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Abstract: Intelligent analysis of economic benefits in marine ranching is essential for fine-grained aquaculture management. However,
existing data—driven methods rely heavily on large labeled datasets and often suffer from under fitting in small-sample scenarios. To
address this problem, this paper proposes two prompt-engineering—based intelligent analysis methods: a zero—shot economic benefit
analysis method, named Prompt-Engineered Sea Ranching Economic Analysis (PE-SEA), and a sample—augmentation—based
economic benefit analysis method, named Prompt-Augmented Pretraining for Sea Ranching Economic Analysis (PAP-SEA).
Both methods use prompt engineering to guide large language models in analyzing marine ranching-related data and predicting
future economic benefits. PE-SEA performs zero—shot inference based on GPT-4 and does not rely on additional training data;
PAP-SEA uses ChatGPT for sample augmentation, while model training and inference are both completed locally. PE-SEA is

more suitable for performance—prioritized scenarios, while PAP-SEA is more suitable for scenarios with higher requirements for
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data security and privacy protection. To facilitate practical application, this paper develops a real-time intelligent analysis tool

called SeaPastureGPT for the economic benefits of marine ranching. Experiments are conducted on real monitoring datasets from

three different sea areas and aquaculture species. The results show that both methods outperform existing mainstream methods

across six evaluation metrics (precision, recall, F1, area under the ROC curve, Matthews correlation coefficient, and accuracy).

In particular, PE-SEA improves the F1 by 70.67% compared with the best-performing baseline method called KnowledgeGraph-

BERT. Overall, our methods offer new insights and practical guidance for both academic research and industrial applications.
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Pl o BHE F U SR A BT LA 5 0 sl B A AR
HE AL T 2019— 2023 4 1 AR A IR EE L3R4 A 7 LA
R 2855 3 45 = A7 T AR . B SR TR AR R
mk 1.

SIS BT AT B0 A e BE S 1 1Y H ) 4 il
ZRAE R E 5 . HrilZ ] T PAP-SEA
J7 ¥ BRI B B, 56 E 4 e AR R )1 ot B rp R
A5, 054 D) 1 06 BT A ik R AT PERETEAL o AR
TUE X H S 56 A 28 Sk A e] & B AR SO TE T
FELR Ty g Al FH AR TR I 2R 48 B0 IE 4R 5 i 4
3.4 EMIER

AT R GV AR AR SOy T 5 B O i Tk
AE , 92 56 3k B4 24T 55 0 5B Y 6 S D 4 48 A
H5 16 R (Precision) . 4 [ % (Recall) . F1.ROC pl £
N J7 ) 18 FH (Area Under Curve, AUC) . D& 4
7% % B (Matthews Correlation Coefficient, MCC) LA
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Table 1 Detailed of the experimental dataset

W05 o I i 35K SR il o A S EEEUE / %% TR A R / 5 IEHEARR OREARR B
i SRt 12 00 800 89 286 23
Wi Kigf 950 720 266 866 21
Wit A A 3500 3200 725 13999 25

e HE R (Accuracy, ACC) o 4548 b5 09 118 A K
W
TP

Precision = ——— 12
recision TP + FP (12)
R 11—7TP (13)

T TP EN

2 X Precision X Recall
Fl1= — (14)
Precision + Recall

TP + TN

ACC = (15)

TP+ TN+ FN + FP
MCC =
TP X TN —FP X FN
(TP+FP)(TP+FN)(TN+FP)(TN+FN)

(16)

Horf TP o B M CEREAR BN IEREA)  FP B

PECRUREAS S IEREARS ), TNy FLEA M (R AR )

TREAR) ENON BB CIEREA FI D S kA ) . ROC

th 25 L)L B BH P 2 ( True Positive Rate, TPR) 2\ %l .

B BH 4 % (False Positive Rate, FPR) A4l , 401(17)

F(18)=:

TP

TPR—iTP+FN (17)
TP

FPR—iFP+TN (18)

3.5 BERFZE

A SCHE T =R B AR B VR O A T
BEE AT AR N B T . XS T AL
fr e o 5B A vk B i R 3 Ok
hy B R S 245 SR 0 8 ST T A Rk 4R T T T 4 R SC
o S EGHE AT U R A I

1) EL-V(DT-DL-NB)"": & —Fft ifif [1] 7K 7= 37 5
FE TR T A 4 52 2 7 vkl 2k il D SR A TR
JIE 2 )RR FURN 38 D1 i 3 = 2 L oy e b R 4 B
BEMUHEZE o % 5 ¥R LK Bt 5 20 5% 2 80 (Ui B2
fife S pHAE R A RS R R 55 ) iy A RRAE il 2
50 AU Bfp [ ke SR i v U0 2 M S v

2) CNN-XGBoost™: % J7 i % Jil CNN M g 7
A5 ) [ 7 50 5080 v 48 JBCTR J2 R A T 48 I
il A XGBoost #E 47 #5230 1 7 il 5% 5 3

A AL R K TR B R IE 2 ORI B 2 ) T
LS G A AR 5 2% R 2 M B 3 A 55 vh SR
L AR RS B 5 AR T DR Y VR O 8 U R AR O BT
B AR R 5 v .

3) KnowledgeGraph-BERT™: i% J ¥k 3 T 4
% H BERT #4716 L3RR 22, IR 45 6 L AR )
55 06 F AN R R A g oK 7 SR G AR K T A b
FEH G 2 5 PR 5T 52 2 [R] Y O O &R . LAY R
fig 19 232 0 OC BEBK Bl A K, B B0 19 T SO fE
ARSIEIR (%

ASCH BT PR REAS G 5 07 v, LU IR R iE
BT A A 3 5 5 10 1Y P R L 43 91 SMOTE (Syn-
thetic Minority Over-sampling Technique )" 1 4 {if
14 5% (Interpolation—based Augmentation)™, H
SMOTE B9 4% JE AR A5 i fiF 25 1] i e O D B
A N HGE AR A JF U VI A 3% 0 ) B HIL A= 1R Y
ERREAR . R R A scikit-learn 71 A9 imbalanced-
learn PS8 SMOTE J7 3 o 4 (B 38 56 0] 38 2 XF
[ 2 S R AR 22 (] E A7 2 1 21 & A OB R AR
3.6 IWERSHMH
3.6.1 RQI:PE-SEA "y~ 5 K5
LAY

LI U - BE X RQL, 528 B 5B AE GPT-3. 5-
turbo—16k [ %6 UF — 28 & 7= #BE Al (Y P RE , T 28 SR A0
Btk . R H B BERTE GPT-4 Ei#E A7 5 0E , %t
FE WG Ah K IE & AR PR 22 5 o [RIB, S 56 38 o 52
AU T 2% T R A7 AR 23 B, X8 52 B vy FH 3 55 T AR
RGP RIS AT LR G VPG . SCIm A RN L 2

AEHR R AR 1 BE X EE < 36 2 7] 41, SR B AR
3M LA MRk . 78 GPT-3. 5-turbo-16k I, #&
ARBREAR 3 1E T A iR 4 i F1,AUC \MCC #5531
e T PR it 1A 2 X T H Al FE 45 , B4 2 RS AR
STEE M K By ACCHI 0. 870 0, (HALAR 3 1y
F1.AUC FI MCC ¥ i T HE AR 2, 158 B 75 5 1A i o
AR R B IS BT AR 3 H A T4 Y O 2 R G g
J1o MEHR/RBINR 1R 2, B4R 378 i\ i R w0 E iy
Precision B A T B , {H Recall 13 2| K E $2& . 7216
WU 205 808 53 B 5 55 b, 350 1 Recall 20K &
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o572 %

AEf% THUN 0 B 22 TE AR AS | DT Sy 5 9 o O g i o 4>
T2 % WKH . Bt 78 S BRI o, S 38 - Recall
I 405 4 71 1t Precision S Al 4252 19 o B4R 3 L4 7E
TR A R A O S T T O S P s o
T ORI R TR TR AL R I SCHE P 4 A
I HE A% U ST P PE RE -
AEXRESEBMEREXT L - 7F fR LB AR 3 19 5%
T, 6 e T 4 R A0 R 4 P Y Precision #8954, GPT—4
TE AR B FPEAN 545 L3P0 T GPT-3. 5-turbo-
16k 75 R 76 2 85 10 5ods 5 1, GPT-3. 5-turbo-16k
fit) Precision & 0. 888 9, 1H J2& H: Recall ¥ 0. 666 7, Vi,
FP RS T8 LI Ay T A ) R A R T A L 9 v AELR
FERREAS B S AR A A5 AR B ) T S T £ 2
Ml 73 2 HAEREA, MHILZ T ,GPT-4
AR TE P U 4 5 0 B0HE 4R B 1Y Precision {H B IG , {H
H Recall \F1.AUC . MCC Il ACC Z £ G518 hr i £ B

T4F, B GPT-4 A8 4% 75 1 /b 152 40 A A1 T 40 =2 (1]
B EGHEM M, RS 2R T GPT-4HA
EUPNINE 3@ NI A S (E7 ey S A O g vt
SCHEHLBE 77, RE 0% 0 o B PR A A SR BE  FR A A
P E TR Z M R ORHEOE R .

B AR5 4 WS I IUAOR B, GPT-4 19 APTIH
Hr ¥ & 1 000 tokens 0. 03 ZEJG, i GPT-3. 5-turbo—
16k 2 0. 002 37T, Hi & 29 0I5 # 19 154% . BARGPT-
4AEMERE AR, {H GPT-3. 5-turbo-16k 7 45 & 1 1k
PR B (AN 7™ B 3) i, TR RE RE A5 5 45 45 R B4R
Ao A ROCR o TR, 78 BUAS SRR 7l 1 FH 3 50T
GPT-3. 5-turbo-16k E. A B & A PE A HE .

RQ1 B 45t : XF T PE-SEA Jr ¥k , 7E M REAR S
LT # I B GPT 4" Fl 4 /- B 35 78 A 52
FR A 1% F L “GPT-3. 5-turbo—16k” I 4 /1% £ 4 3
PEA LT

2 AEARTEREKIESHEEZE PE-SEA R EREXTLE

Table 2 Performance comparison of different prompt templates and LLMs in PE-SEA

e b Fc i 4R R PR Precision Recall F1 AUC MCC ACC
M 1 0.750 0 0.3214  0.4500  0.6399  0.385 0.7800
GPT-3.5-turbo-16k  #ilx 2 0.857 1 0.6429  0.7347  0.8006  0.6627  0.8700
i itk 3 0.8261 0.6786  0.7451 0.8115 0.6647  0.8700
B K
AR 1 1.000 0 0.7586  0.8627  0.8793  0.8339  0.9340
GPT-4 FE 2 0.8621 0.8621 0.8621 0.9051 0.8101  0.9245
itk 3 0.9259 0.8621 0.8929  0.9180  0.8555  0.9434
Hidl 1 1.0000 0.3333  0.5000 0.6667  0.5049  0.7895
GPT-3. 5-turho-16k Bt 2 0.8000 0.3333  0.4706  0.6474  0.4055  0.7632
M 3 0.8889 0.6667 0.7619 0.8141 0.6868  0.8684
T V4 5 £ —
it 1 0.916 7 0.9167  0.9167  0.9391  0.8782  0.9474
GPT-4 itk 2 0.9231 1.0000  0.9600  0.9808  0.9421  0.9737
iR 3 0.9231 1.0000  0.9600  0.9737  0.9808  0.9421
R 1 0.666 7 0.0833 0.1481 0.5208 0.0861 0.5208
GPT-3.5-turbo-16k  #ikx 2 0.947 4 0.2500 0.3956  0.6181  0.3488  0.6181
N FidR 3 0.814 8 0.6111  0.6984  0.7361 0.4877  0.7361
A BT AR —
AR 1 0.9718 0.9583  0.9650  0.9653  0.9306  0.9653
GPT-4 FEH 2 0.9231 1.0000  0.9600  0.9808  0.9421  0.9737
M 3 1.000 0 0.9583  0.9787  0.9792  0.9592  0.9792

3.6.2 RQ2:FEAME X} PAP-SEA 1 RE MY 2 THCR
LI It RQ3EE T RQL A iifi 2 753 21 1 S AL 12
TSR (RS AR 3) , R FH ¥k B R AR B AR A GPT-3. 5-
turbo—16k XJ 1 FF A i 47 3 5 L35 UE K3 5 151 AL A
A 5 R MG B A R . B 3R T AR AR I T
20% B 100% W IEFEA G BIAIZE F1 EAR L
SLUG T A 3 N, B ISR FE A B BE
BN F Lz 7t e A0 T 0R B 2818 R R, X2

P TS 78 AR ol 0 R AR Y (] B 7 AR T R
F 3HE— 2L XF LU T A TORE AR 1 g A AR R P g LA B =
FRFEARIG SR Iy ik i MEAE . SRR T RIEFH
AU [ FE A 1G58 52 T TR R AR 2 A BRIk
PERE . 7E B0 R 5 A AR E L, Il A
HamAEAR S ,PAP-SEA £ F1,AUC .MCC 5 ACC
fEbr BB R AR T . Horp TR F R R A
A $8 iR TR B R v A0 KR AR MR RR B T AICR B R,
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F1M0.482 8327+ 0.807 0, 2 JF i £ 15 67. 15% ;
MCC f1 0.218 2 # JF % 0.736 3, #& Jh & FF 75 ik
237.44% o BERFRW] A SCHR L A REAS G 58 7 i
AR T AR ) 5 B T o

HE— 2553 At e B, R A 3R X Recall (Y $2 T 6
POl TN o RS = R SO S NG R SN
Jii , Precision B8 T (1 0. 777 8% % 0. 769 2) ,{H
Recall )\ 0.583 3 42 F+ & 0. 833 3, #& FF I & ik
42.86% A F1ETF17.43% . X —45 W, ¢
38 5 R R R A 1R BT 2 R0 BT R A, AT
WX IERMEARMBE RS . LT T
s $2 8 Recall A B T30 W A A RUOREAS 1) 35 U
FLA T e 4 S B v FH AN A

RQ2 &5 : $7n T FE T 19 FEAS 3G 98 BB A 42 Tt
PAP-SEA H LM TERE . B AR A 7E O R TR L — 3L

0.95F
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Table 3 Performance comparison of different sample augmentation methods in PAP-SEA

TR 1 0 B 4R FEAS 1 55 Precision Recall F1 AUC MCC ACC

o 0.362 1 0.724 1 0.4828 0.6218 0.218 2 0.5755

P T {E 18 5 0.5487 0.6307 0.5858 0.7016 0.3845 0.684 2

o T SMOTE 0.6015 0.758 6 0.6709 0.7417 0.4685 0.736 8

GPT-3. 5-turbo-16k 0.8214 0.7931 0.807 0 0.864 1 0.736 3 0.896 2

o 0.777 8 0.5833 0.666 7 0.753 2 0.5537 0.8158

5 4 B £ $5 (1 184 58 0.7312 0.6667 0.697 4 0.7815 0.584 1 0.826 3
B T 4 05 40

K SMOTE 0.742 6 0.708 3 0.7250 0.804 6 0.6217 0.8421

GPT-3. 5-turbo-16k 0.769 2 0.8333 0.8000 0.859 0 0.703 4 0.868 4

o 0.717 4 0.916 7 0.8049 0.777 8 0.578 3 0.777 8

S 5 B £ I {1 48 0.756 1 0.8917 0.8183 0.8112 0.621 4 0.8125
ol i A7 B £

SMOTE 0.7916 0.908 3 0.8459 0.8426 0.6815 0.846 1

GPT-3. 5-turbo-16k 0.9324 0.958 3 0.945 2 0.944 4 0.889 2 0.944 4

S TG R R AU T R A RE A i RoBER Ta, JTEREA I 58 ; “GPT-3. 5-turbo—16k”“SMOTE” L J “ 4 {1 19 38 " 3 7~ 76 J5 05 RE A< JE il b Bl A %

N5 A2 B RE A X RoOBER Ta #4710

3.6.3 RQ3:PE-SEA 5 PAP-SEA Xf kb £:£8 J5 v
A R

L6 1% U - £ X RQ3, A 3K PE-SEA \PAP-
SEA 5 = 8B4 Iy ¥k AE MK 4 b gEAT X bL L LSS IE
ARSI VAR 2T 8 4 53 AT A 55 v ) R AR MR R AL 5

SEUG 4> 4 H1 &l 4~ &1 6 0] 1, PE-SEA 5 PAP-
SEA 78 A i 4 119 F1 . AUC .MCC 5 ACC #4J;
TR T R SO AR A TR AR A T
PERE I o U IR 76 A SORE A B i /0 1 7 1 4 B8
fREAE I (K 5) ,PE-SEA % F1ik%] 0. 960 0, % %
PR AR 1Y 328 )7 1k KnowledgeGraph-BERT 42 7+ T
70.67%, HiEREOEHRE I PE-SEA 5 PAP-SEA

1 Recall /N F KnowledgeGraph—-BERT , Knowledge-
Graph-BER'T H1 (1) 4 [ % 4 30 4o 41 3H 35 b 35 s AN
WL PR T XA ERFEAN PN E . Hi,
KnowledgeGraph-BERT fig i #2101 1 2 H AL IERFEA
FHH S 9 Recall, SR, IR ERE RS A T —&
WP, S SO 43 00 R AR B A R R O IE AR A, DA
i Precision F# % . 255 K& ,PE-SEA 5 PAP-SEA
7E F1 |- #5 F KnowledgeGraph-BERT , 78 1% % il IF
FEAR T 1 HUAS T B 4F 1) A

PE-SEA 5 PAP-SEA KB E 7 £ T A 2L
54 F,PE-SEA WP REH L T PAP-SEA, X2
9 PE-SEA 3£ F GPT—-4 52 B, Hif Sk BE A
L5k T PAP-SEA i i ) RoBERTa# A ; [] i PE-
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Fig.4 Performance comparison of different methods on the

Yellow Sea Large Yellow Croaker Dataset
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Fig.5 Performance comparison of different methods on the

South China Sea Golden Pomfret Dataset

0

)

10F owledgeGraph-BERT CNN-XGBoost
-V(DTHBL-NB) PAP-BEA  -RiE-SEA
0.8F
4 0.6F
B
i]g
041
0 1 1 1 1

Precision Recall FIfL  AUC MCC  ACC
fabremy
6 NI J5 i A8 i A7 B A0 B0HE B B PERE X HE
Fig.6 Performance comparison of different methods on the

Bohai Sea Grouper Dataset
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