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Developing a diagnostic and predicting model of cultivated land abandonment
with machine learning algorithms for the countermeasure
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Abstract: In Japan, cultivated land abandonment has been increasing in recent years, upsetting natural
symbiotic systems in farmlands. Thus, it is required to determine the factors of abandonment and forecast future
abandonment. In this study, we developed a process to produce diagnostic and predicting model of
abandonment. We employed three machine learning algorithms, which are Generalized Linear Model (GLM),
Multivariate Adaptive Regression Spline (MARS), and Random Forests (RF). The result shows that the
accuracy of GLM decreases according to the factors of abandonment in samples. Therefore we concluded the
best machine learning algorithm for diagnostic and predicting model is RF in this problem.
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