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Study on Concept Change in Data Streams Classification
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Abstract Data stream classification must face the concept of change. This paper introduced the definition and types of
conceptual changes in the data stream classification, the meaning and application of conceptual changes,and the methods
of conceptual changes in the data stream. Real data stream often contains a lot of noise, and needs to understand the
difference between noise and the concept of change. To reproduce the phenomenon for periodic data stream concept,

when “the concept of history” reproduces, the concept of prediction using a specific model of the data stream can reduce

the model update price.
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