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[Abstract]

In this study, we developed a model to support nurse decision-making using Korean nursing record
data and explored methods to enhance performance by applying data augmentation techniques. Previous
research primarily focused on English medical data, resulting in a lack of studies on Korean medical
data. To address this gap, we utilized electronic medical record (EMR) data from abdominal surgery
patients and developed a KoBERT-based model for predicting nursing actions. Additionally, we applied
techniques such as up/down sampling, few-shot augmentation, back-translation, and synonym replacement
to mitigate data imbalance and compared their performance. Experimental results show that the Few-shot
Augmentation achieved the highest performance, confirming that data augmentation is effective in

increasing the diversity of EMR data.
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I. Introduction
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2. EMR(Electronic Medical Record)
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III. Methodology
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Table 3. Top 5 frequency A data classes
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Table 4. Augmentation Methodology Summary
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3. Single Augmentation Result
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