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Abstract

Data mining is the process of uncovering previously unknown patterns and
relationships in large databases using sophisticated statistical analysis and
modeling techniques such as classification, association rule mining, clustering,
etc.. Spacially, clustering is an important data mining problem. Clustering, in
data mining, is useful for discovering groups and identifying interesting
distributions in underlying data. The k-means algorithm is well known for its
efficiency in clustering large data sets. However, working only on numeric
values prohibits it from being used to cluster real world data containing
categorical values. Huang presented an algorithm, called K-mode algorithm, to
extend the K-means paradigm to categorical domains(1997). K-mode
algorithm suffers from initial staring conditions effect (initial mode, the
number of initial mode).

This paper improved the problem of K-mode algorithm using Max-Min
method that is a kind of methods to decide initial values in K-means
algorithm. We introduce new similarity measures to deal with categorical data
sets using means of cluster. Tested with the Mushroom data sets and Small
Soybean data sets the proposed algorithm has shown a good performance for

the two aspects (accuracy, run time).
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Table 2. Process of initial mode decision in Small Soybean data(1)

Index 1 2 3 4 5) 6 7 3 9 10

qf 0703 0.671 0.607 0.742 0.639 0.696 0.703 0.607 0.656 0.688

ay 0705 0.716 0.72 0.725 0.685 0.716 0.709 0.716 0.77 0.736

HAgk0.703 0.671 0.607 0.725 0.639 0.696 0.703 0.607 0.656 0.688

ay 0897 091 0832 1 0.88 0931 0941 085 0.891 0.937

HAgk0.703 0.671 0.607 0.725 0.639 0.696 0.703 0.607 0.656 0.683

#eol % 2= 5% AdFdolHZ AF8¥ Small Soybean H|oJE9] A= UF
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here, Xi<Xi #q(l), I=1,---,m—1)
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Table 3. Process of initial mode decision in Small Soybean data(2)

Index 1 2 3 4 5} 42 43 44 45 46

qf 0703 0.671 0.607 0.742 0.639 0.639 0.623 0.607 0.607 0.633

a5 0705 0.716 0.72 0.725 0.685 0.728 0.77 0.782 0.736 0.708

Hdgk 10705 0.716 0.72 0.742 0.685 0.728 0.77 0.782 0.736 0.708

qy 0928 0871 091 0.8 1 0.74 0.727 0.696 0.747 0.664

Hogk 0928 0871 091 0.88 1 074 0.77 0.782 0.747 0.708
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Figure 11. The proposed algorithm
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1 |date April, may, June, July, August, september, october, ?.
2 |plant-stand  |normal, lt-normal, ?.

3 |precip It-norm, norm, gt-norm, ?.

4 |temp lt-norm, norm, gt-norm, ?.

5 |hail yes, no, 7.

6 |crop-hist ngrgf‘{;gesag{f_s;r;eal.st—yr, same-Ist-two-yrs,

7 |area-damaged |scattered, low-areas, upper-areas, whole—field, ?.
8 |[sevrity minor, pot-severe, severe, ?.

9 |seed-5= none, fungicide, other, ?.

10 |germination |90-100%, 80-89%, 1t-80%, ?.

11 |plant-growth norm, abnorm, ?.

12 |leaves norm, abnorm.

13 |leafspots—halo absent, yellow—halos, no-yellow-halos, ?.
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Table 5. Accuracy of two algorithms in Mushroom data

AT | 90%= | 90~80% | 80~70% | 70~60% | 60%m] ¥+
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Table 7. Clustering result by proposed algorithm in Soybean data
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