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[ Abstract] At present, the analysis and visualization of clothing data has the defects of single data, so that enterprises and
consumers can not effectively process and use the massive consumption data generated in the online shopping platform. By taking the
three key data types such as industry statistics, clothing evaluation, and clothing trend news as the research objects, the analysis and
visualization platform for clothing consumption data is designed. In view of the text—type clothing reviews and news, the natural
language processing technology is used by the platform for preprocessing. In line with the subject difference features of the evaluation
data, it adopts the k—means idea based on word vector and Euclidean distance and the k—means idea based on tf—idf respectively to
carry out the classification, and makes combination of the two results for classification and analysis. Based on the features of clothing
trend news keywords, the tf-idf is adopted to carry out the extraction and analysis on the keywords. Finally, the methods of
ECharts, word cloud, interaction and so on to visualize and embed all kinds of data into the platform.
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Fig. 1 Architecture of analysis and visualization platform for clothing consumption data
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Fig. 2 Production and marketing rate index
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