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Abstract Tagging system is the system that allows internet users to assign new meta-data
which is called tag to article, photo, video and etc. for facilitating searching and browsing of web
contents. Tag cloud, a visual interface is widely used for browsing tag space. Tag cloud selects the
tags with the highest frequency and presents them alphabetically with font size reflecting their
popularity. However the conventional tag selection method includes known weaknesses. So, we
propose a novel tag selection method Freshness, which helps to find fresh web contents. Freshness
is the mean value of Kullback-Leibler divergences between each consecutive change of tag co-
occurrence probability distribution. We collected tag data from three web sites, Allblog, Eolin and
Technorati and constructed the system, ‘Fresh Tag Cloud” which collects tag data and creates our tag
cloud. Comparing the experimental results between Fresh Tag Cloud and the conventional one with
data from Allblog, our one shows 87.5% less overlapping average, which means Fresh Tag Cloud
outperforms the conventional tag cloud.

Key words ' tagging system, folksonomy, tag cloud, tag co-occurrence
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