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(Performance of a Model to Predict Complication Occurrence after Radical Gastrectomy
according to Thresholds)
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Abstract

Postoperative complications after radical gastrectomy hinder patient recovery and worsen
prognosis, making early prediction critically important. This study developed a Random Forest
model to predict postoperative complications using electronic medical records from 4,892 patients.
To address the issue of data imbalance, we adjusted the classification threshold to improve model
performance. The results showed that postoperative complications after radical gastrectomy
occurred in 17.2% of patients, and that the optimal threshold at 0.31 improved F1 score, precision,
and recall, thereby enhancing prediction performance. This study suggests that threshold
adjustment plays a crucial role in improving prediction models from medical data with imbalance.
Further research is needed to compare the classification threshold with various imbalance handling

techniques.
B keywords : Data Imbalance ; Threshold ; Machine Learning Model
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