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Abstract: The speed of data expansion is far beyond the ability of artificial analysis in the era of big data.Therefore,it is

particularly urgent and important how to build hot word discovefy and visualization mechanism.By studying the MapReduce

computing framework and TF-IDF algorithm under the Hadoop platform,this paper gives the concrete implementation of

the TF-IDF algorithm under the Hadoop distributed parallel.computing platform,and uses this parallel algorithm as the core

algorithm of the hot word discovery technology based on the big data architecture,and then uses the visualization tool to

display and analyze the results.The results shoWw that the TE-IDF parallelization algorithm can find the hot words in large

amount of data much better.Compared withiraditional single-machine algorithms,this algorithm is more efficient.
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Fig.2 Hot word discovery system framework
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