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Fig. 1 The initial data set
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Fig. 2 The initial data set clustering diagram
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Fig. 3 The cluster diagram of removal of outliers
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Table 1 Evaluation index of manually

generated data cluster
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Table 2 Each quantity of the data set
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Table 3 Three evaluation indexes of Wine data

clustering results
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Table 5 The number of confirmed COVID-19 cases
in 24 provinces, municipalities and autonomous

regions in China on 18 February 2020
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Table 6 COVID-19 data cluster evaluation indicators in

24 provinces, mumicipalities and autonomous regions
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The k—-means Algorithm Based on Local Density Outlier Detection

LIU Feng, DAI Jia-jia, HU Yang

(School of Mathematics and Statistics, Guizhou University, Guiyang 550025, China)

Abstract;In view of that the clustering process of data set is easily affected by outliers, the local density
outlier detection k—means algorithm is proposed. The proposed method firstly detects the outliers of the data set by
using local density outlier detection method, removes the outliers at first and then conducts k—means clustering.
The validity of the algorithm is evaluated by Davies—Bouldin index, Dunn index and Silhouette index and is verified
by artificial data set and UCI data set, and the outliers are removed. The obtained clustering results by using k-
means algorithm are better than original data set k—means algorithm clustering results, this method is used for
COVID-19 epidemic data analysis and the clustering analysis of the method is conducted on the confirmed infected
number of COVID-19 in 24 provinces, municipalities and autonomous regions such as Anhui, Beijing, Fujian,
Guangdong and so on on February 18, 2020. The clustering results using k—means algorithm by removing outliers
are better than the clustering results of original data set using k—means algorithm, and the results can be conducive
to how to make decision in practical work and better reduce economic cost.

Key words: k—means; outliers; LOF; evaluation index
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