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The frequent item list problem is the problem of, given a stream of N data items and a threshold 0 < o < 1 for the
minimum frequency, finding all frequent data items that have frequency above o, and it has many useful applications
such as network monitoring, text mining, and iceberg query processing. In this paper, we propose a space-efficient
two-pass algorithm called DoubleScan that exactly solves the frequent item list problem in O((1/0)log N) space
by simply running the approximation online algorithm called LossyCounting recently developed by Manku and
Motowani (VLDB’02). Then, we present theoretical and empirical comparion of DoubleScan algorithm and the
well known two-pass exact algorithm, called Partition, by Savasere et al. (VLDB’95), and show that DoubleScan

is superior to Partition in space order of magnitude.
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