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Application of SVM in Imbalances Dataset
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(School of Education, Nanjing Normal University, Nanjing 210097, China)

Abstract: A training dataset is called imbalance if at least onc of the classes are represented by significantly less number of instances than
the others. The class imbalance problem occurs when there is significantly less number of observations of the target concept. Various real
- world classification tasks suffer from this phenomenon. The class imbalance problem has been known to hinder the learning performance
of classification algorithms. The support vector machine theory is based on the minimization principle to structure risk. Support vector

machine is an algorithm of machine learning that has developed during these years. Summarizes the state of the application of SVM in im-

balances data. Then' introduce some algorithms improved to get good performance.
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