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Kaveh & Hwee (2016) A neural approach to automated
essay scoring. EMNLP.
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Kaveh & Hwee (2016) A neural approach to automated
essay scoring. EMNLP.
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Devlin et al. (2018) BERT: Pre-training of deep bidirectional
Transformers for Language Understanding. arXiv.
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Masaki Uto (2021) A review of deep-neural automated essay
scoring models. Behaviormetrika, 48 (2) pp.459-484.
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Uto, Xie & Ueno (2020) Neural Automated Essay Scoring Incorporating
Handcrafted Features. Proceedings of the 28th International Conference
on Computational Linguistics (COLING).
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Uto & Okano (2020) Robust neural automated essay scoring using item
response theory. International Conference on Artificial Intelligence in
Education (AIED) <Best paper runner-up award>
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Uto & Uchida (2020) Automated short-answer grading using deep neural
networks and item response theory. International Conference on Artificial
Intelligence in Education (AIED).
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Uto, Xie & Ueno (2020) Neural Automated Essay Scoring Incorporating Handcrafted Features. Proceedings
of the 28th International Conference on Computational Linguistics (COLING).
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Prompt

1 2 3 4 5 6 7 8 Avg. p-value

LSTM 0.373 0.407 0.516 0.773 0.753 0.767 0.635 0.174 0.550 0.018
+ Essay-level features 0.801 0.621 0.602 0.778 0.771 0.777 0.761 0.645 0.720

LSTM with MoT 0.717 0.522 0.616 0.775 0.796 0.783 0.749 0.562 0.690 0.015
+ Essay-level features 0.821 0.649 0.617 0.790 0.787 0.807 0.794 0.694 0.745

2-layer LSTM 0.435 0414 0.530 0.791 0.698 0.768 0.639 0.163 0.555 0017
+ Essay-level features 0.778 0.620 0.592 0.779 0.779 0.769 0.762 0.643 0.715

Bidirectional LSTM 0.484 0419 0.500 0.777 0.738 0.721 0.625 0.218 0.560 0014
+ Essay-level features 0.779 0.597 0.582 0.778 0.762 0.765 0.756 0.661 0.710

BERT 0.829 0.391 0.762 0.886 0.876 0.584 0.818 0.540 0.711 0.021
+ Essay-level features 0.852 0.651 0.804 0.888 0.885 0.817 0.864 0.645 0.801

Conventional hybrid 0.729 0.635 0.631 0.787 0.802 0.793 0.773 0.693 0.730 0.073

+ Essay-level features 0.823 0.674 0.601 0.795 0.790 0.811 0.806 0.714 0.752
Logistic regression 0.822 0.648 0.666 0.704 0.783 0.672 0.724 0.600 0.702 -
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Uto & Okano (2020) Robust neural automated
essay scoring using item response theory.

International Conference on Artificial Intelligence
iIn Education (AIED)
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Masaki Uto, Masashi Okano (2020) Robust neural automated essay scoring using item
response theory. International Conference on Atrtificial Intelligence in Education (AIED).
<Best paper runner-up award>
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LSTM 0.749 0.624 <.01 0.778 0.727 <.01 0.191 0.301 <.01 0.937 0.931 <.05

LSTM w/o CNN  0.831 0.697 <.01 0.845 0.779 <.01 0.142 0.237 <.01 0.965 0.958 <.01

2]ELSTM 0.828 0.661 <.01 0.842 0.752 <.01 0.147 0.268 <.01 0.963 0.946 <.01

MAMELSTM 0.608 0.386 <.01 0.624 0.508 <.01 0.282 0.470 <.01 0.816 0.772 <.01

BERT 0.790 0.629 <.01 0.808 0.743 <.01 0.159 0.311 <.01 0.960 0.935 <.01
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Uto& Uchida (2020) Automated short-answer
grading using deep neural networks and item
response theory. International Conference on
Artificial Intelligence in Education (AIED).
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