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Classifier Capable of Handling Incomplete Data using Reparation Technique

Jong Chan Lee*, Ki-Sun Han**

ABSTRACT

Classification of the numerical data is a very important research topic in machine learning. But the incomplete data in
which certain features are missing, is very common in real world applications. For solving this problem, a data reparation
approach base on the Fuzzy c-Means(FCM) clustering is used to estimate the incomplete data. This approach calculates the
centroid vectors of the clusters and then determined the membership probability, and repeat this process until the optimum
solution is found. Then a new method is proposed to classify the repaired data and it has an outstanding performance.

Usually, classification problem can be separated into two phases: learning phase and classification phase. Many methods
dealing with incomplete data in classification problem have been proposed, but most of them only focus on the processing of
handling incomplete data in learning phase. For the incomplete value appearing in the classification phase, almost all of the
current approaches can not work. So handling incomplete data in both learning and classification phase is important and

necessary to be applied for solving the real world problems.

Key Words : Incomplete data, Reparation technique, UChoo, Data Clustering, Classification Problem
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Table 1. Training data set in example
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T o HAE

(a) Origin data set with missed attribute values.

Nd 281282 283 | Bw
1 5.1 ? 1.3 2
2 ? 3.5 1.4 2
3 4.7 3.2 ? 1
4 4.7 3.0 ? 1
5 5.1 ? 1.3 1
6 ? 3.5 1.4 1
7 4.9 ? 1.3 2

(b) (a) clolefel HAt=l Zo}
(b) Repaired result of (a) data set

AL | 581 | S8 2 | 54 3 25
1 5.1 3.5 1.3 2
2 5.1 3.5 1.4 2
3 4.7 3.2 1.3 1
4 4.7 3.0 1.4 1
5 5.1 3.0 1.3 1
6 4.7 3.5 1.4 1
7 4.9 3.5 1.3 2
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Table 2. Error rate(%) of classifying IRIS data with complete testing data
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0% 4.7 4.7 5.3
5% 5.69 4.7 5.3
10% 6.16 5.3 6.0
20% 7.7 5.3 6.7
30% 12.09 7.3 7.9
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Table 3. Error rate(%) of classifying IRIS data with 10% incomplete training data
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30% 29.4 19.3 21.6
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