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Abstract
There is an imbalance classification problem between patient data and non-patient data in building prediction models from the health
check-up data. It is required to correct the imbalance to prevent from the overfitting to the non-patient data. In the present study, we built
the classification model for the hyperuricemia from data of the Specific Checkup in Japan and examined the appropriate balance.
Machine learning approaches were used to build the classification model and random under-sampling was used for the correction for the
imbalance. Area Under the Curve (AUC) was used for the metric of the model. The health check-up data was split to two datasets, the
training dataset and the validation dataset. The number of the training dataset was 43,524 (the number of the hyperuricemia was 614)
and the number of the validation dataset was 17,789 (the number of the hyperuricemia was 215). When non-hyperuricemia patient data
was under-sampled from full size to 1:1 (patient : non-patient), the decrease of AUC were 0.01 in the classification models. The result

indicates the collection of patient data was important to build classification models from health check-up data.

Keywords: Health check, Hyperuricemia, Prediction model, Machine learning, Imbalanced data
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