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Abstract: We propose a data conversion method by using appearance order statistics with the aim of clarify
the temporal changing of data categories and compare them between multi-categories. Here, this conversion
method is a visualization of a power struggle of categories and detection method of categories with a signifi-
cant power change. Although Kleinberg’s burst detection is well known as a representative conversion method
in time series data of appearance information, this method is not suitable for continuous trend analysis or
comparison between multi-categories. Therefore, we consider the appearance order statistics as a trend indi-
cator and extend the statistics to be able to deal with multi-category. Since the proposed method converts
appearance information as a trend indicator which changing gradually, it can easy to capture long-term trend
changes. In addition, since the trend indicators of each category are based on all the other categories, it is
easy to compare between arbitrary multi-categories. In the evaluation experiment, we verify the effectiveness
of the proposed method using synthetic data and real data.
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