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Tab.1 Seasonal variations of catch of P. trituberculata and environmental factors in the northern waters of the East China Sea
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Tab.2 Summary of the optimal fitted results of the two models
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Fig.2 Effects of factors selected from the optimal gradient boosting regression tree model on the resource density of P. trituberculatus
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SPATIOTEMPORAL DISTRIBUTION OF PORTUNUS TRITUBERCULATUS IN THE
NORTHERN EAST CHINA SEA BASED ON TWO MACHINE LEARNING METHODS

LI Xiao-Dong, WANG Jing, YANG Chun-Hui, WANG Ying-Bin
(School of Fishery, Zhejiang Ocean University, Zhoushan 316022, China)

Abstract To understand the temporal and spatial distribution of Portunus trituberculatus resources in the northern East
China Sea, and to explore a more suitable model for the prediction of P. trituberculatus resources, two machine learning
methods: gradient boosting regression tree (GBRT) and support vector machine (SVM), were used to analyze the
relationship between spatiotemporal distribution of P. trituberculatus and environmental factors based on the survey data in
the northern East China Sea from 2006 to 2007. The fitting effect, predictive performance, and stability of the two models
were compared in the variance explained (VE), the root mean square error (RMSE), and the coefficient of determination
(R?). The optimal model was selected to predict the distribution of P. trituberculatus in the northern East China Sea. Results
show that the fitting effect of GBRT model was better than that of SVM model, and the bottom seawater salinity (SBS) was
the most significant environmental factor affecting the distribution of P. trituberculatus. The predictive performance and
stability of GBRT model were better than those of SVM. The predictive results show that the abundance of P.
trituberculatus in summer was higher than those in the other three seasons, and there was a small abundance area in the
southeast of the studied sea area in each season. This study provided a technical tool for exploring new methods of
prediction for the resource distribution and abundance of P. trituberculatus.

Key words Portunus trituberculatus; gradient boosting regression tree (GBRT); support vector machine (SVM);

resources



