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Tab.1 Sources, spatial resolution, time period, and temporal resolution of historical and forecast environmental variables

Ji WL historically observed

T projected

A ¥

, WA R 155 5 S N T2 (B 57 8 A B AU AR RIS EE IR
redictors model spatial time temporal model output spatial time temporal
code resolution  duration resolution code code resolution  duration  resolution

RIS SST ERSST 2° 1960-2019 H monthly CESM2-WACCM tos 1° 2015-2100 A monthly
2Rk Chl MODIS 9 km 2000-2019 K daily CESM2-WACCM chl 1° 2015-2100 J] monthly
WEERMELE SSS ECMWF 0.25° 1960-2019 H monthly CESM2-WACCM ) 1° 2015-2100 J]1 monthly
WRE =¥ SSH ECMWF 0.25° 1960-2019 H monthly CESM2-WACCM Z0s 1° 2015-2100 J1 monthly
RAEZHEE MLD ECMWF  0.25°  1960-2019 A monthly CESM2-WACCM  mlotst 1° 2015-2100 S monthly
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Fig. 1 Spawning and recruitment areas of Thunnus alalunga in the South Pacific
Area within the dashed lines indicates the jurisdictional area of the WCPFC.

R2 BMATFKESRENMRETNEIGE

Tab. 2 Details of recruitment prediction model construction for Thunnus alalunga in the South Pacific

FRILCHS model code WA time duration

b X3 recruitment area

5748 B X 48 environmental variables area

M1 1960-2017 B RETE South Pacific Ocean B K7 South Pacific Ocean

M2 2000-2017 M AP South Pacific Ocean B APV South Pacific Ocean

M3 2000-2017 P K South Pacific Ocean  f=B[X spawning area

M4 2000-2017 B K7 South Pacific Ocean  #MFEIX recruitment area

M5 20002017 B RF# South Pacific Ocean  J=UPIX KM FEIX. spawning and recruitment area
> R ME G fiE R A, SST. MLD., SSS. CHL i

B A BB O B ) A8 o o, SST IRl H Ry oy

21 REER

RT3 AT 45 5 WL 3 Horp M1 SR 4 15 3
AT VR, BB RE T 28R 0.108, #J5
MRARZER KN 2.568, 1 B I2A 70 XoF 40 fie e i
HAER, NEAER TR, SEEEY M2,
Hf B Z & E N 0.459, RMSE & fkl 1.153,
M2 BT 5 A4~EE, Hrh SST., MLD. SSH 1]
HRECh g, SHARRAMECKER, BIER
AKX -0.83, —0.73, —0.25, SSS Fil CHL f#[7]
A ZECHTERL, 2518 0.15 F1 013, HA 3 4k
R ARPEA AR INFR B HEA S M4 M3 Fil M5, X
NIRRT 2543 9 0,428, 0.403. 0.391, 75
FRARZEA R 1,292, 1.524, 1.804,

Tk, BUEIERIAE-0.83 £-0.56 Z[8]; MLD [A)9
ZBUI AT N—0.73 £-0.62 Z [a]; CHL [9]J9 £
BOMIESL, 78 M3 a3 25 & 0.26, Hifth
BRI 352054 0.1; SSS [IH R BN IE(H, XA
i, 7€ 0.11~0.15 Z [a] . SSH X7 M2 il M4 f5 74
ok R BR AR B, 1R s Y [ UH R 0SSR —0.25
F1-0.16,

22 fRETEAE

2 XAIEFH TR LASSO #1372 1L fig

(E 2), "R ESRAEIEN S A . B2
FEL N /N MSE %R A, BUZ A B R (22
/b, WA RORRAE. AL R 2T R/ Y
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#*3 RELASSO HEREBETE. TERY,
RENGANARIREMBREAE
Tab. 3 Retained variables, variable coefficients, RM SE,
and r-squared of the final LASSO models

BRI TRER A B WOMRE RT%E

model code effective variables coefficient RMSE r-squared

Ml RIS SSS 0.09 2.568 0.108
WRMREE SST  -0.04

M2 WpERERE SST  —0.83 1.153 0.459
REBRE MLD  —0.73
TR SSH  —0.25
GFRIEERE SSS 0.15
M4k UE CHL 0.13

M3 REIZHRE MLD  —0.62 1.524 0.403
MR SST  -0.56
4Rk E CHL 0.26
MR SSS 0.11

M4 REZHEE MLD  —0.65 1.292 0.428
WRRE SST  —0.63
ERMEE SSH  —0.16
MRIMEE SSS 0.12
M4k UE CHL 0.11

M5 IRAZHE MLD  —0.68 1.804 0.391
MR SST  —0.59
IRIEREE SSS 0.15
4R EWE CHL  0.14
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U B TR g, B R OE AR g R g
FERIR2ZE RN

Kl 3 AR EEETS 5y, LASSO WA EAR
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& 4 METF 4 ARG b 7T R AT TR 2
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K2 AL M2 (a). M3 (b). M4 (c). MS5 (d)3& SR 45 3
P&l eh 22 R 2y di /)y MSE XS IR A B, A5 0B & iR 22 TE S/ N — iy 22 Q0 B Y A {H.
Fig. 2 Cross-validation results of M2 (a), M3 (b), M4 (c), and M5 (d)
The left dashed line represents the A value corresponding to the minimum MSE, and the right dashed

line represents the A value within one standard error range of the minimum error.
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Red line (SA): observed recruitment extracted from the stock assessment; green line (phase 1): the first-stage predictions
based on environmental observation data (2000-2017); blue, yellow, and purple lines correspond to the second-stage
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Fig. 3 Variable importance scores for M2 (a), M3 (b), M4 (c), and M5 (d)
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Fig. 4 Recruitment predictions from 2000 to 2100 based on M2 (a), M3 (b), M4 (c), and M5 (d)

predictions (2015-2100) under the SSP126, SSP370, and SSP585 scenarios, respectively.
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55— Berh, M2 B b 7e 2 Kb S
PASAEAARL, BRI E AR L UL (E 5K, M3 76
2000—2007 4FEARETM 1 B B AR {3, 2007 4
Z 5 T S5 UL (E 24 M4 7E 2000—2014 4F
o0 s A S WAL, 15 2014—2017 4EAH 2255
K5 MS BRI L LI AL AR, 7E 2008 4F 2 )5
UM AR o 5B B, AR R T %
s, Horp A iR R HERCRE T SSPS8S T i
PREPESRE, A ABRARHE RIS SSP126 T
Feds 2% . #bFEHREAE 2070 4E /A5 HE SSP370 i
SSP585 i1 I 0, M3 1 M4 #H [t M2 il M5
T F 558 8, MLS R X T 1 e KK o
24 RBEIXFLE

LASSO H# T OLS etk mIHF R fk T A%
PR, DL M2 AR, R A R B A
ik, XFE 2 AR R B, LT LASSO Bl 77k
) M2 RS RS [ 1) AR 1R 25 4 1,153, EE OLS el 94K
(1.214); fB)5 25 0.459, b OLS [m] 94 A0
(0.431)(3% 4).

*k 4 LASSO FiEE&R/IMFiELER TRE EREXT L
Tab. 4 Comparison of LASSO and OL Slinear
regression model performance

Al ¥y iR il 5 2%

model RMSE r-squared
M2 1.153 0.459
OLS &4 [m1H 1.214 0.431

OLS linear regression model

3 itig
31 WETEHMHILEH

AT GT 45 5 22 H B RO VF 1K B 440 f0 kb 78 i
5 AR i 2 0] OC FR A7 AE B i) 2 ) S T
X5 K A 0 R BEAT ORI R T, AR K R
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MWARY, DR M, KEEsnahrE S
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P TAFHEA ARG 22, (H T 68 S AR A X
SR Y, AR K E D FEAE I B 5 5 A TR X 8K
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HH L 7= B DX b 75 2 5 i B, T R ) SR )
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SST 5K Mg G H 11 7 B 15t N &) 400 7735 R L%
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H I L S ST DO, Hh e AN SST AYXE
KR GARIIILE R, WF5EEM SST A
TEMEENEZ —, SHhaERFMK, H SST
T 45 A DX AN [ s e T A ] X3 P Ak
EREEREE AR . 1An7=BR X AL T SST M B Bk
Vi {H, SST Wi i & FUAHCAR &5 MAEANFEIX,
SST HZERFER ., 5T & MLD 14 T #b 72 i
() 5 2, MLD A2 52 KR Z 1] 1
Aok DX, R B AR b 2 M VA ) L A A
BRI VAR A T1, %)Z MLD (<50 m)
1 A 5 SR B Tk, $E T AR fa R 4
B YPR AT R, TR KMk SYEES
MLD £ & # 7iAH5¢, 24 MLD #id 100 m i, EH
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WIF AT A PR N 1, 081 a4 T 00 A 78
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Abstract: Recruitment process serves as a critical biological foundation for sustainable resource maintenance.
Understanding and accurately predicting the variability in recruitment has become a core challenge in fisheries
management. Previous methods for predicting the recruitment of South Pacific albacore (Thunnus alalunga) have
challenges in handling multicollinearity among environmental variables and identifying key drivers, often leading
to model overfit and reduced predictive accuracy. To address these issues, this study applied the LASSO regression
algorithm to optimize variable selection and improve prediction accuracy. Models were developed based on
observational data from 2000 to 2017, and then coupled with CMIP6 multi-model climate projections, to predict
recruitment trends from 2018 to 2100.The results indicated that LASSO effectively eliminated variable redundancy
through shrinkage estimation, enhancing model prediction accuracy. The optimal model explained 45.9% of
variance, with sea surface temperature (SST) and mixed layer depth (MLD) identified as critical predictors. Projections
revealed that under high-emission scenarios (SSP5-8.5, SSP3-7.0), the population recruitment by the 2070s would
approach the ecological threshold lower limit (near zero), significantly elevating collapse risks. In contrast, under
the low-carbon pathway (SSP1-2.6), recruitment exhibited persistent decline trends. This study provided with an
effective methodological framework for fisheries stock prediction and variable selection, while establishing a
climate-recruitment coupled prediction model to provide quantitative decision-making support for formulating
adaptive management strategies and mitigating population collapse risks.
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