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Abstract: As a key module of the question answering system, question classification is also a key factor that restricts the
retrieval efficiency of the question answering system. Aiming at the problems of complicated semantic information and large
differences of user questions in agricultural question answering system, in order to meet the needs of users to quickly and
accurately obtain classification results of common crop disease questions, the question classification model of common crop
disease question answering system based on Bidirectional Encoder Representations from Transformers (BERT) was
constructed. Firstly, the question dataset was preprocessed. Then, Bidirectional-Long Short Term Memory (Bi-LSTM) self-
attention network classification model, Transformer classification model and BERT-based fine-tuning classification model
were constructed respectively, and the three models were used to extract information of questions and train question
classification model. Finally, the BERT-based fine-tuning classification model was tested and the impact of dataset size on
classification results was explored. The experimental results show that, the BERT-based fine-tuning common crop disease
question classification model has the classification accuracy, precision, recall, weighted harmonic mean of accuracy and
recall higher than those of the Bi-LSTM self-attention network classification model and the Transformer classification model
by 2-5 percentage points respectively. On Common Crop Disease Question Dataset (CCDQD) , it can obtain the highest
accuracy of 92.46%, precision of 92.59%, recall of 91.26%, and weighted harmonic mean of accuracy and recall of
91.92%. The BERT-based fine-tuning classification model has advantages of simple structure, few parameters and fast
speed, and can efficiently classify common crop disease questions accurately. So, it can be used as the question
classification model for the common crop disease question answering system.
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Tab. 1 Forty-four common crop diseases
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Tab. 2 Some preprocessed samples of crop disease question
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Fig. 1  Bi-LSTM self-attention network classification model
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Fig. 3 BERT-based fine-tuning classification model
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Tab. 3  Classification results of question classification models
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Tab. 4 Some examples of question classification results
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Tab. 5 Model classification results under different sample sizes
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Fig. 5 Validity comparison of different models
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