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Software Requirement Mining Method for Chinese APP User Review Data

WANG Ying,ZHENG Li-wei,ZHANG Yu-yao and ZHANG Xiao-yun

School of Computer Science,Beijing Information Science and Technology University, Beijing 100101, China
Abstract Mining requirements from APP user review data is an important way to obtain requirements, because users publish re-
views of different dimensions of APP in the APP application market.which contain many requirements for APP. The APP user
review data on the 360 mobile assistant is chosen in our experiments,aiming to discover the software requirements contained in
these review data. Firstly, the software requirements contained in APP user review data are divided into five categories, which in-
clude functions to be added,functions to be improved. performance.availability.and reliability. Secondly.data collection,labeling
of user comments and constructing app review requirements mining data set are carried on. Finally, the constructed data set is
used for model training and testing to explore the performance of deep learning methods compared with statistical machine lear-
ning models on this task. The experiment results show that the deep learning models, TextCNN, TextRNN, and Transformer

used in this paper.have more advantages in this task than traditional statistical machine learning models.
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Fig. 1 Overall framework
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Sample data for different requirement categories
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Fig. 4 Model structure of Transformer for text classification
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