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Meat consumption levels increase every year in South Korea. In addition, Hanwoo, which is beef from cows raised

natively in Korea, becomes one of the most popular sources of meat to Korean. Thus, it is an important task for the

Korean government to maintain a stable supply of Hanwoo at a consistent price. In this study, a Hanwoo auction

price prediction model was developed based on Artificial Intelligence algorithms using Hanwoo auction information.

We considered four Artificial Intelligence algorithms, which are Random Forest Regression, Multiple Linear

Regression, Gradient Boost, and eXtreme Gradient Boost, to predict the auction price of Korean beef. The results

of the prediction model analysis indicated that the prediction model based on the eXtreme Gradient Boost algorithm

exhibits the best performance.
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Cow Total grade [String], Cow auction price [Doublel]
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