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Abstract: As a hot topic in data mining society, rare class analysis (RCA) has been widely used in F RSS
various application domains including financial fraud detection, network intrusion detection, facility failure e 5 5 5 25
diagnosis, etc. However, it is not until recently that researchers have realized the impact of complex data
structures to the RCA problem. We propose a local support vector data description algorithm LSVDD for b R
RCA based on SVDD, which has the ability to handle class imbalance problem with the presence of class b REA
overlaps. Specifically, LSVDD firstly uses SVDD to get one-class classification model for each class and P XE

finds the concept overlapping regions between different classes. Then, the regions are locally trained using | zspy
SVDD again after attribute selections. Finally, the models for non-overlapping and overlapping regions are
combined to form a complete RCA model. Experimental results on artificial and real-world UCI data sets
demonstrate that LSVDD can improve the performances of RCA stably and effectively.
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