but the
redicted value is negative, indicating an incorrect prediction 

f positive instances as negative. 

HAP , PDP , and ICE 

HAP values explain the contribution of each feature to indi-
idual predictions by assigning importance scores based on 

ooperative game theory. This approach offers both global 
nd local interpretations of the model. Global SHAP provides 
n overview of the significance of each feature across the entire
ataset, while local SHAP reveals how each feature impacts 
pecific predictions. The SHAP summary plot illustrates the 
verall importance of each feature in the dataset. The x -axis
epresents the SHAP values, where values farther from 0 indi-
ate a greater contribution of the feature to the model’s output.
ach feature can have both positive and negative impacts on

he predictions, and these features are listed along the y -axis.
ach point in the plot represents a SHAP value for a specific
rediction and feature. Areas with denser points indicate a
igher sample density for that feature, forming thicker regions.
he color of the points reflects the feature values: red indicates
igher feature values, while blue indicates lower feature val-
es. By analyzing the distribution of red and blue points, we
an infer the directional impact of each feature on the predic-
ions. If red points are primarily concentrated on the right side
f the x -axis (positive SHAP values), it indicates that higher
eature values have a positive impact on the predictions, push-
ng the predicted value higher. Conversely, if blue points are
oncentrated on the right side, it suggests that lower feature
alues positively contribute to the predictions. If red points 
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Different catch per unit effort (CPUE) thresholds 
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Figure 3. The training framework for the model involves partitioning the original dataset into a training set and a test set, with 70% allocated for training 
and 30% for testing. The training set, denoted as D, is further divided into five equally sized subsets: d1, d2, d3, d4, and d5. Each model—K-Nearest 
Neighbors (KNN), Random Forest (RF), R ecursiv e Partitioning and Regression Trees (RPART), Support Vector Machine (SVM), and Neural Network 
(NNET)—is trained iteratively using these subsets. In each iteration, four subsets are utilized for training while the remaining subset is used as the test 
set. Hyperparameters and grid search parameters are continuously optimized to determine the best-performing model. 
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a  
re concentrated on the left side of the x -axis (negative SHAP
alues), it means that higher feature values negatively impact
he predictions, decreasing the predicted value. Similarly, blue
oints concentrated on the left side suggest that lower feature
alues have a negative impact on the predictions. 
ICE plots display a separate line for each instance, show-
ng how the instance’s prediction changes when a specific fea-
ure is varied. PDPs, which illustrate the average effect of a
eature, are a global method because they focus on the over-
ll average, rather than on specific instances. The counterpart
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Table 2. Best tune for each model. 

Model Hyperparameters 

RPART cp = 0.02264251; k -fold = 5 
NNET size = 5; decay = 0.1; k -fold = 5 
RF mtry = 24; k -fold = 5 
SVM sigma = 0.02002539; C = 1; k -fold = 5 
KNN k = 9; k -fold = 5 
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to a PDP for individual data instances is the ICE plot (Gold- 
stein et al. 2017 ). The functions used to generate the ICE 

curves, PDP curves, and SHAP summary plots in this study 
are all from the h2o package in R (for details, please refer 
to https:// github.com/ h2oai ). An ICE plot visualizes how the 
prediction depends on a feature for each individual instance,
resulting in one line per instance, in contrast to the single line 
representing the overall average in a PDP. A PDP is essentially 
the average of the lines in an ICE plot. To generate the values 
for each line (and instance), all other features are held con- 
stant, and the feature of interest is replaced with values from 

a grid, followed by making predictions for these newly created 

instances using the black-box model. 

Results

Performance comparison across CPUE thresholds

Comparison of Receiver Oper ating Char acteristic across five 
models 
The Receiver Operating Characteristic (ROC) curve is a criti- 
cal tool for evaluating the performance of classification mod- 
els, demonstrating the trade-offs between sensitivity and speci- 
ficity across various threshold levels. The ROC curve plots the 
true positive rate (sensitivity) against the false positive rate (1–
specificity) at different thresholds, providing a comprehensive 
assessment of a model’s ability to discriminate between posi- 
tive and negative classes. 

Among the models analyzed, the RF model demonstrated 

the highest performance. Its ROC curves, shown in Figs 4 a,
b, c, d, and e, are positioned near the upper left corner, in- 
dicating a high true positive rate and a relatively low false 
positive rate across various thresholds. Additionally, the AUC 

values further validate the RF model’s exceptional perfor- 
mance, reflecting its superior discriminative ability and ro- 
bustness. In comparison, the KNN and SVM models also 

demonstrated strong performance, with their ROC curves par- 
tially overlapping. A closer examination of their AUC val- 
ues reveals that KNN slightly outperforms SVM. Both models 
achieved high AUC scores, indicating their ability to main- 
tain a high true positive rate while keeping the false posi- 
tive rate low. These results confirm that both KNN and SVM 

are reliable classifiers, with robust discriminative capabili- 
ties. The NNET model and the recursive partitioning model 
(RPART) demonstrated the weakest performance among the 
models evaluated. Both models struggled to effectively balance 
sensitivity and specificity, which hindered their classification 

effectiveness. Their results reflect the poorest discriminative 
power, which limits their usefulness when compared to other 
models. 

In summary, the comparative analysis shows that the RF 

model is the most robust classifier, exhibiting the highest sen- 
sitivity, the lowest false positive rate, and the highest AUC val- 
ues across all CPUE thresholds. 
omparison of key metrics across CPUE thresholds 
n the comparative analysis of five machine learning models 
nder varying CPUE thresholds (30th percentile, 40th per- 
entile, 50th percentile, 60th percentile, and 70th percentile),
ignificant differences were observed across key metrics, in- 
luding accuracy, recall, balanced accuracy, F1 score, and pre- 
ision. The sunburst charts effectively visualize these varia- 
ions through color gradients, where dark red indicates su- 
erior performance, while dark green signifies weaker perfor- 
ance. 
As shown in Fig. 5 , the RF model consistently exhibited the
ost robust and stable performance across all CPUE thresh- 
lds, with its metrics predominantly shown in dark red. It
emonstrated exceptional results at every threshold, achiev- 
ng high accuracy, recall, balanced accuracy, and F1 scores 
ith minimal variability between thresholds. The KNN model 

howed moderate performance, at the 30th, 40th, and 70th 

ercentiles, where it was represented in lighter red to orange,
ndicating acceptable but less consistent performance com- 
ared to RF. At the 50th and 60th percentiles, the model’s per-
ormance declined, with more green tones emerging, reflect- 
ng increased variability and reduced reliability. The NNET 

nd RPART models exhibited the weakest and least stable 
erformance. Their metrics were largely represented in green 

r dark green across all CPUE thresholds, indicating signif- 
cant declines in accuracy, recall, and precision. These mod- 
ls showed low reliability and substantial variability across 
hresholds. 

Overall, the RF model emerged as the most stable and high-
erforming option across all CPUE thresholds, consistently 
epresented in dark red across all metrics. In contrast, KNN
nd SVM demonstrated moderate, threshold-dependent per- 
ormance, while NNET and RPART exhibited notable weak- 
esses, particularly at higher fishing intensities. This analysis 
onfirms the RF model as the optimal choice for CPUE classi-
cation under varying conditions. 

ariable importance analysis of the best model

n the variable importance analysis presented in Fig. 6 ,
hetao_50 (seawater temperature at 50 meters depth) emerged 

s the most influential predictor with an absolute importance 
core of 100. This highlights the primary role of tempera-
ure in the prediction process, particularly in mid-shallow 

ater layers. o2_0 (surface dissolved oxygen concentration) 
anked second with an importance score of 80.35, further em-
hasizing the critical role of dissolved oxygen in the model.
hetao_0 (surface seawater temperature) ranked third with a 
core of 61.14, demonstrating the significant influence of sur- 
ace temperature on the target variable. o2_50 (dissolved oxy- 
en at 50 meters) followed with a score of 59.22, reinforcing
he importance of seawater temperature and dissolved oxy- 
en as key environmental factors for distribution predictions,
articularly in surface and mid-shallow waters. Additionally,
ECR and NEAR showed notable importance, scoring 53.56 

nd 52.84, respectively. Other secondary but noteworthy vari- 
bles include o2_100 (dissolved oxygen at 100 m, 47.39),
LD (46.48), thetao_100 (temperature at 100 m, 46.38), and 

o_100 (salinity at 100 m, 45.35). While their influence is com-
aratively lower, they still enhance the model’s explanatory 
ower. Overall, temperature, dissolved oxygen, NECR, and 

EAR emerge as the most critical environmental factors in 

his analysis. 

https://github.com/h2oai


8 Liu et al. 

Inf

0.8

0.7

0.6

0.5

0.4

0.3

0.2
0.1

0

Inf

0.7

0.3

0.3

0.2

0.2
0.2

0.2
0.1

0.1

Inf

.9

0.8

0.7

0.6

0.4
0.3

0.2
0.1

0

Inf

0.80.80.80.8

0.50.50.50.5

0.2

Inf

0.8

0.3

0.2

0.2
0.2

0.2
0.2 0.2 0

0.00

0.10

0.25

0.50

0.75

0.90

1.00

0.00 0.10 0.25 0.50 0.75 0.90 1.00
False positive fraction

Models

KNN(AUC=0.8352)

NNET(AUC=0.7426)

RF(AUC=0.9097)

RPART(AUC=0.6971)

SVM(AUC=0.8337)
Inf

0.90.8

0.7

0.6

0.40.4

0.2
0.1 0

Inf

0.8

0.5

0.4

0.3

0.3
0.3

0.3
0.2

0.2

Inf

0.9

0.8

0.7

0.6

0.4
0.3

0.2
0.1 0

Inf

0.80.80.8

0.60.60.60.30.3

0.3

Inf

0.8

0.7

0.4

0.3

0.3
0.2

0.2
0.2 0

0.00

0.10

0.25

0.50

0.75

0.90

1.00

0.00 0.10 0.25 0.50 0.75 0.90 1.00
False positive fraction

Tr
ue

 p
os

iti
ve

 fr
ac

tio
n

Models

KNN(AUC=0.8149)

NNET(AUC=0.7253)

RF(AUC=0.8982)

RPART(AUC=0.6739)

SVM(AUC=0.8028)

10 20 30 40 50 60 70 80 90 1000

50th Percentile

60th Percentile

70th Percentile30th Percentile

40th Percentile

CPUE Thresholds

Inf

0.8

0.70.6

0.60.4

0.3
0.20.1

0

Inf

0.9

0.6

0.6

0.5

0.4

0.4
0.4

0.3
0.2

Inf

0.9

0.8

0.7

0.6

0.4
0.3

0.2 0.1 0

Inf

0.80.80.8

0.50.50.5

0.40.40.2

Inf

0.8

0.8

0.7

0.5

0.4

0.3
0.3

0.2
0.1

0.00

0.10

0.25

0.50

0.75

0.90

1.00

0.00 0.10 0.25 0.50 0.75 0.90 1.00
False positive fraction

Models

KNN(AUC=0.7897)

NNET(AUC=0.7187)

RF(AUC=0.888)

RPART(AUC=0.6705)

SVM(AUC=0.7828)
Inf

0.9

0.80.70.6

0.60.4

0.3
0.2 0

Inf

0.9
0.9
0.9
0.70.50.50.50.5

0.5

Inf

0.9

0.8

0.7

0.6
0.4

0.3 0.2 0.1 0

Inf

0.80.80.8
0.60.60.6

0.60.6

0.5

Inf

0.8

0.8

0.8

0.7

0.6

0.5
0.4

0.3
0.1

0.00

0.10

0.25

0.50

0.75

0.90

1.00

0.00 0.10 0.25 0.50 0.75 0.90 1.00
False positive fraction

Models

KNN(AUC=0.7725)

NNET(AUC=0.6552)

RF(AUC=0.8822)

RPART(AUC=0.666)

SVM(AUC=0.767)
Inf

0.90.8

0.7

0.60.60.4
0.3

0.2 0

Inf

0.9

0.8

0.8

0.7

0.6

0.6

0.6
0.5

0.5

Inf

0.9

0.8

0.7

0.6
0.4 0.3 0.2 0.1 0

Inf

0.7

0.60.6

0.6
0.50.50.40.30.2

Inf

0.8

0.8

0.8

0.7

0.6

0.5

0.4
0.3

0.1

0.00

0.10

0.25

0.50

0.75

0.90

1.00

0.00 0.10 0.25 0.50 0.75 0.90 1.00
False positive fraction

Tr
ue

 p
os

iti
ve

 fr
ac

tio
n

Models

KNN(AUC=0.7553)

NNET(AUC=0.6854)

RF(AUC=0.8746)

RPART(AUC=0.6601)

SVM(AUC=0.7504)

30-ile 40-ile 50-ile

60-ile 70-ile

(a) (b) (c)

(d) (e)

Figure 4. Comparison of ROC curves of machine learning models under different CPUE thresholds. The gray bar at the top represents the range of 
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HAP summary plot of key oceanographic features

s shown in Fig. 7 , the points for o2_0, o2_50, thetao_50, and
hetao_0 are relatively dispersed, indicating that these four
eatures contribute significantly to the model’s output. The
istribution of points for o2_0 and o2_50 exhibits a consistent
olor trend, with blue points concentrated on the left side and
ed points on the right. This suggests that lower dissolved oxy-
en values negatively impact the predictions, while higher dis-
olved oxygen values positively contribute to the predictions.
n contrast, the color distribution for thetao_0 and thetao_50
s the opposite of that for dissolved oxygen. Blue points are
oncentrated on the right, while red points are on the left, in-
icating that lower temperatures are associated with favorable
abitat conditions in this dataset. 
For the features EKE, INSIDE, NECR, and NEAR, all

oints—regardless of whether they are red (high values) or
lue (low values)—are concentrated on the right side of the
 -axis. This indicates that these features consistently have a
ositive impact on the predictions. The color gradient for IN-
IDE transitions from blue to red, indicating that contribu-
ions within eddy regions have a greater positive impact on
he predictions compared to those outside the eddy regions.
n contrast, the points for EKE, NECR, and NEAR show a
radient from red to blue, suggesting that smaller values of
hese features have a stronger positive influence on the pre-
ictions. These findings demonstrate that eddy regions, par-
icularly their inner areas, have a greater positive impact on
he predictions. 

HAP summary plot of key ecological zone

s shown in Fig. 8 , among the six regions, only the WARM
egion has red points distributed on the left side of the x -axis,
hile points from the other regions are all concentrated on the

ight side. This indicates that being either within or outside
n ecological region generally has a positive impact on the
redictions. In terms of color variation, only the ARCH region
xhibits a clear transition from blue to red, with red points
ositioned farther from the x -axis, suggesting that the ARCH
egion has a significant positive influence on the predictions. 

For PEQD, the pattern reveals a red-to-blue-to-red transi-
ion, indicating that being within or outside this region typ-
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Figure 5. Comprehensive performance comparison of machine learning models across varying CPUE thresholds. The gray bar at the top represents the 
range of CPUE values corresponding to the number of individuals. The 30-ile represents the 30th percentile, the 40-ile represents the 40th percentile, 
the 50-ile represents the 50th percentile, the 60-ile represents the 60th percentile, the 70-ile represents the 70th percentile. 
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ically contributes positively to the predictions. However, the 
distribution density of points shows that blue points domi- 
nate, suggesting that being outside this region has a greater 
positive impact on the predictions. Similarly, for the remaining 
regions (SPSG, SSTC, TASM, and WARM), the points transi- 
tion in color from red to blue, indicating that lower feature 
values have a modest positive impact on the predictions. No- 
tably, for SSTC and TASM, the distribution density also re- 
veals a dominance of blue points, further suggesting that be- 
ing outside these regions has a stronger positive influence on 

the predictions. 

ICE and partial dependence plot

The ICE and PDPs, presented in Fig. 9 , offer a nuanced view 

of how individual forecasts vary with specific features. In con- 
trast, PDPs provide an aggregate summary of the average im- 
pact of these features across all instances. In the left figure,
the ICE plot shows the effect for each decile. Additionally, the 
original observation values are marked with semi-transparent 
circles on each ICE line. The gray frequency distribution his- 
togram represents the distribution of the original data. The 
eft-side PDP curve calculates the probability density or a fitted
urve, showcasing the fluctuations of the data. The right-side 
DP curve, on the other hand, does not calculate the proba-
ility density or a fitted curve but directly displays the trend
f the data. 
For dissolved oxygen (o2_0) values in the range of 

210 mmol/m 

3 to 233 mmol/m 

3 , the curve shows an up-
ard trend, reaches a peak, and then levels off. For temper-

ture (thetao_0), the overall trend of the curve initially rises,
hen falls, and finally stabilizes. At lower SSTs (15 

◦C–18 

◦C),
he curve increases. When the temperature rises to the mid-
le range (18 

◦C to 20 

◦C), it reaches its highest value. Beyond
0 

◦C, the curve starts to decline. Once the temperature ex-
eeds 30 

◦C, the curve drops to its lowest value and gradually
tabilizes thereafter. For mesoscale cyclones (NECR) and an- 
icyclones (NEAR), the curves exhibit a similar overall trend: 
n initial rise, followed by a decline, and then stabilization.
eaks occur at 2.57 times the radius of the mesoscale cyclone
nd 3.37 times the radius of the mesoscale anticyclone. Be-
ond these values, the predicted values drop sharply, reach a
inimum, and then stabilize. 
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omparative analysis on the five models

n this study, the RF model outperformed all other models
cross various metrics, particularly excelling in accuracy, bal-
nced accuracy, and recall. While SVM and KNN performed
ell in precision and specificity, they lagged behind RF in re-

all and F1 score. NNET and RPART showed weaker per-
ormance, especially at higher threshold percentages, with
NET also underperforming in specificity and balanced ac-

uracy. Overall, RF and SVM emerged as the top models,
ith RF achieving the highest area under the curve (AUC) in
OC analysis, indicating its strong ability to differentiate be-

ween positive and negative samples. KNN and SVM followed
n AUC ranking, while NNET and RPART were less effec-
ive, highlighting their limitations with complex data. Previous
 c
tudies support these findings. For example, Song et al. (2023)
ound that the RF model performed similarly to an optimized
tacked ensemble learning (STK) model when predicting big-
ye tuna fishing grounds in the tropical Atlantic. Mugo et al.
 2020 ) and Zhang et al. (2023) reported comparable results
or modeling skipjack and albacore tuna habitats, emphasiz-
ng RF’s reliability in predicting tuna distribution. RF’s noise
esistance, which stems from its voting mechanism across mul-
iple decision trees, reducing sensitivity to noise and outliers
Belgiu et al. 2016 , Biau et al. 2016 ). This robustness is crucial
or handling the inherent noise and uncertainties in marine en-
ironmental data (Rubbens et al. 2023 ). The extensive dataset
sed in this study, spanning a large temporal and spatial range,

ncluded diverse environmental factors from the ocean surface
o depths of 300 m, allowing RF to effectively capture the
omplexity of these variables for more accurate predictions. 
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Analysis of the importance environmental factors

In the evolving landscape of machine learning, the complex- 
ity of models often results in “black box” predictions. Inter- 
pretable Machine Learning methods, such as SHAP , PDP , and 

ICE, are essential for making these models more understand- 
able and transparent. The RF model assesses feature impor- 
tance, identifying key environmental variables influencing al- 
bacore tuna habitat distribution. SHAP, ICE, and PDP analy- 
ses further enhance this understanding. The results indicate 
that dissolved oxygen and temperature at both the surface 
(o2_0, thetao_0) and 50-m depth (o2_50, thetao_50) are the 
most influential factors ( Fig. 6 ), followed by the NECR and 

NEAR, as well as the MLD. These oceanographic variables 
play a significant role in shaping albacore tuna behavior and 

physiology. 
Adequate oxygen supply is crucial for the physiological 

functions of organisms. As shown in Fig. 7 , the color of the 
dissolved oxygen (o2_0) points gradually shifts from blue to 

red, further indicating that higher concentrations of dissolved 

oxygen (o2_0) provide favorable conditions for the survival of 
albacore tuna. In oxygen-based (Oxy) models, optimal habi- 
tat predictions are observed at a 0-meter depth (Su et al.
2024 ), which aligns with the results from our RF model. Dis- 
solved oxygen also influences tuna’s vertical distribution and 

spawning areas (Block et al. 1997 ). Our PDP and ICE anal- 
yses reveal a peak surface dissolved oxygen concentration of 
233.3 mmol/m 

3 ( ∼5.22 ml/l), as shown in Fig. 9 a. This finding 
is largely consistent with Lehodey et al. (2015) , who identified 

oxygen levels above 4.5 ml/l as optimal for albacore tuna in 

the western Pacific. Additionally, our results align with those 
of Chang et al. (2021) , who observed that albacore tuna in the 
South Pacific preferentially inhabit areas with dissolved oxy- 
gen concentrations ranging from 0.2 to 0.25 mmol/l. The dif- 
ference of 0.72 ml/l between our results and those of Lehodey 
et al. (2015) may be due to differences in the temporal and 

spatial scales of the data. Suitable temperature is equally cru- 
cial for tuna survival, as it affects their metabolic functions 
and distribution. As seen in Fig. 7 , the temperature (thetao_0 

and thetao_50) points gradually shifts from red to blue, indi- 
cating that albacore tuna show a preference for cooler temper- 
atures. Nugroho et al. (2022) found that SSTs between 15 

◦C 

and 26 

◦C significantly enhance catch rates (CPUE). Addition- 
lly, Collette, B. B. (1983) summarized that albacore tuna are
ost often found in surface waters with temperatures rang- 

ng from 15.6 

◦C to 19.4 

◦C, although larger individuals can
e found in deeper waters with temperatures ranging from 

3.5 

◦C to 25.2 

◦C. These findings are consistent with the re-
ults presented in Fig. 8 B, which indicate that the optimal tem-
erature is approximately between 18 

◦C and 20 

◦C. 
Eddies play a crucial role in mixing the water column, in-

uencing water stratification, and affecting nutrient distribu- 
ion and primary productivity (McGillicuddy et al. 1998 ). Cy-
lonic eddies bring nutrient-rich deep water to the surface, en-
ancing phytoplankton growth and benefiting the entire food 

hain. By altering water stratification, these eddies impact the 
epth of the MLD, which, in turn, influences food availabil-
ty and the vertical movement of albacore tuna ( Lee et al.
020 ). In our study, as shown in Fig. 7 , the analysis of fea-
ures such as EKE, INSIDE, NECR, and NEAR revealed that
maller values of EKE, NECR, and NEAR have a stronger
ositive influence on predictions. Additionally, being located 

ithin mesoscale eddies significantly enhances the predictions.
urther SHAP analysis of NECR and NEAR ( Figs. 9 c and 9 d)

ndicates that the influence of cyclonic and anticyclonic ed- 
ies peaks at 2.57 and 3.36 times the radius of the eddy cen-
er, respectively. These findings emphasize the importance of 
he eddy periphery regions as favorable habitat conditions for 
lbacore tuna. This aligns with Brandt, S. B. (1981) , who ob-
erved that eddy edges often form temperature gradients, at- 
racting both cold-water and warm-water fish species. In areas
ith cyclonic upwelling, the increased surface nutrient con- 

ent attracts marine life, including albacore tuna prey. Studies 
ave demonstrated that eddies affect organisms across various 
rophic levels, from plankton to predators (Hsu et al. 2015 , Se-
iawati et al. 2017 ). Additionally, anticyclonic eddies enhance 
rimary production and biomass at their edges (Lima et al.
002 ). Higher CPUE has been associated with SSH isopleths
round 0.05 m at the periphery of anticyclonic eddies for al-
acore tuna in the South Pacific (Zhou et al. 2020 ). In the
ozambique Channel, tunas are frequently found near cy- 

lonic eddies and their edges, where foraging conditions are 
ore favorable (Tserpes et al. 2008 ). Moreover, mesoscale ed-
ies, as significant physical phenomena in the ocean, are often
ssociated with cold (cyclonic) or warm (anticyclonic) anoma- 
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lies at the sea surface. However, a substantial number of eddies 
exhibit anomalous SSTs, such as warm cyclonic eddies and 

cold anticyclonic eddies (Sun et al. 2019 , Liu et al. 2021 , Ni 
et al. 2021 ). Early studies were limited by low temporal and 

spatial resolution, focusing on the upwelling effect in cold ed- 
dies and the associated high productivity or highlighting the 
more suitable temperature in warm eddies as better habitats.
As research progressed, this dichotomy has been increasingly 
challenged. Chelton et al. (2011) showed that both cold and 

warm eddies can significantly influence primary productivity 
by modulating chlorophyll distribution along their edges dur- 
ing horizontal movement. 

Ecological zone analysis

The spatial variation of ecological regions significantly influ- 
ences the predictive capacity of the model, as reflected in Fig.
8 . Among the six regions analyzed, only the WARM region 

demonstrates red points distributed on the left side of the x - 
axis, suggesting that lower feature values within this region 

positively contribute to predictions. Conversely, points from 

other regions are concentrated on the right side, indicating 
a generally positive influence of being either within or out- 
side an ecological region. The ARCH region exhibits a promi- 
nent color gradient from blue to red, with red points posi- 
tioned farther from the x -axis, underscoring its strong pos- 
itive impact on predictions. For the PEQD region, the red- 
to-blue-to-red transition highlights the dual influence of this 
region, where being inside or outside typically enhances pre- 
dictions. However, the dominance of blue points in the dis- 
tribution suggests that being outside PEQD contributes more 
positively . Similarly , for SPSG, SSTC, TASM, and WARM re- 
gions, lower feature values show a modest positive impact,
with SSTC and TASM regions particularly revealing a higher 
density of blue points, indicating that areas outside these re- 
gions exert a stronger positive influence on predictions. These 
results suggest that while temporal dynamics may be implicitly 
captured by the oceanographic data, spatial variation remains 
a key factor. The contrasting impacts of different regions high- 
light the complexity of ecological interactions and the need 

for models to account for spatial heterogeneity when predict- 
ing albacore tuna distribution. Future studies should explore 
more detailed spatial patterns and the interplay between eco- 
logical regions and environmental features to refine predictive 
accuracy. 

Prospects and limitations

This study standardized the mesoscale eddy spatial radius 
data, which to some extent addresses the limitations of pre- 
vious studies that relied on EKE as a proxy for eddy dynam- 
ics. This limitation may prevent the machine learning models 
from fully capturing key features and variations necessary for 
comprehensive predictions. Some of the environmental vari- 
ables included in our analysis may be significantly correlated 

with each other. This multicollinearity could affect the inter- 
pretability of the results, as it may mask the independent ef- 
fects of individual variables. In future analyses, we will use 
methods such as variance inflation factors to address mul- 
ticollinearity and more accurately isolate the effects of each 

variable. Our study employed interpretable models such as 
RF , SHAP , ICE, and PDP , which yielded good results. How- 
ever, the analysis did not fully account for the details of spa- 
tial distribution, which could introduce some bias. While tem- 
s
oral dynamics at the seasonal scale may be implicit in the
ceanographic data, spatial variation presents a more chal- 
enging factor. In machine learning, many models assume fea- 
ure independence, but in reality, spatial data often exhibit 
patial correlation. Future research could consider incorpo- 
ating spatial statistical methods, such as Spatial Autoregres- 
ive Models (SARs), and introducing finer spatial resolutions.
hese approaches can effectively capture spatial variation and 

orrelation, thereby improving predictive accuracy. 
Our model provides actionable insights for fisheries man- 

gement, particularly in optimizing fishing operations and 

inimizing ecological impacts. By identifying key areas with 

avorable environmental conditions for albacore tuna, such 

s optimal oxygen levels and temperatures, and proximity to 

esoscale eddies, our approach allows fisheries to target high- 
fficiency zones. This can significantly improve catch rates 
hile reducing bycatch, especially in regions with abundant 
rey near eddy peripheries. The study emphasizes the critical
ole of mesoscale eddies, not just as feeding grounds but as
ital habitats for albacore tuna throughout the year. As such,
e recommend incorporating mesoscale eddy data into real- 

ime fisheries monitoring systems to better predict albacore 
una distribution and adjust fishing strategies accordingly. To 

urther improve management, fisheries could integrate predic- 
ive models into daily operations, allowing for real-time ad- 
ustments to fishing locations, quotas, and regulations based 

n up-to-date oceanographic conditions. This dynamic, data- 
riven approach will not only optimize albacore tuna catch 

fficiency but also the protection of albacore tuna habitats,
ontributing to the overall health of marine ecosystems. 
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