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Improving an Ensemble Model by Optimizing Bootstrap Sampling
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ABSTRACT

Ensemble classification involves combining multiple classifiers to obtain more accurate predictions than those obtained using
individual models. Ensemble learning techniques are known fo be very useful for improving prediction accuracy. Bagging is one of the
most popular ensemble learning techniques. Bagging has been known fo be successful in increasing the accuracy of prediction of the
individual classifiers. Bagging draws bootstrap samples from the training sample, applies the classifier 1o each bootstrap somple, and
then combines the predictions of these classifiers to get the final classification result. Bootstrap samples are simple random samples
selected from the original training data, so not all bootstrap samples are equally informative, due to the randomness. In this study, we
proposed a new method for improving the performance of the standard bagging ensemble by optimizing boofstrap samples. A genetic
algorithm is used to optimize bootstrap samples of the ensemble for improving prediction accuracy of the ensemble model. The
proposed model is applied to a bankruptcy prediction problem using a real dataset from Korean companies. The experimental results
showed the effectiveness of the proposed model.
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