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Parallel Fp-growth Algorithm in Search Engines

HUANG Jian' LI Ming-qi' GUO Wen-qiang”
( School of Mathematical Sciences, University of Electronic Science and Technology of China,Chengdu 611731, China)®
(School of Computer Science and Engineering, Xinjiang University of Finance & Economics, Urumaqi 830012,China)®

Abstract Web log file is generated for the user history retrieval process, The paper studied whether the query words
and click on the link belong to frequent itemsets, and frequent itemsets mining efficiency under the distributed condi-
tions, Based on Hadoop framework, we designed a parallel Fpgrowth algorithm to mine the search engine web log, St
mulation results show that those query words and click on the link frequent itemsetss satisfying the given support are
prevalent in web logs, With the increase of the number of nodes in the Hadoop. the performance of parallel Fpgrowth
algorithm will be improved greatly. Thus,the mining efficiency of frequent itemsets is significantly improved. Simulation
results also show if the amount of data is greater.the improvement is more obvious.
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