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Keyword Extraction through Text Mining and Open Source
Software Category Classification based on Machine Learning
Algorithms
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Abstract

The proportion of users and companies using open source continues to grow. The size of open source
software market is growing rapidly not only in foreign countries but also in Korea. However, compared to
the continuous development of open source software, there is little research on open source software
subject classification, and the classification system of software is not specified either. At present, the user
uses a method of directly inputting or tagging the subject, and there is a misclassification and hassle as a
result. Research on open source software classification can also be used as a basis for open source
software evaluation, recommendation, and filtering. Therefore, in this study, we propose a method to
classify open source software by using machine learning model and propose performance comparison by
machine learning model.
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Table 1. Features of machine learning model
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Table 2. Top 10 Keyword Extraction Results
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