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A Study on Predicting Coastal Fishery Catches Using XGBoost
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Abstract

This study compared the predictive performance of a traditional multivariate time series model, the
Vector Autoregression model, and a machine learning-based XGBoost model for the mid to short-term
forecasting of coastal fishery catches. The results showed that while the VAR model, which accounts for
seasonal volatility and lag effects in historical time series data, exhibited relatively high predictive
volatility, the XGBoost model demonstrated more stable predictions by learning nonlinear patterns and
complex inter-variable relationships. Notably, in the XGBoost model, lagged variables of past catches and
derived variables related to aquaculture production were identified as important predictors, confirming that
coastal fishery catches are significantly influenced by short-term volatility and aquaculture production
factors. Although both models showed similar overall trend directions, differences were observed in the
magnitude of fluctuations. The VAR model generally indicated a declining trend, replicating past patterns
in its forecasts, while the XGBoost model showed a more gradual and stable decline.
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<Table 1> Analysis Data

Contents

Raw data 2010.01~2024.12 (180 months)

Forecast period 2025.01~2027.12 (36 Months)

Method VAR XGBoost
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VAR(Vector
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<Table 2> Definition of Variables

Variables Unit Definition of Variable Source References
Total f 1 fish
Dependent  Coastal Catch  ton otal amout of costal fishery KOSIS  Nam and Noh (2012)
production
Aquaculture ton Total amount of aquaculture KOSIS Hyun and Cho(2021),
Production production Nam and No(2012)
USD Export value of fishery products, Nam and Noh
Export Val . KITA
Aport value (1,000) excluding processed products (2012)
USD Import value of fishery products, Lee and Kim
Import Value (1,000) excluding processed products KITA (2022)
Total number of registered Lee and Heu
Independent ~ Vessel Count  vessels fishing vessels KOSIS (2018)
Vessel Total gross tonnage of fishing Lee and Heu
KOSI
Tonnage ton vessels OSIS (2018)
Total engine horsepower of Lee et al.
H hy KOSI
orsepower P fishing vessels OSIS (2006)
Fishery Total population of fishery Moo et al.
; KMI
Population persons households (2019)
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<Table 3> Residual Correlations with Coastal Catch

Variable Correlation
Aquaculture Production -0.06
Export Value 0.26
Import Value 0.30
Vessel Count 0.04
Vessel Tonnage -0.08
Horsepower -0.10
Fishery Population 0.23

2. XGBoost &1}

2 AFelAe= dEd AAL
SHAE Heksta, dloly e Hie njdyg s @
Hs x&sty] fEl 7AIEE
Regression 28-S 7533t &4 7)1 wda}
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Coastal Fishery Catch: Actual & Forecast
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[Fig. 1] VAR Model Prediction of Coastal Fishery Catches.

— 5322 —



XGBoostE &8t oZsl0{ o=t oS A7

Coastal Fishery Catch: Actual & Forecast
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[Fig. 2] XGBoost Model Prediction of Coastal Fishery Catches.
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[Fig. 3] Variable importance of the XGBoost model.
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<Table 4> Comparison of VAR and XGBoost Models for Predicting Coastal Fishery Catches (unit : ton)
2025 2026 2027
e e T T e,
2025.01 70,329 80,863 10,535 2026.01 63,559 78931 15373 2027.01 59,679 85202 25,523
2025.02 46,734 82,442 357709 2026.02 40,820 77,242 36,422 2027.02 37,841 77,934 40,093
2025.03 60,913 65480 4,567 2026.03 52,363 72,815 20451 2027.03 45243 71,499 26,256
2025.04 61,362 62,422 1,060 2026.04 54,358 66,216 11,858 2027.04 49,395 70,313 20917
2025.05 64,375 63918  -457 2026.05 59,597 61,866 2,269 2027.05 57,370 61,996 = 4,626
2025.06 59,275 62,680 3,414 2026.06 54,145 60,710 6,565 2027.06 53,647 60,472 6,826
2025.07 64,081 61,465 -2,616 2026.07 59,531 60,912 1,381 2027.07 59,025 60,610 1,586
2025.08 63,262 60,821  -2,441 2026.08 60,845 60,431 -414  2027.08 57,239 60,288 3,049
2025.09 78,485 62,839 -15,646 2026.09 72,362 60,358 -12,005 2027.09 65,315 60,358  -4,957
2025.10 85,719 76,723  -8,996 2026.10 77,233 68,011 -9,223  2027.10 72,136 67,704  -4,432
2025.11 78,053 88,481 10,428 2026.11 73,481 73,104 -378  2027.11 66,329 72,210 5,881
2025.12 66,014 86,214 20,201 2026.12 66,226 79,462 13,235 2027.12 62,204 75,628 13,424
Total 798,602 854,357 55,755  Total 734520 820,058 85,538  Total 685423 824,214 138791
100,000
£0,000
50,000
30,000
20,000
vSSQESES%%"’:Z.'.r—\iESSESSS%%SZ‘EESQESSS%%?ZE
NOKNRRRNN RN KR NKRKRRRRRRNRRARNRNRARA
HEREEBHEHERR "HEREREREEEERRAEEEERRERRERRE"HE
e VAR e ) GBOOSE(B)
[Fig. 4] Comparison of VAR and XGBoost Models for Predicting Coastal Fishery Catches(unit : ton).
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