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Studies on Scalability of Classification Algor ithm n Datam ning
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Abstract: Classification isone of the most mportant techniques in data mining, it has been largely applied in
many fields However, as the appearance of large anount of data, the existing classification algorithms do not
scale well, they cannot mine useful knowledge fram very large datasets quickly and accurately Thispgoer discus
ses <calability, gives an analysis and camparion of these algritms S that researchers and practitioners can
sale up their existing algoritms o catch up with the development of datamining technology.
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