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Detecting hotspot in multi-dimensional data through clustering

Zou Lei!, Zhu Jing', Nie Xiaohui', Su Ya!, Pei Dan!, Sun Yu?

!(Dept. of compute science and techology, Tsinghua University, Beijing, 100084, China)

2(Beijing Didi Chuxing Co., Ltd, Beijing 100193, China)

Abstract: Hotspot detection in data aims at finding out those areas with high density of data, and presenting these areas in a
interpretable way. In this work, hotspot detecting algorithm is designed to deal with multi-dimensional data containing numerical
features as well as categorical features. The core of the algorithm is the clustering algorithm CLTree+, a significant improvement over
the baseline CLTree. CLTree+ is able to deal with numerical features and categorical features, and the clustering result of numerical
features with periodical characteristics is also improved. Besides, the computational efficiency of CLTree+ is also improved. CLTree+
is applied to transaction data of large Internet businesses and find out a few areas with high density of data, and these areas are presented
as the easy to interpret combinations of attributes and its values.

Key words: Hotspot detection; clustering; data mining; unsupervised decision tree; multi-dimensional data analysis
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Table 3 Clusters information of CLTree+ clustering result
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Fig. 7 Clustering result of CLTree when x is treated as numerical feature
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Fig. 8 Clustering result of CLTree+ when x is treated as periodical feature
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Table 4 Influence of feature's character on programme’s running speed
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Fig. 10 Influence of data size on programme’s running speed
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Fig. 11 Influence of CLTree+’s depth on programme’s running speed
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