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Fine-Grained Sentiment Analysis Model of Peer Review Based on
Multi-Task Learning
ZHU Jinqiu, TAN Jian, HAN Binbin, YIN Xiuxiu

(School of Science, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)
Abstract: The peer review of academic papers can directly reflect the subjective evaluation of reviewers
on the papers, and the extraction of sentiment information from the review text is beneficial to mining rich
information of reviewers’evaluation on each dimension of the papers. The existing sentiment analysis task
could only extract the single review dimension and sentiment of experts. A fine-grained sentiment analysis
model for peer review is proposed based on multi-task learning. The model is equipped with the ability to
accomplish both attribute word extraction and fine-grained sentiment analysis tasks by adding the
BiILSTM-CRF module to the BERT-LCF model in a multi-task learning framework. Compared with the
traditional single-task fine-grained sentiment analysis model based on the Pipeline model, the proposed
model can complete the review attribute extraction and sentiment analysis tasks simultaneously while ensur-
ing the accuracy of the model. In the two tasks, F1l-score of the proposed model reaches 89.01% and
90. 71%, respectively. In addition, the introduction of BILSTM-CRF module has a certain enhancement
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effect on the review text attribute word extraction task in a multi-task scenario, as demonstrated by com-

parison experiments.

Key words: peer review; multi-task learning; attribute word extraction; fine-grained sentiment analysis;

BILSTM-CRF
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Tab. 2 Examples of fine-grained sentiment labels for peer-reviewed text
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Tab.4 Experimental parameter settings

28 BOEME
BERT Bert-base-uncased
BERT embedding size 768
GLOVE glove.840B.300d
GLOVE embedding size 300
Learning rate 10°°
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L2 10°°
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Tab.5 Single task model experiment results
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Tab. 6 Multi task model experiment results

P E%@f“ SR AT 5
F1/% Ace/ % F1/%
BERT-BASE-Joint 87.19 83.06 82.41
BERT-LCF-linear-Joint 87.30 89.65 89.32
BERT-LCF-CRF-Joint 88.38 90.46 90.08
ATEPC- LCF 87.25 90.90 90.57
BLBC 89.01 90.99 90.71

o E%@fm AL A BT T 5
F1/% Acc/% F1/%
BILSTM-CRF 80.62 — —
BERT-linear 88.06 — —
BERT-CRF 88.53 — —
BERT-BILSTM-CRF 89.07 — —
ATAE-STM — 70.39 70.18
BERT-BASE — 83.69 82.59
BERT-SPC — 91.18 90.89
BERT-AEN — 91.31 90.96
BERT-LCF — 92.36 92.00
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Tab.7 Example of fine-grained sentiment analysis of
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