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A Modified Bi-Measurement Central Index KNN Classification
Algorithm Based on MapReduce

WEI Zekun, XIA Jingbo, FU Kai, SHEN Jian, CHEN Zhen
(Information and Navigation College, Air Force Engineering University, Xi'an 710077, China)

Abstract:Big data era has a revolution on the data processing mode, and the way dealing with bigdata by
Hadoop distributed framework becomes one of the most popular research topics. Cloud computing model
of clusters covers the shortage of the large amount of calculation and time-consuming of traditional non-dis-
tributed algorithm, meanwhile huge amounts of unstructured data increases the difficulty of data utiliza-
tion. Aimed at the problem of solving the mass classification in data mining, this essay puts forward a algo-
rithm, 1. e. Bi-Measurement Central Index KNN Classification. And the algorithm mainly deals with in the
field of the cross or overlap data. First, the essay is to find center of training data, then calculate the Eu-
clidean distance between classifying data and training sites, and determine the most similar to the three cat-
egories. In addition, the essay selects k nearest neighbor points by the cosine distance metric, and com-
putes the results by MapReduce. Finally, the UCI database is compared with and verified. The results
show that though the amplitude of improving the accuracy by the proposed algorithm is not very great, the

efficiency of the algorithm is greatly improved.
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