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Development of Accounting Data Classification Model using
ELECTRA-based Text Augmentation Techniques
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Abstract

The media industry is rapidly transforming, with platforms like Netflix and YouTube exerting strong influence on the
Korean market. While the ICT Fund supports industry innovation, prior research has focused mainly on levy expansion,
lacking measures to improve post-execution auditing. Currently, ICT Fund expenditures are manually reviewed, resulting
in inefficiencies. This study proposes an Al-based accounting classification model to automate the categorization of ICT
Fund spending. To address severe class imbalance, we introduce ELECTRA Tagging, a text augmentation method based
on ELECTRA’s RTD structure. Experimental results show improved Recall and Fl-score for detecting disallowed
expenditures, demonstrating the method’s practical value for enhancing auditing efficiency and transparency.
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