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Prediction of Onset of Lifestyle-related Diseases
with Ensemble of Learning Models Suitable for Imbalanced Data
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Abstract— Ifit is possible to predict whether or not a person will develop lifestyle-related diseases within one
year from periodical health checkup data, it will be possible to provide efficient health guidance. This study
investigated a method for constructing a prediction model from health checkup data with an imbalanced
class balance of positive and negative cases. First, as a baseline, we constructed 1) a model in which decision
trees are used as weak learners for bagging after undersampling. Besides, we constructed 2) a model using
light GBMs as the weak learner, 3) a neural network model using focal loss as the loss function, and 4) an
ensemble model of 2 and 3. To evaluate whether these models can suppress the number of targets for health
guidance without increasingly neglecting those who are likely to become severely ill, we compared them with
g-mean and PR-AUC. As a result, model 4 showed significantly higher classification performance than model

1.
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