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Abstract The pre-processing of basic clustering members is an important research step in the ensemble clustering algorithm. Nu-
merous studies have shown that the difference in the set of basic clustering members affects the performance of the ensemble
clustering. The current ensemble clustering research revolves around the generation of basic clustering and the integration of basic
clustering, while the differential measurement and optimization of basic clustering members are not perfect. Based on Jaccard’s
similarity, this study proposes a measurement for the differential of basic clustering members and constructs a differential three-
way filtering method for basic clustering members by introducing the three-way decisions idea. This method first sets the initial
thresholds ¢ and 8 of the three-way decisions for basic clustering members and then calculates the differential of each basic
clustering member to implement the three-way decisions. Its decision strategy is:when the differential metric of the basic cluste-

>, the basic clustering member will be deleted; when the differential metric of

ring member is less than the specified threshold «
the basic clustering member is greater than the specified threshold 8, the basic clustering member will be retained; and when
the differential metric of the basic clustering member is greater than «'” and less than g, the basic clustering member will be
added into the boundary domain of the three-way decisions,and boundary domains will be further judged by the three-way deci-
sions with new thresholds. After completing a round of the three decisions.the algorithm recalculates thresholds of the three-way

decisions and remakes the three-way decisions on boundary domains of the three-way decisions remained in the last round until no
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basic clustering member is added to boundary domains of the three-way decisions or the specified number of iterations is reached.

The comparative experiment shows that the differential measurement three-way filtering method for basic clustering can effective-

ly improve the performance of ensemble clustering.
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Fig. 2 Average NMI score of clustering ensemble methods in 20 runs
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Table 4 Performance score of various methods on each dataset
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NMI 0.5979 0.6035 0.6012 0.5987 0.6597 0.6609 0.6585 0.6601 0.6826 0.6860 0.6821 0.6819
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