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Abstract

The global economy drives the development of international trade. With the continuous development
of global economic integration, international trade forecasting is crucial for policymakers and
corporate decision makers. Traditional econometric methods have some difficulty in dealing with
high-dimensional, nonlinear and constantly changing dynamic data. Machine learning technology has
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powerful data processing and pattern recognition capabilities, bringing new possibilities to inter-
national trade forecasting. This paper first reviews the literature in related fields, summarizes the
role and advantages of machine learning in international trade forecasting, reviews the traditional
methods of international trade forecasting and their limitations, and then discusses the application
of machine learning in this field in detail, and focuses on the role of supervised learning, unsuper-
vised learning and deep learning methods in international trade data modeling. Finally, it is con-
cluded that the forecasting method based on machine learning has advantages in accuracy and
adaptability, and the application scenarios of machine learning in international trade forecasting
are also more extensive, which provides strong support for governments and enterprises to formu-
late trade policies.
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Table 2. Application of machine learning in regression tasks
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