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Abstract

This study investigates the longitudinal data of protein in cows by using linear mixed models with
random effects and other methods including six machine learning methods (trees, boost, bagging,
random forest, neural networks, support vector machines) with R software and makes compas-
sion and prediction for the data. According to the change of the training set and via 8-fold cross va-
lidation, it analyzes the mean square error and shows the traditional linear mixed models with
random effects method is inferior in general to the machine learning method no matter for the
long-term or short-term forecasting. Here long-term forecasting corresponds to the larger size of
training sets and smaller size of testing sets in machine learning terminology. Also, machine
learning methods are stable.
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Figure 1. Normalized mean square error of linear random ef-
fects mixed model with the prediction of the changing training
set
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Figure 2. The trade-off between prediction accuracy and model
interpretability in machine learning method and traditional me-
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Figure 3. The normalized mean square error which is predicted by
machine learning method and the linear model
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Figure 4. The normalized mean square error by all models
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