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Constructing and integrating multiple classifiers based on diverse classification algorithms leads to an efficient
classification which can be flexibly applied to various classification problems. This strategy is known as ensemble
learning. However, it is difficult to determine the appropriate classifier because of the lack of interaction between
multiple classifiers. In addition, the performance of a classifier is often deteriorated due to overfitting caused by
hard examples which are difficult to correctly classify. In order to solve these problems, we propose an effective
ensemble learning framework by introducing the interaction between multiple classifiers. Through the learning

process, the classifiers interact with each other so that they can complement each other.

As a result, we can

determine the appropriate classifier according to given data and prevent overfitting by eliminating hard examples

from the training sets.
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SVM | C45 | NB | LR | IREFik
glass 89.3 | 97.2 | 944 | 94.9 97.7
ionosphere | 87.2 | 92.6 | 92.6 | 85.8 93.2
iris 95.3 | 93.3 | 96.0 | 96.7 95.3
optdigits 98.1 97.5 | 91.3 | 96.1 98.3
pendigits 98.2 98.7 | 85.8 | 95.5 98.9
segment 92,5 | 97.8 | 80.3 | 94.9 97.3
spambase 91.2 | 94.8 | 79.5 | 92.6 95.1
wdbc 97.0 | 96.3 | 96.0 | 95.6 97.4
wine 96.6 | 98.3 | 97.2 | 97.2 98.3
yeast 55.6 | 56.3 | 56.9 | 59.1 58.7
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SVM | C45 | NB | LR | #RETFik
glass 63.6 | 729 | 53.7 | 60.8 76.6
ionosphere | 69.8 | 70.4 | 72.7 | 68.1 78.6
iris 74.0 | 66.7 | 72.7 | 69.3 74.0
optdigits 76.5 | 73.0 | 72.2 | 74.7 77.4
pendigits 76.7 | 74.7 | 68.0 | 73.3 78.4
segment 73.6 | 71.2 | 55.6 | 72.6 76.3
spambase 72.3 | 69.0 | 68.4 | 73.8 73.4
wdbc 772 | 68.4 | 76.3 | 75.8 77.5
wine 78.7 | 714 | 73.6 | 73.0 75.8
yeast 43.8 | 424 | 44.7 | 46.3 47.2
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# 30 B EBIC X 208k (%)

glass | iris | spambase | wine | yeast
THAH | 97.7 | 95.3 95.1 98.3 | 58.7
BWAm | 95.8 | 95.3 94.7 97.2 | 58.0
Hiay | 96.3 | 95.3 94.6 98.3 | 59.2
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