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Finding Recently Frequent Item in Distributed Data Stream
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Abstract Traditional method of mining frequent elements in distributed data stream tends to result in excessively com-
munication within layers, and bandwidth is bottleneck. To minimize communication requirements, we propose a meth-
od of sampling from distributed data stream basing on data density. We mine frequent items in this data stream that are
composed of sampled data. In the aggregated data stream, we only deal with the recent data. The proposed method
counts the elements with hash-based approach and can handle both insertion and deletion of item counts. It is named
FFIDDS algorithm. Through experiment the FFIDDS model is shown outperformed the HCS model in communicational

load and processing time,
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