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Abstract In fuzzy c-means type algorithms, fuzy parameters are used to control the degree of possible overlap,but it al-
so has the negative effects that all data objects tend to influence all clusters. To solve this issue, Klawonn and Héppner
proposed a fuzzy function for replacing the fuzzier. However, this method is only designed for numeric data. In many
real-world applications,data objects are usually described by both numeric and categorical attributes. In this paper,a no-
vel weighted fuzzy clustering algorithm based on fuzzy centroid (FWFC) was proposed for the data with both numeric
and categorical attributes,i. e. mixed data. In this method.the mean is first integrated with fuzzy centroid to represent
the cluster centers. Then,a measure which can evaluate the influence of different attributes in the process of clustering
is used to evaluate the dissimilarity between data objects and cluster centers. Finally. the algorithm is presented for clus-

tering the data with mixed attributes. The proposed algorithm was tested by a series of experiments on three mixed

datasets. Experimental results show that the proposed algorithm outperforms traditional clustering algorithms.
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Table 1 Accuracy of different algorithms on Zoo dataset
Algorithm Clustering accuracy(r)
K-prototypes 0. 806
SBAC 0.426
KL-FCM-GM 0.864 (f=1.3)
FWEFC 0.901 (a=0.9)
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Table 2 Accuracy of different algorithms on Heart Disease dataset

(5 classes, 14 attributes)

Algorithm Clustering accuracy (r)
K-prototypes 0.542
SBAC 0.545
KL-FCM-GM 0.653 (f=1.3)
FWEC 0.706 (a=0.6)
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Table 3 Accuracy of different algorithms on Heart Disease dataset

(2 classes, 13 attributes)

Algorithm Clustering accuracy (r)
K-prototypes 0.577
SBAC 0.752
KL-FCM-GM 0.758 (B=1.7)
FWEC 0.828 (a=0.7)
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Table 4 Accuracy of different algorithm on credit approval dataset

Algorithm Clustering accuracy (r)
K-prototypes 0.562
SBAC 0.555
KL-FCM-GM 0.584 (p=2.3)
FWEC 0.781 (a=0.4)
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Table 5 Running time of FWFC on different datasets
HAE % EATEE /s
Zoo 1.422
Heart Disease(5 4 #) 4,303
Heart Disease(2 /> ) 0.930
Credit Approval 17. 356
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