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Tab.1 Resultsof correlation analysis on therelationship between Thunnus albacares CPUE and
environmental variables and spatio factors

AR L P
_Xiﬁj? AR variable P *E?é,%ﬁt )
variable symbol correlation coefficient, R
LON 2% longitude 0.000 -0.158
LAT A latitude 0.000 0.126
Chl a N4%% a K chlorophyll a concentration 0.000 -0.078
WS MR HHE wind speed 0.000 0.050
EKE 3lifE eddy kinetic energy 0.020 0.028
TO WG R E sea surface temperature 0.000 0.130
T50 50 m /K2 E temperature under 50 m 0.000 0.101
T100 100 m /KJZVRE temperature under 100 m 0.000 0.049
T150 150 m /KJZVRE temperature under 150 m 0.362 0.008
T200 200 m /K2 temperature under 200 m 0.000 -0.047
T250 250 m /K2 temperature under 250 m 0.000 -0.057
T300 300 m /KJZIEE temperature under 300 m 0.000 -0.033
T400 400 m /KJZ{EE temperature under 400 m 0.189 -0.012
T500 500 m /KJZR)E temperature under 500 m 0.754 -0.003
S100 100 m /K2 E salinity under 100 m 0.395 -0.008
S200 200 m /KJZERF salinity under 200 m 0.000 —-0.036
S300 300 m /KJZEE salinity under 300 m 0.089 -0.016
S400 400 m /K/Z3E salinity under 400 m 0.236 0.011
S500 500 m /KZEL ¥ salinity under 500 m 0.047 0.018
1.0
LON —0.36 IAER —0.42 —0.29 BRIRZ SIS K
LAT 0.65 0.8
TO 0.04 0.12 —=0.00 —0.00 0.06 0.01 0.05
0.6
Chl a 0.27 glEzasiply 0.17 024 0.14 0.09
WS 1.00- Seis ey —0.23 —0.32 —0.25 —0.13 0.4
EKE 0.27 - 1.00 0.11 0.16 0.09 0.05
0.2
T50 R 02482  1.00 1 0.45
T100 0.23 0.45 1.00 0
T200 0.04
--0.2
T250
T300 --04
5200
-—0.6
S500 —0.42

& & 2 O S & & S S
F T EE SIS S

Bl 1 AIEEA8 5 (A AY Pearson A& R L

Xof R B R IR 1.

&
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Fig. 1 Pearson correlation coefficient among environmental variables
Explanation for the variables is shown in Tab.1.
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Tab.2 Resultsof multicollinearity diagnosis
A5 & variable  LON LAT Chl a WS EKE TO T50 T100 T300 S200 S500
VIF 4.96 4.55 1.68 1.31 1.20 1.92 2.22 2.11 2.21 1.61 2.22

TE: WA AR LR 1.

Note: Explanation for the variables is shown in Tab.1.
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Fig. 2 Pearson correlation coefficient among environmental variables based on VIF analysis
Explanation for the variables is shown in Tab.1.
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Fig. 4 Distribution of fishing ground for Thunnus albacares in
tropical waters of Atlantic Ocean
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Tab.3 Comparison of forecast results of various models

547 item NB KNN RF CART LR SVM Xgboost STK
AUC 0.64 0.67 0.72 0.66 0.68 0.70 0.69 0.72
ACC/% 61.62 62.03 66.37 63.06 63.26 64.97 64.08 68.72

x4 BEBWNAEEINEFH AR EBHELR

Tab.4 Comparison of discrimination accuracy for different fishing ground categories by using various models

251 class NB KNN RF CART LR SVM Xgboost STK
¥ fishing ground 60.07 63.81 67.22 65.68 61.76 66.44 65.58 68.91
dE¥#3% non-fishing ground 63.08 60.35 65.57 60.59 64.68 63.58 62.66 68.53
30°N 30°N F
25°N 25°N |
20°N 20°N |
E| =]
15°N 15°N |
10°N 10°N t
5°N 2% 5°N |
00 L 00 L
5°S 508 L
10°S | South America . 10°S ISouth America
S
15°S 15°8 t
20°S N N . . 20°S |
500k o W15 3] Ay #a3% predicted fishing ground « WS 3] A3k #a3% predicted fishing ground
25°8 | — Ai%m@% alctual f‘iShiﬂg‘ ground 2508 | 300 km , yrpragEwass actual fishing ground

45° 40° 35° 30° 25° 20° 15° 10° 5° O°W

Kl s S2br e e i 7 5 RS 2
B I 4 M £ U0 37 X L P

Fig. 5 Comparison of actual fishing ground and
predicted fishing ground of Thunnus albacares

23 HuLE
U 25% 103X 0t 1Y B A KA A R T e
RAFH) STK BARY, R4 sy (i, Arcgis

45° 40° 35° 30° 25° 20° 15° 10° 5° O0°W

K6 S:PRIETEE A iy S ARG 2 R
A BB S A0 Y I X LL IR
Fig. 6 Comparison of actual non-fishing ground and
predicted non-fishing ground of Thunnus albacares
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Fig. 7 Distribution map of Thunnus albacares fishing ground density
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Fishing ground forecasting models for yellowfin tuna (Thunnus alba-
cares) in the tropical waters of the Atlantic Ocean based on ensemble
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Abstract: To predict the yellowfin tuna (Thunnus albacares) fishing ground in the tropical waters of the Atlantic
Ocean accurately, and to select the optimal prediction model, a series of yellowfin tuna fishing ground prediction
models were developed based on catch per unit effort data from the logbooks of 13 Chinese longliners operating in
the tropical waters of the Atlantic Ocean from 2016 to 2019. The marine environmental variables (sea surface wind
speed, chlorophyll a concentration, eddy kinetic energy, vertical temperature, and salinity in the 0-500 m water
layer) and spatial factors (latitude and longitude) were included in the models. The time resolution of each model
was one day, and the spatial resolution was 0.25° x 0.25°. The series of models, comprising Naive Bayes (NB),
K-Nearest Neighbor (KNN), Random Forest (RF), Classification and Regression Tree (CART), Logistic Regres-
sion (LR), Support Vector Machine (SVM), Gradient Boosting Decision Tree (Xgboost), and stacking ensemble
(STK) model (developed by the NB, CART, and LR models), were constructed using 75% of the data and verified
using 25% of the data. The results showed that in the NB, KNN, RF, CART, LR, SVM, Xgboost, and STK models,
(1) the forecast accuracy values for the yellowfin tuna fishing ground were 61.62%, 62.03%, 66.37%, 63.0%,
63.26%, 64.97%, 64.08%, and 68.72%, respectively; (2) the corresponding areas under the ROC curve were 0.64,
0.67, 0.72, 0.66, 0.68, 0.70, 0.69, and 0.72, respectively; and (3) the prediction accuracy of the STK model was
greater than that of other methods. These results suggest that the STK model should be used to predict yellowfin
tuna fishing grounds in the tropical waters of the Atlantic Ocean.
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