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Extraction of Conversion Promotional Factor Based on User Transition on Webpage
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It is important for website development to improve their performance by analysis of data on the web. Users
perceive information through webpages they visited. Therefore, the connection of pages that they have visited is
very important to make strategy for improving their performance. However, many existing researches concentrated
on only single page and few researches have taken the connection between webpages into consideration. In this
research, we propose the method of extracting the property of user flows. Also, we visualize the property and show

the promotional factor of conversion.
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