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Recognition of Lexical Functions in Academic Texts: Automatic
Classification of Keywords Based on BERT Vectorization
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Abstract: As vocabulary or terminology that maps the full-text subject matter content in academic texts, keywords can
provide important underlying semantic labels for knowledge retrieval and large-scale text computation. At present, there
are problems in the use of keywords in academic texts, such as unclear intention, fuzzy semantic function, and lack of con-
text information. Therefore, a neural network method based on supervised learning is proposed to classify the semantic
functions carried by keywords to facilitate the identification of research questions and research methods in academic texts.
In this study, journal papers published during a period of 10 years in the field of computer science were used as the training
corpus, and the classification model was constructed using BERT and LSTM models. The results show that the proposed
method is better than the traditional method. Its overall accuracy, recall rate, and F1 value reached 0.83, 0.87, and 0.85.
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