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RESEARCH ON EFFICIENT WEB TEXT CLASSIFICATION SYSTEM BASED ON SPARK

Li Tao Liu Bin
( College of Computer Science and Technology , Nanjing Technology University , Nanjing 210009 , Jiangsu , China)

Abstract In order to solve the problem of low efficiency of KNN classification algorithm in training and test on a single computer when
facing the situation of processing massive Web texts, we proposed an improved Web text classification system without intermediate result
output, which is based on Hadoop distributed platform and Spark parallel computing model. Meanwhile, in order to take full advantage of the
computing power of Spark in iterative computation, at the stage of text vectorisation and on the basis of the traditional text feature weighting
algorithm of TFIDF, we made the full consideration on the information distribution of the feature items within class and between class and
proposed an improved feature weighting algorithm. Experimental results showed that this Web text classification system, in combination with
Spark computing model, has excellent performance in improving text preprocessing, text vectorisation and the performance of KNN text

classification algorithm.
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