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- Masaki Uto, Maomi Ueno (2020) A generalized many-facet Rasch
model and its Bayesian estimation using Hamiltonian Monte Carlo.

Behaviormetrika.
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- Masaki Uto, Jun Tsuruta, Kouji Araki, Maomi Ueno (2024) Item
response theory model highlighting rating scale of a rubric and
rater-rubric interaction in objective structured clinical examination.

PLOS ONE.
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- Masaki Uto (2021) A multidimensional generalized many-facet
Rasch model for rubric-based performance assessment.

Behaviormetrika.
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- Masaki Uto (2023) A Bayesian Many-Facet Rasch Model with
Markov Modeling for Rater Severity Drift. Behavior Research
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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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Uto & Ueno (2020) A generalized many-facet Rasch model and its Bayesian
estimation using Hamiltonian Monte Carlo. Behaviormetrika, Springer.
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Uto, Okano (2022) Learning Automated Essay Scoring Models Using Item Response Theory-Based Scores to
Decrease Effects of Rater Biases. IEEE Transactions on Learning Technologies.

Masaki Uto, Masashi 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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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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~ (ASAPT—HA1wv ) ZF)

1L 75

ZJ~
Prompt
T 2 3 7 5 6 7 g Avg.
Individual EASE (BLRR) 0.8038 0.6029 0.6555 0.7171 0.7845 0.7612 0.7300  0.6656  0.7151
models EASE (SVR) 0.5578 0.5328 0.5644 0.5711 0.7397 0.6902 0.5451 03757 0.5721
XGBoost 0.8138 0.6397 0.5929 0.6596 0.7627 0.6573 0.6921 0.6704 0.6861
RNN 0.7769  0.6185 0.6511 0.7299 0.7542 07661 0.7496 0.5074  0.6942
SkipFlow 0.7984 0.6516 0.6568 0.7294 0.7841 07820 0.7512 0.6138  0.7209
Hybrid-BERT 0.8271 0.6372 0.6716 0.6204 07803 0.6728 0.7202  0.6723  0.7003
Conventional  MEAN 08210 0.6771 0.6644 07185 0.7959 0.7725 0.7674 0.6722  0.7361
integration VOTE 0.8343  0.6620 0.6749 07287 0.7937 0.7710  0.7484 0.6700  0.7354
methods STACKING (Linear) 0.8313 0.6644 0.6492 0.7386 0.7861 0.7839 0.7701  0.6922  0.7395
STACKING (Ridge) 0.8316 0.6630 0.6477 0.7386 0.7867 0.7835 0.7703  0.6925  0.7392
STACKING (SVR) 0.8221 0.6230 0.6561 0.7235 0.7804 07704 0.7714 0.5810 0.7160
STACKING (Boosting) 0.8270  0.6599 0.6366 0.7367 0.7878 0.7838 0.7568  0.6439  0.7291
Proposed GMFERM 0.8365 0.6785 0.6605 0.7375 0.7972 0.7850 0.7893  0.7095  0.7562
method Consistency-fixed GMFRM  0.8351  0.6657 0.6755 0.7223  0.7851 0.7608 0.7979  0.6902 0.7416
Severity-fixed GMFRM 0.8313 0.6673 0.6645 0.7380 0.7968 0.7734 0.7875 0.7099  0.7461
Threshold-fixed GMFRM ~ 0.8309 0.6690 0.6505 0.7117 0.7905 0.7598 0.7716 0.6944  0.7348
MFRM 0.7944  0.6089 0.6630 0.6868 0.7769 0.7284 0.7710 0.6669  0.7120

The bold values indicate the maximum QWK values for each prompt. The underlined values represent second largest values.
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Ridley et al. (2021) Automated cross- prompt scoring of essay traits. AAAL.
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