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Spam Web Detection Based on Hybrid-Sampling
and Genetic Algorithm
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2. Key Laboratory of Trustworthy Distributed Computing and Service ( Beijing University of Posts and Telecommunications) ,

Ministry of Education, Beijing 100876, China)

Abstract: Spam web detection is of ten troubled by the problem of unbalanced data and high feature
space dimension. In order to solve these two problems, the ensemble classification algorithm based on
random hybrid-sampling and genetic algorithm was proposed. Firstly, a number of balanced training data
subsets is obtained by reducing the number of majority samples through random sampling and generating
minority samples by synthetic minority over — sampling technique(SMOTE) method. Then, the improved
genetic algorithm is used to reduce the dimension of training data set to obtain multiple subsets of training
data with optimal feature. Extreme gradient boosting( XGBoost ) is also used as the classifier to train mul-
tiple balanced data subsets, and so a new classifier is obtained by ensemble multiple classifiers with sim-
ple voting method. Finally, the test set is predicted and the final prediction is obtained. Experiments
show that, compared with XGBoost, the proposed algorithm improves the accuracy by about 19. 25% , re-
duces the time to build the learning model, and improves the classification performance.
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