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ABSTRACT

A Study on Advanced Bagging Algorithm

Jeong-Yoon Yoo
Department of Statistics
The Graduate School

Sungshin Women's University

Bagging is one of the most effective procedure to improve the
performance on unstable estimators or classifiers. It draws bootstrap
sample, and then averages the resulting prediction rule. When using
unstable classifier, bagging reduce the variance of a classifier.

However, there is no guarantee that bagging will improve the
performance of any base classifier. When using stable base classifiers,
like support vector machines, it may even vyield a deterioration of
predictive accuracy.

In this paper, we propose new bagging algorithm to improve the
performance of any classifiers. The first idea is to aggregate the
bootstrapped classification rules that weight to reflect the predict
accuracy. The second idea is similar previous one. Instead of averaging

over all bootstrapped classifiers, we trim away those bootstrapped



classifiers that result in the highest error rate. Afterward, we perform
the same work previous procedure.

On the basis of real data experiments, we conclude that idea proposed
in this paper is performing well comparably to standard bagging when
applied to unstable classifiers as decision trees. Moreover, it yields better
results when applied to stable base classifiers, like support vector

machines.
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