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Demo of a Semi-Supervised Method Based System to Detect Advertisements from

QA pairs

Chen Xiusi, Li Xiaoyu, and Gao Jun
(School of EECS, Peking University, Beijing 100871)
(Key Laboratory of High Confidence Software Technologies(PKU), Ministry of Education, Beijing 100871)

Abstract With the development of the internet, the QA online communities take more important roles in acquiring
knowledge and solving problems. The users in these communities utilize the services to perform operations like asking
questions so as to acquire satisfying answers. However, some advertisers tend to post advertisements for some
commercial purposes in the form of answer content, which lowers the effectiveness of the whole system. We developed
algorithms to discriminate advertisements from normal answers, in which conventional machine learning methods like
Logistic Regression, Random Forest, Support Vector Machine, and ensemble methods involving these algorithms are

in our concern.
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