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Abstract The leading partitional clustering technique, K-Modes, is one of the most computationally
efficient clustering methods for categorical data. In the traditional K-Modes algorithm, the simple
matching dissimilarity measure is used to compute the distance between two values of the same
categorical attributes. T his compares two categorical values directly and results in either a difference
of zero when the two values are identical or one if otherwise. However, the similarity between
categorical values is not considered. In this paper, a new distance measure based on rough set theory
is proposed, which overcomes the shortage of the simple matching dissimilarity measure and is used
along with the traditional K-M odes clustering algorithm. While computing the distance between two
values of the same categorical attributes, the new distance measure takes into account not only their
difference but also discernibility of other relational categorical attributes to them. T he time complexity
of the modified K-Modes clustering algorithm is linear with respect to the number of data objects
which can be applied for large data sets. The performance of the K-Modes algorithm with the new
distance measure is tested on real world datasets. Comparisons with the K-M odes algorithm based on

many different distance measures illustrate the effectiveness of the new distance measure.

Key words clustering algorithm; categorical data; rough set; rough membership degree; distance
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Table 1 An Information System About Mushroom Features
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Object cap-shape cap-surf ace cap-color odor class

X convex smooth buff fishy Poisonous
x2 convex scaly red fishy Poisonous
x3 knobb ed scaly w hite none Poisonous
X4 knobb ed scaly red fishy Poisonous
xs sunken fibrous gray none edible
X6 bell smooth w hite anise edible
x7 bell smooth w hite almond  edible
xs bell fibrous gray none edible
X9 convex smooth gray none edible
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Table 2 Description of Data Sets
2
The Class
Data Set Samples Attributes
1 11
Vote 435 16 267 168
Breast cancer 699 16 458 241
Mushroom 8124 22 3916 4208

K-Modes

K-Modes
Step2. U k , Vote, Breast Cancer
) k ; M ushroom 100 R
Step3. 5, 100
s 5 3"‘ 5 K-
Step4. K-M odes M odes
’ Table 3 Comparison with Algorithms on the Vote Data
StepS. Step3, Stepd , 3 Vote
F Validation Huang s Ahmad s Proposed
, K-M odes Measure K-Modes K- Modes K-M od es
O(nms+ m’s’ + knmt), AC 0. 8602 0.875 1 0.8782
K-Modes O( knmt), PE 0.8561 0.8700 0.8730
n U ,m RE 0.8743 0.8890 0.8921
.S max | Val, k , L Iteration 3.5300 3.5000 3.6200
a€A
. n>m, n>s, n . . .
) 3 Table4 Comparison with Algorithms on the Breast Cancer
, O(knmt)  O(nms+ m”s + knmt) n
Data
4 Breast Cancer
Validation Huang s Ahmad s Proposed
5 Measure K-Modes K- Modes K-M odes
AC 0.8538 0.9307 0.9396
PE 0.8697 0.936 0 0.9452
(accuracy)
(precision) (recall) (iteration) 4 RE 0.7967 0.9254 0.9303
[28] - A ccuracy( A C) , Iteration 3.6300 3.5000 3.6200

Table 5 Comparison with Algorithms on the Mushroom Data

5 Mushroom
Validation Huang s Ahmad s Proposed
Measur e K-Modes K- Modes K-M odes
AC 0.7176 0.7592 0.7745
PE 0.7453 0.778 6 0.7926
RE 0.7132 0.7526 0.7703
Iteration 5.4100 4.8500 5.3600
3~ 5, Vote, Breast Cancer
Mushroom K-Modes
)
K-M odes
s K-M odes
6
)
K-Modes R

K-M odes
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Since first published in 1997, the K- M odes algorithm has become a popular technique in solving categorical data clustering

problems in different application domains. However, the distance between values of the same categorical attributes computed

with the simple matching similarity measure is either O or 1. This often results in clusters with weak intra similarity. To

overcome the shortage, a new distance measure based on rough set theory is proposed in this paper, which is implemented to

traditional K- Modes custering algorithm. The distance measure takes into account not only the difference of two values

themselves of the same attributes but also other attributes discernible degree to them. The computational cost and the

performance of the K- Modes clustering algorithm with the new distance measure is analyzed. Experimental com parisons with

the K-Modes clustering algorithms based on other distance measures on standard data sets, which are taken from UCI

repository, illustrate the effectiveness of the K- Modes clustering algorithm with the new dissimilarity measure.



