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Hybrid Baseball Game Result Prediction using KcBERT and
TabNet Stacking Ensemble: Evidence from the KBO League
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Abstract

Traditional sports prediction models often fail to capture unstructured factors, such as external public opinion trends,
due to reliance on structured records. This study proposes a novel win-loss prediction framework integrating 2020 -
2024 KBO League records with approximately one million MLBPARK posts. We quantified fan sentiment using
KcBERT and constructed a TabNet-based Stacking Ensemble specialized for tabular data. Notably, we generated 1, 3,
and S5-day time-lag features for public opinion. To address deep learning initial weight sensitivity, we conducted
multiple random seed initialization experiments and secured stability by selecting the optimal model based on validation
performance. Experimental results show that the proposed model achieved up to 70.2% accuracy, outperforming the
model without sentiment indicators (58.60%) by 11.6%. Analysis revealed that sentiment immediately preceding the
match had a significant influence, confirming community opinion as a meaningful explanatory variable.
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Player statistics

Differences in statistics between home and away starting pitchers: Earned Run Average
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