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A New Functional Data Clustering Method Based on Directional
Multiple Hypothesis Test and Information Entropy

Du Xiuli,Jiang Xiaohu,Sun Chentong, Yu Zheng
(School of Mathematical Sciences, Nanjing Normal University , Nanjing 210023, China)

Abstract: In recent years, clustering analysis for functional data has been developed to a certain extent. However, when
the data belong to infinite dimensional space, it will bring some difficulty to clustering. The limitations of traditional
clustering methods are increasingly prominent in the clustering process of functional data. Therefore ,this paper proposes a
new clustering method for functional data, which can better adapt to the characteristics of data and achieve better
clustering effect. Firstly,based on the directional multiple hypothesis test of false discover rate and the theoretical basis of
information entropy,a new parallelism statistic is proposed to describe the morphological differences of functional curves.
On this basis, a new calculation formula of proximity is proposed, and finally the condensed hierarchical clustering
algorithm is improved. The new clustering method is applied to four different types of functional data sets, and the
clustering results are analyzed and compared with other existing methods, which proves the effectiveness and advantages
of the improved condensed hierarchical clustering method.
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Fig.1 Canadian weather daily average temperature (left graph) and daily average temperature derivative graph ( right graph)
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Table 5 Accuracy of Canadian weather under other clustering methods
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Table 6 Accuracy of height under other clustering methods
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Table 7 Accuracy of yeast genes under other clustering methods
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Table 8 Accuracy of fat spectral data under other clustering methods
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