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With an increasing need for large scale essay-writing tests, automated essay

scoring (AES), which utilizes natural language processing and machine learning techniques to grade
essays automatically, has been attracted wide attention. This study aimed to develop a new AES
method focusing on * argument structure” by combining argument mining techniques, which is a
state-of-the-art NLP technique. However, this approach did not improve the performance of AES
sufficiently. On the other hand, during this research process, we found that conventional AES
methods share the same bias factor, which may cause considerable performance degradation. Thus, this

study developed a new AES method that can deal with the bias problem. The proposed method achieved
a significant improvement in the AES performance. The results have been accepted in an academic
journal and a top international conference.
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